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Analysis of Combined Yeast Cell Cycle Data by Using the Integrated
Analysis Program for DNA chip

Young Lyeol Yang and Cheol Goo Hurf
National Center for Genome Information, Korea Research Institute of Bioscience and Biotechnology, 52
Eoun-dong, Yusong-gu, Daejon 305-333, Korea
(Received : 2001. 10. 20., Accepted : 2001. 12, 14))

An integrated data analysis program for DNA chip containing normalization, FOM analysis, various kinds of clustering
methods, PCA, and SVD was applied to analyze combined yeast cell cycle data. This paper includes both comparisons
of some clustering algorithms such as K-means, SOM and fuzzy c-means and their results. For further analysis,
clustering results from the integrated analysis program was used for function assignments to each cluster and for motif
analysis. These results show an integrated analysis view on DNA chip data.

Key Words : DNA chip, expression profile analysis, integrated data analysis program, function assignment, motif
analysis, Matlab
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Table 1. Main functions supported by integrated data analysis program

2 =R A8E A48 28 Y 22 Zzodane
HEH(Matlab ver. 6.0, MathWorks)S 7 1;1_- o A]HEJCJ s}
m, o] ZEIAWNN Ad=E V)7
2z}

B Z2a0E ofgd %@' “ff/‘ ]= ‘:Jr
o121
E5 FOM Z4&
el M £2 ANE E Zr‘- ;,l':z °4~r
A8 Eo&He AgxEg FHIA
means/SOM/Fuzzy c-meanss}h P.'-;L —Ei 1 —L‘.ﬂ_f_, 3 517
Frh ojske WEE PCAE FAE £48 =3 44 4F
HelE Eo] o9 FHde] ExHo dertd g 1S
2 % slod, Fold YHelse A%t AT
AolEisl 27 o= A= 2 EASe) 2UALE 7

HE ¢
2

it
o
o}c'.
u o
H.
=
= ¢
a
BT

Zo) #lA, F
7} AR89 %,
HS 1%6
18 g o]E o
] HC/K~
A £

jineA
N2
in¥
L,
o
=2
E
o}r’.
f|.[
rfﬂ'
=
o‘I A _L

=}

o‘:'j L ﬁ
o J]Ol'

o>_". FlO
L

HolHel| EAghe S2awe] Aed g A

= 3tk SVD B4 2§44 WEAZ 4

o] 2l FAANEY U FEE AFLYLEA 7EY FH
2By o] AFelR] Rehe HERE A ‘Lﬁhﬂ =k
E =RAME 712 dEd Zxe A EZF74d DNA

2 28 5T dlojgZ -3 (hup: //genomc -www.stanford.
edu/celleyele/datajrawdata/combined.txt), FOM £4.& 251
HAHY d1ElEe Asvlm 2 4 ALy F3,
328% 259 Mz 8 2d299 75T 2 pH=
X ZRs AT ARy AZFV]) Y By =g
o]lHE 47)¢] T2 wMi(centrifugal elutriation, alpha-factor,
Cdel5, Cde28)oll thek Al7be] wa A=Eu|9 delels} Gl

= fe ofy rlllll

cyclin Cln30, B-type cyclin Clb2pE A}E-3F GI"”“Y] FELE
(induction experiments) H|°]&7} EFE o] glow, = 61787

AR ) 777 ABEANA L FEHYoElE TS
otk o] wlelE & 7770 270 g8 ZE HolHE o
3 e FEAE 50902 B =RoAe 77 & zﬂ, 5097
FRAN E LR HelHE A% BAsgs LR9 44
Zpd) gigt 71% BF= MIPSS] Yeast ORFe gt Functlon
cataloguc (http://mips.gsf.de /proj/CYGD/db/index.htmD) = w5k

Functions

Purposes

Comments

Normalization

Normalization of expression data

Row/column/(row&column)

Hierarchical clustering(HC)

Clustering data into dendrogram

K-means cluslering

Clustering data into K number of clusters

Hard cluslering

Sclf organizing map(SOM)

Clustering based on neural network

Fuzzy c-mens clustering

Clustering based on fuzzy set theory

Fuzzy clustering

Principal component analysis(PCA)

Multidimensional scaling method & visualization

Singular value decomposition(SVD) ] . .
in geneiic networki

Finding characteristic modes and some interacting genes

Supports genetic network analysis

FOM analysis

Comparison of clustering algorithms and cstimation of
the number of clusters in dataset

Cluster validation method
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Tahle 2. Function catalogue of yeast ORFs in MIPS
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Function classification

Metabolism

Energy

Cell growth, cell division and DNA synthesis
Transcription

Protein synihesis

Protein destination

Transport facililation

"Cellular transport and transport mechanisms
Cellular biogenesis

Cellular communications/signal transduction
Cell rescue, defense, cell death and aging
Toinc homeostasis

Celluar organization

Transport elements, viral and plasmid proteins
Classification not yel clear-cut

Unclassified proteins

Number of ORFs Abbreviation(in this paper)
1062 MET
252 ENG
8§33 CGW
787 TSP
357 PST
586 PDT
310 TPF
495 cTP
205 BGN
133 CCMm
363 RSC
123 HSS
2254 -
116 -
150 -
2437 -

(This dala was based on the resulis in MIPS on Jun 22, 2001)
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Figure 1. Results of FOM analysis with regard to three clustering
algorithms such as K-means, SOM and Fuzzy c-means.
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Figure 2. Average pattemns of each cluster in K-means.
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Figure 3. Hierarchical clustering of each cluster in K-means clustering.
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Figure 4. The number ol genes in each cluster(K-means clustering).
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Figure 5, Expression pattcrns of overall genes in each clusler

(K-means clustering).
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Figure 6. Schematic workflow for the function assignment to each
cluster after clustering.
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Table 3. Significance(-logP) of each [unction within each cluster(K-means clustering)

o TPF TSP BGN CTp RSC PST PDT MET HSS ENG CGW CCM
C1 0.02 091 0.02 0.04 0.03 0.03 Q.05 0.08 0.01 0.02 0.07 0.01
C2 0.39 1.00 0.26 0.63 0.46 7.93 0.83 1.34 0.16 0.31 0.58 0.17
C3 0.43 1.12 (.94 0.85 0.44 0.50 0.83 0.66 0.18 0.35 1.84 0.55
C4 0.53 1.99 0.44 0.63 1.37 0.89 0.66 1.33 0.46 3.22 1.04 0.34

G5 0.97 0.96 1.96 0.60 0.49 0.67 0.70 0.87 0.23 0.70 0.68 1.02
C6 047 1.18 0.31 0.74 0.55 13.64 0.57 1.03 0.19 0.37 1.25 0.20

_ <7 2.30 1.25 0.32 0.53 1.47 0.56 0.72 0.81 0.54 0.39 0.77 021
C8 0.05 0.12 0.03 0.08 0.06 0.06 0.09 0.58 0.02 0.04 0.65 0.02

9 0.46 0.51 0.19 0.44 0.45 0.33 0.65 0.93 0.12 0.23 0.57 0.13

C10 179 0.71 0.29 0.85 0.44 0.50 0.77 0.73 0.57 0.44 1.19 0.19
Cll 2.18 2.31 0.57 0.88 0.90 1.42 0.79 1.70 0.50 1.69 1.47 0.54
C12 1.58 0.75 0.54 1.14 0.34 0.33 0.45 0.58 0.12 0.23 0.57 0.13
Cl3 1.00 0.70 0.81 0.57 0.89 0.47 0.67 0.77 0.51 0.43 0.72 0.24
Cl14 1.58 0.75 0.19 0.44 0.45 0.33 0.55 0.58 0.69 1.07 0.57 0.13
Cl5 0.62 0.44 0.10 0.24 0.17 0.17 0.97 0.44 0.06 0.12 0.44 0.06
C16 0.79 0.76 0.44 1.25 0.72 0.89 0.73 0.80 031 0.47 1.01 0.86
7 0.32 1.54 0.21 0.51 Q.44 0.36 0.60 0.59 0.13 0.25 1.06 0.64
Cl8 1.14 0.79 0.67 0.63 0.72 0.57 0.66 0.80 1.52 0.47 0.83 0.34
C19 0.44 0.71 0.29 0.59 0.67 0.50 0.57 0.73 0.18 0.84 1.08 0.19
C20 0.10 0.49 0.89 0.16 0.11 0.11 0.56 0.45 0.04 0.08 0.26 0.04

(The shaded blocks have lower number of genes than expectation frequency)

Table 4. Significance(-logP) of each function within each cluster(SOM clustering

| _TPF TSP BGN CTP RSC PST PDT MET HSS ENG CGW CCM
Cl | 045 0.87 1.09 0.53 0.77 0.39 0.47 0.66 0.14 027 0.72 1.39
c2 0.69 1.25 0.88 0.79 0.63 0.56 0.57 0.70 0.54 0.39 0.99 0.21

G 0.52 1.31 0.34 0.82 0.60 14.08 0.57 1.76 0.20 0.41 0.88 0.22
C4 0.49 0.71 0.72 1.10 1.11 0.78 0.78 0.76 0.27 0.65 0.78 0.46
C5 0.39 1.69 0.26 0.63 0.44 0.44 0.73 0.65 0.16 0.31 1.21 0.58
Cé 2.52 1.94 0.58 0.71 0.64 3.29 0.73 0.97 0.74 0.86 0.86 0.46
Cc7 2.62 1.38 0.65 0.65 0.71 0.92 0.73 1.79 0.32 0.91 1.47 0.35
Ccg 0.78 0.64 048 191 0.44 0.44 Q.51 0.65 0.16 0.46 0.67 0.17
C9 0.84 0.19 0.05 0.69 0.09 0.08 0.14 0.49 0.03 0.06 0.20 0.03

C10 0.20 0.50 0.13 0.31 023 0.22 0.44 0.88 0.08 0.16 1.05 0.80
Cll 0.10 0.49 0.06 0.16 0.11 0.11 0.18 0.45 0.04 0.08 1.00 0.04
C12 1.07 0.83 0.45 0.77 0.60 0.8 0.62 0.97 0.20 2.61 0.38 0.22
C13 045 0.537 0.23 (.45 0.44 0.79 0.60 1.09 0.14 0.47 0.92 0.15
C14 0.45 1.37 0.44 0.57 0.92 0.61 1.67 0.71 021 0.43 0.74 0.23
Cl5 0.44 0.93 0.24 0.46 0.43 0.42 0.49 1.34 0.62 3.22 0.99 0.16
C16 085 | 057 0.21 0.44 1.35 0.36 0.60 0.69 1.50 0.25 0.57 0.14
C17 4.13 0.77 0.50 0.62 1.41 0.86 0.65 1.35 0.92 0.61 0.76 0.33
C18 0.49 1.25 0.45 0.78 0.99 0.56 0.59 1.59 0.19 2,70 0.65 021
C19 0.45 0.87 1.09 0.65 0.44 0.44 0.47 1.18 0.14 0.27 137 0.62
C20 0.20 0.68 0.13 0.31 0.23 0.22 0.81 0.59 0.08 0.16 Q.66 0.08

(The shaded blocks have lower number of senes than expectation frequency)

8] A% o|2ld] YDLO41W, YFROS6CY} Fuzzy c-means®] 7 FeizHd WEZ 247305 debd Zeltt Agd b

2= YARO09C, YBRZ19C7} MIPS wlolE#o]2dAE 7)% Zo] SOM, Fuzzy c-means Z22EHE #Wd tsjyz §Y

of BFeeiglA AL & Ao oid AHS=Z 2 g BReE 4% 4 Urkdata not shown). 37FA B4

A Bagelth 181, TBP(TATA binding protein) ZE]Z7} logPe] Zko] K-means

=7 vdd F49 BHE FExE
7t gei2Ey frdAdee] wHdEs 7 HCE &
4 Zeisae) A9 FAAES HAY fAASUS Fd
DAS dendrogram B2 o A8 B 4= glA Hrkdata
not showr).

Table 7-¢ K-means S8 ~E YL dojxl Axd i3] z

lT

o] AL 535(Cll), SOM=2] 732 4.59(C6), Fuzzy c-means2]
A% 543(C16)Z SARo T So)o] =) VERgTh o
Z7re] Z8)2H 7)%-& TPF(transport facilitation) B =]
AAT BAH 94 388 FHe gg ERY 28
3707 g 2EE Uy ofE 7 Ze2He BHE E
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Table 5. Significance(-logP) of each [uncrion within each cluster(Fuzzy c-meanc clustering)

TPF TSP_| BGN | CIP | RSC | PST | PDT | MET | HSS | ENG | CGW | CCM

cl 0.69 0.79 0.32 1.14 0.57 0.56 0.59 1.59 0.19 0.78 0.65 0.2]
c2 | osl 0.57 0.49 0.59 0.43 0.42 0.59 0.79 0.15 0.29 0.70 0.16
c3 | 039 1.00 0.26 0.63 0.46 9.00 0.83 1.34 0.16 031 0.67 0.17
C4 | o4 106 0.28 0.67 049 | 1321 | 053 143 0.17 0.33 1.12 0.18
cs 0.44 125 0.45 0.79 0.63 0.56 0.72 0.71 0.54 1.95 0.84 0.21
C6 1.60 0.83 0.34 0.77 0.62 0.46 0.96 0.80 0.53 0.43 0.65 0.22
1| 002 0.06 0.02 0.04 0.03 0.03 0.05 0.08 0.01 0.02 0.88 0.01
cgs | 022 0.64 0.15 0.35 0.26 0.25 0.76 0.81 0.09 0.18 0.62 0.09
co | 043 1.12 0.94 0.8 0.44 0.50 0.83 0.66 0.18 033 1.34 0.55
Clo | 054 0.75 0.83 0.86 0.92 0.61 0.58 0.93 0.21 122 0.93 0.50
cl1 2.58 0.67 0.28 1.30 0.44 0.47 0.57 0.70 130 0.33 112 0.18
ci2 043 0.59 0.28 0.67 0.69 0.47 0.53 0.92 0.17 0.87 0.85 018
C13 0.34 1.44 0.23 0.55 040 | 039 060 | 0.66 0.14 0.27 0.72 0.62
Cl4 | 045 0.87 0.51 045 0.44 0.39 0.91 0.74 0.14 0.27 1.82 0.15
CIs 0.61 1.56 1.90 0.98 1.22 0.69 0.60 0.85 0.24 111 0.69 0.48
Cl6 | 263 136 0.49 0.79 1.40 1.17 0.77 0.90 0.41 0.57 0.80 0.43
C17 1.39 1.00 0.44 0.57 0.84 0.49 0.60 0.76 178 0.44 0.79 0.26
C18 0.44 0.64 0.48 0.63 0.71 0.44 0.73 126 0.16 2.26 0.67 0.17
~C19 3.17 1.05 0.43 0.92 0.82 0.72 0.62 1.08 0.49 0.44 0.71 027
C20 | 049 0.62 0.59 0.44 0.29 047 0.43 0.57 0.10 0.20 0.60 0.72

(The shaded blocks have lower number of genes than expectation frequency)

Table 6. Genes assigned to protein synthesis within cach cluster afier function assignment of each cluster

K-means clustering SOM clustering Fuzzy c-means clustering

Clugter 2 Function Cluster 3 Function Cluster 3 Function
YCRO029C-a Unknown YBLO27W PST YARO09C Unknown
YDLO41W Unknown YBR084C-a | PST YBR219C Unknown
YERO74W__| PST ] YBRISIC | PST _['ycrozoca Unknown
YERO75C CGW YCRO29C-a Unknown YERO74W PST

YGLI47C | PST | YDROG4W [ PST YGL147C | PST

YGRI18W PST YERQ74W PST YGR11SW PST

YGR214W PST PDT CGW YGLI147C PST YGR214W PST PDT CGW
YIL148W PST PDT YGRIISW PST YIL 148W PST PDT
YKLOSIW | PST [ vGrat4w  [PST [ PDT CGW | YIR02TW Unknown
YLRO48W PST PDT YIL189W PST YKLOS1W PST

YLR333C PST YIR145C PST YLRO48W PST PDT
YLR344W PST YKLO31IW PST YLR333C PST

YLR388W PST YKR094C PST PDT YLR344C PST

YNLO67TW PST YLRIBSW PST YLR38EW PST

YNRO53C Unknown YLR333C PST YLR406C PST

Clusier 6 Function YLR344W PST YNLO67C PST

YBLO27TW PST YNLO6TW PST YNRO53C Unknown
YBR(084C-a | PST YNRO53C Unlmown Cluster 4 Function

YBRISIC PST YOR234C PST YBLO27TW PST

YDROIZW | PST YPLI98W | PST | YBROB4Ca | PST

YDRO25W PST . YBRI18IC PST

YDRO64W PST YDRO25W PST

YFRO56C Unlnown YDRO64AW | PST

YHLOOIW PST | YHLOOIW PST

YIL189W PST YJLIS?W PST

YIR145C PST YJR145C | PST

YEKLI130W PST ) YKLI180W PST

YKR094C PST PDT YKR094C PST PDT
YLR185W PST YLRIBSW PST

YLR367TW PST ‘ YLR367TW PST

YMR306W MET YOLI120C PST

YOL120C PST YOR234C PST

YOR234C PST YPL143W PST

YPLI43W PST ) ) YPL19§W PST

YPLI9SW | PST | | \
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Tahle 7. Significance(-logP) of each motif within cach cluster(K-means clusiering)
cl|czjc3|ca|cslee|cT|csl C9 |CI0|C11|CI2 | CI3|C14 |CI5|Cl6|Cl7|CI8| C19 | C20
ABF1 0.7710.7110.8310.99 | 0.88 | 0.77| 1.06 | 0.69 1.99]0.91 1.66|2.28|0.86|1.08 | 0.68]0.960.88 | 0.95 1.0510.71
ACE2 0.66 |0.66|0.91|0.89|0.84 |0.76|0.720.63 1.24|1.22|1.04|0.81|0.76|1.08|0.71|0.88 | 0,76 | 0.84 | 0.70| 0.57
ADRI 0.981.04|1.11|1.24|1.11|1.08|1.02[0.99;1.06|1.20|1.26|1.03|1.17 | 1.13 | 1.13 | 1.41 | 1.10| 1.17| L.77 | 1.06
AP-1 0.9510.73|1.06 | 1.05|1.17|0.80) 1.06 0.89\0.89 085 |1.10|0.86 |0.90 | 0.87|0.75]0.93(0.91 | 1,02 | 1.00 | 0.70
ATF 0.59(1.51/0.88(0.91(1.24 |0.67|0.79|0.79 10.65|0.59|1.35|0.75|0.71,1.32|0.76|0.79 | 0.71 | 0.79 | 0.75 | 0.49
BAS2 1.18/1.38(1.40| 1,39 134|124 171|111 1.23|1.18| 1.89|1.41| 1.28 | 1.30 | 1.64 | [.47]1.90]2.62 | 1.50| 1.89
CPF1 0.26/0.23 | 0.43|0.52|0.69 | 0.30{0.35]1.10 1 0.39[0.46 | 1.58 | 0.78 | 0.68 | 0.44 [ 0.21 | 0.45 0521051 10.3910.54
CSRE 0.00|0.00]0.00(0.00|0.00{0.00]0.00 0.00]0.00]0.00|0.00]0.000.000.00]0.00]0.00]0.00|0.00 | 0.00]0.00
CuRE 045(1.11]0.571.06 | 0.58 | 0.47 | 0.58 | 0.44 | 0.81 | 0.65 | 1.12 | 0.54 | 0.68 | 0.79 | 1.76 | 0.66 | 0.67 | 0.86| 0.81 | 0.41
ECB 107100 112411471 1.071.35(1.45(1.11]1.00{0.96{2.09|1.01}1.05{10510.87|2.48| [.11{2.16]|1.000.86
GAL4 0241022044 0.58|0.46(0.28[0.33[021]0.37|1.58(0.69]2.79 | 1.14 [0.35[0.20 | 0.53 | 0.30 | 0.49| 0.44 | 0.19
GC/FAR 0.40|0.44|0.60(0.75/0.58]0.71 | 1.03]0.35]0.60|0.48 | 1.03|0.62 | 0.77 | 0.98 | 0.86 | 0.57 | 0.57 | 0.84 | 0.60 | 0.30
GCN4 172113011491 1.62 11641137139 1.30|2.49)1.43|1.73|1.68 | 1.47 | 1.521.30 | 1.64{1.66 | 1.79] 1.71 | 1.28
GCR1 1.10(2.16|2.45|135(1.29|1.66|1.17|1.56|1.20|1.34 | 1,77 ]1.70]1.28 | 1.22 | 1.21 | 1.72] 1.26 | 1.36 | 1.20 | 1.05
HAP1 0.03]0.02|0.04 0.83/0.05|0.03|0.04|0.02|0.04|0.03[0.11|0.04|0.99 [0.04|0.02 | 0.06 | 0.05|0.07 | 0.04 | 0.02
HSTE 1.08|1.26]1.06|1.67|1.69]1.35{1.05|1.01|1.14|1.06|1.64|1.20[1.73|1.06|1.01|1.35| 1.35| 1.56 | 1.48|1.27
LEU3 0.01]0.01]0.02|0.04]0.02/0.01(0.02|0.01{0.02|0,02|0.05|0.02|1.270.02|0.01 |0.03 |0.03|0.04|0.02|0.01
MATalpha2 0.62|1.08/1.07|1.06|1.54|0.94|0.71|1.620.73|0.66|0.95(0.79| L.11 | 0.81 | 0.64|0.790.77 | 0.91 | 0.79 | 0.59
MCB 0.59|0.57|6.61 | 0.87 |0.98 [1.04 |0.71 093 |1.04|0.65 | 1.42 |0.71 (2,07 |0.75|0.89 | 1.59| 1.48 | 0.90| 0.77 | 0.54
MCM1 0.710.74|0.83(0.95 | 1.38 | 0.88 | 4.50|0.66|1.03 | 0.86 | 1.04 | 0.87|0.94 | 1.24 | 0.69 | 0.86 | 1.53 | 1.38 | 1.02 | 0.64
MIG1 0.32]0.29|0.44 | 0.6] | 1.41 [0.37[0.73|0.2810.48|0.440.76|0.49 | 0.47 [ 0.47 | 0.27 | 0.85|0.90 [ 0.93 | 2.34 | 0.24
MSE 094|076 1.00{2.13]0.90(0.97|1.52|1.31(1.01/0.80|1.19/1.04|1.01|0.93|0.76|1.27|0.92|1.03 | 0.91 | 0.98
NBF 0.58 |0.68]1.05|2.04|0.69|0.57|0.65|0.47 | 0.66 | 0.73 | 0.83 | 0.72 | 0.66 | 1.08 | 0.47 | 0.68 | 0.67 | 1.76 | 1.12 | 0.45
ORC 0.15]0.6310.26 0461029 (0.18 | 0.21|0.6410.5010.19 | 0.64 | 023 | 0.46 | 1.10|0.13|0.86|0.4510.7210.50|0.12
PDR3 0.13/0.12|0.21|0.80|1.78|0.61 |0.57|0.11|0.19|0.16|0.66 | 0.20{0.25 |0.19 | 0.11 | 0.28 | 0.26 | 0.44 | 0.19 0.10
PHO2 0.000.00|0.00 | 0.00 | 0.00{0.00|0.00|0.00|0.000.00|0.00|0.00|0.00|0.00]0.00]|0.000.00|0.000.00]0.00
PHO4 0.6410.8410.7610.86|1.08 | 1.4711.7210.59]0.51)0.72| 1.2610.72|0.8210.71 10,58 | 1.09|0.79| 0.88 | 0.75 | 0.97
PPRI1 0.00 {0.0010.00|0.00 {0.00]0.00(0.00|0.00|0.00|0.00{0.00|0.00|0.00|0.00 | 0.00|0.00|0.00|0.00 | 0.000.00
PUT3 0.1210.10]0.19 1.43 | 0.52 | 0.13 | 0.16| 0.10 | 0.17 | 0.63 | 0.44 | 0.18 | 0.22 | 0.58 | 0.75 | 0.25 | 0.24 | 0.45 | 0.17 | 0.09
RAPI] 0.64(2.90|0.76 | 0.941.66|1.45]1.22|1.1110.76|0.67|1.03|0.77 | 0.80 | 0.74 | 0.67 | 0.84 | 1.04|0.86] 0.76 | 0.57
. REB1 0.45]0.44(0.71 10.82|0.59 | 0.48 [ 0.57 | 0.44 | 0.57|0.86]0.77 | 0.57 | 1.5] | 0.84 | 0.69 | 0.65 | 0.82[0.71| 0.57 | 0.44
repressor_of_CARI 0.09]0.08|0.61|0.48|0.58[0.10]0.12|0.08|0.14|0.11 | 0.37 | 0.64 [ 0.57 | 0.65 0.08 | 0.20| 0.1§ | 0.26 | 0.64 | 0.07
RLMI 0.00 | 0.0010.00|0.00 | 0.00|0.00 | 0.00|0.00}0.00|0.00{0.00|0.00|0.00 | 0.00|0.00|0.00 |0.00|0.00 | 0.000.00
RMEI1 0.00|0.00|0.00 | 0.00 | 0.00 [ 0.00 | 0.00|0.00|0.0010.00|0.00|0.00 |0.00 | 0.00|0.00|0.00|0.000.000.00|0.00
ROX1 044|043 |1.58|0.69|0.57|0.55|0.47|0.43(0.50|0.630.960.58 |0.571.76|0.44 | 0.58|0.700.87 | 0.85 | 0.44
SCB 0.91]0.83]0.83 094 /0.92]1.57|0,73|1.26|0.86|1.15|1.16|1.41|0.93|1.01|0.77|0.93|0.87 | 0.89 | 0.86 | 0.86
SEF 0.40|0.440.60 | 0.66| 1.18 | 0.46 [ 0.45 [ 0.44 | 0.60 | 0.48 | 0.830.62|0.77 | 2.04 [ 0.45 | 0.57 | 0.57|0.73| 0.46 | 0.30
SMPI 0.0010.0010.00(0.0010.00{0.0010.00|0.00!0.00|0.00|0.00|0.00{0.00|0.00{0.00}0.00|0.000.00|0.00,0.00
STE12 1.7712.02|1.04|1.17|2.67|1.11 129 | 1.04 | 1.12 | 1.49| 1.34 | 1.36 | 1.12| 1.0} |0.92| 1.66| 1.12 | 1.25 | 1.61 | 1.16
STRE 0.861.07/2.47|3.721.46|1.50 1 0.880.80|0.90 | 1.06|1.35|1.11|0.99]0.90 1.25]1.43]1.69|1.15|0.95|0.87
SWI5 1.1411.13]1.20(2.17| 1.18) 1.68 | 1.02 ) 0.87 | 2.07 | 0.94 | 2.7412.25|1.06)1.24 | 1.32 | 1.10] 1.07 | 1.13| 1.31 | 0.86
T4C 0.55(0.17|0.32|0.45 0,44 0.22 026 0.58 | 0.47 | 0.23 | 0.53 | 0.29|0.81 | 028 | 0.16|0.42 | 0.44 | 1.01 | 0.47 | 1.39
TBP 1.12[3.15|1.26 037 |1.32 |4.26 | 1.65 | 1.22 | 2.65 | 1,73 | &NUM! | 1.56 | 1.57 | 1.33 | 4.37 | 1.30| 1.44| 1.70 | 1.66 | 2.38
___ TEA1 0.1210.10]0.19]1.43 1 0.52[0.13|0.16| 0.10 | 0.17 | 0.63 | 0.44 | 0.18 | 0.22 | 0.58 | 0.75 | 0.25 | 0.24 | 0.45 | 0.17 | 0.09
’ UASINO 0.46(0.27|0.44|1.91 0.56|0.45|0.40|0.26,0.43|0.830.78 043 |0.45|0.43|0.49|0.60|0.46| 1.06]0.44 | 0.22
UASPHR 0.8310.95|1.58| 102 (1.03({0.83|1.36|1.19[0.90| 0.83 | 1.09|0.90| 1.06 | 0.86| 0.81 | 2.35| 1.18 | 1.12 | 0.98 | 1.25
UASRAD 0.14|0.13]0.23]0.43|0.48|0.16|0.54 [0.67|0.21|0.17 | 0.46 | 0.22]0.27 | 0.53 | 0.68 | 0.46 | 0.47 | 0.44 | 0.52| 0.11
URSRHR 0.0110.01|0.02|0.04]0.020.01|0.02|0.01|1.37]0.02|0.05|0.02|0.02 | 0,02 |0.01|0.03|0.03|0.04 | 0.02 | 0.0}
XBP1 0.00|0.00|0.00 | 0.00 | 0.00 [0.00 | 0.00|0.00|0.00|0.00 | 0.00|0.00(0.00|0.00|0.00]0.00{0.000.00]|0.00|0.00
(The shaded blocks have lower number of genes than expectation frequency)
A AnES oA A %{l FHAHY 75T EAET A A7) st ACHhttp://cgsigma.cshl.org/cri-bin/jz/getfactorlist). 3}
dolzl SR B B Feawd dad ASAA B AW TASHS 50T YEe felgel EI Fel ¥
o] 3% 37}11 8287 Wy 2R didl RAPL 54 ZHZ BAAE £ So4e 2= EETL Ug
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