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Integration of Gene Expression Data and Locus Information
Using Hidden Markov Model

MAKOTO KANO," SHUNPEI ISHIKAWAft and HIROYUKI ABURATANI!

In the field of bioinformatics, integration of various types of biological information is essen-
tial. Particularly, integration of expression profiles and locus information should be effective
in detecting chromosomal structural abnormalities such as genomic gains and losses. We
describe a new method based on Hidden Markov Model (HMM) for detecting chromosomal
abnormalities. This method has two features: 1) probabilities of state transitions depend on
distances between genes, 2) observable outputs are continuous quantities. We applied this
novel method to gene expression data extracted from lung cancer cell lines and confirmed its
effectiveness compared to conventional methodologies.
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Fig.1 Expression from genes to proteins.
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Fig.2 Genomic gains and losses.

goboobobooobooboboobbobooboog
goooobooboobooboobobobooo
gooo0ooOooooobooboooooobooo
goooooooobDoobooboooobobobo
Jo0oodooooooooooboobooooo
god0oOoboooooobboOoboooOobooobo
J000oDO00obOoOoboboobOooobOoooboooo
gbbooooboooo
goboooobogobobobobbooboboboo
00000000000 dComparative genomic hy-
bridizationd CGHI¥'0 CGHOO 0O”000000
godbooobooobooboobobooboooooo

oooooooooboooooobooooboooboOoo

1000000000 10M (bp)DODD0OOODOO
000000000000000000000000
00000000000 1000000000000
0000000000 00000000000000
00000000000D0000000000000
003G (bp) 000000000 DO 2000300000
00000000000 30,000000000000
0000000000 00000000000000
00 2000000000000000000000
000000000000000000000000
000000000000000000000000
OOONCBI®OO0DO0O WebOOODODOODOODO
000000000000 000000000000
0000000 0000000

000000000 Lessd0000000O0DO0
09000000 Gain00 0000000000000
ODOo0'Y0030000000000000000
000 LossM OO0 OO0 Normal [ O O OO0 Gain
000000000000 000000000000
0000000000D0O000000 fold changedO
00000000000 0000000000000
000000 fold change 000 DOOOODODOD
000000000000 00000D000000 2

gboobooboooobooooooooooboooboooooooo 55

0.1

=3
=)
=3

! e L0SS
4 i —=— NORMAL
: —+—GAIN

S|
AR
°”'“?“ﬁQTu :XJ&MhAw

bt
=)
=

o
1)
2

EREEhizES

-1.5 0 0.5 1 1.5
fold change®*}#fiE

03 0O0O0O0O0O0O0OO0ODOOOO0OO0OOOODOOODOO
Fig.3 Histograms of changes in gene expression by
chromosomal states.
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Fig.5 State transitions when nodes are bases.
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Fig.6 State transitions when nodes are genes.

W 1 0 O
W = /1172) ) A: 0 )\2 0
Wa 0 0 A3

0000 WO AODODOQODODOO00
ooooooooo

Q=WT1TAW
00000000 S 0000001000000
S; 0000000 ¢,;() D0000O0Ooog Q)
00000000000000000000

Q) ={a;;()} =Q" =W 'A'W

1 0 0
DoooA' =] 0 A, 0
0 0 N

oooUoOoOoooooooooooooooog
O0l—-cc000D0QUODO0O0ODOD ADDOODDOO

w1
A = @' = | | =
w1
000 o 00wQ=w; 0000 Q000010
00000000000 0O0b0O0o00O0b00o0ooO0ono
oooooono
w1 = (i1, W, W3)
1
= —ocﬁz—I—ﬁw—i—va(ﬁw”m’a&)
23 OJO0O0OOOOO0O
gooo0obo0ooboooboooooooobDoon
000000o0o0000ooboo0o ek OOO
Oodbg000D0O0D0O0O0O0O0On e,bOOnOO
00 X, 0O0Ok—-10000000 g 00000
goooooo [, 00000boo0o0oooooon
00o0oo0o0oooooo NOOoOooooooooo
000000 Ey00000m<n00000000



58 gooooooooooooooo

ooooo
E) ={em,emt1,- €l En_1,€n}
00000000 0000000000

0oo0o0 ¢4, 00000 g, 00000000

000 X2 000000000000
X0 = { X, Xong1, -, X1,
000O0Xx,0000 ¢g00000

00000000 EY00D00D0O00DO0O000DO

oooooPX{,EN)00O00O0OO0O0O0O0OO0OOD

00 XN O ViterbhiD OO OOOOODOOODODO™0O

000000000000 EfFO0O0D0O0O0OKRDOOO

000000 §;0000000000000000

0000000 &) 0000
(@) = max P(X; ™, Xk = Si, EY)

1
0000000000 §;00000 00000

0000000000000000000 ()00

0000000 ¢0 ¢p(j) 0000

0 ViterbiDOO OO OO

(1) 000 4(=123)0000 6()0 ¢o(d)

ooDoog
do (4) =w; o(j) =0

(2) 0000 g(k=1,2,...,N)0000 j(j =

1,2,3)0 0000000000000

S(4) = max [0k—1(2)qi; (L) |bj (ex)
wi(j) = argmax| -1 (i)qi; (Ir)]

7Xn717 Xn}

(3) DOODOO0OO
P = maxdn (i)
Xy = argmaxdy (7)

(4) 00000D00O000000O000000000
k=N-1,...,10000000000

Xk = ¢ri1(Xpi1)

2.4 0000000
000000000000000000000000
0000000 ENO0O000DO0O0000000 g
00000 X0 S, 0000000 P(Xk = Si|EN)
00000000000000 Ef000O0O kO
00000000 S;0000000000 Fe(d) OO
k000000000 S, 000000000 EY,
0000000000 Be(d) 0000000000
000000000000000000000000
ooooooo™o

June 2004

Fr(i) = P(Xy = Si| EY)
Bi(i) = P(ER 1| Xx = Si)

00000000000

(1) 000 (=123 0000 FK(G)ooooo
Fo (j) =,

(2) 0000 ge(k=1,2,...,N)00O0OO j(j =

1,2,3)000000000000

Fi (j) = lz F“(z')qij(zk)] b (ex)
(3) OODODOOOOO
P(BY) = Fn(i)

0o0000D0O0O000

(1) 0004(i=1,2,3)0000 By(:)00000
By (i) =1

(2) 0000 ge(k = NN —1,...,1)0000

i(i=1,2,3) 000000000000

Bio1 (i) = 4is(1)bs (ex) Bu(j)
(3) ODOOOOOOO
3
P (BY) = @iBo(j)

gobooooooboodoboooooobooooooa
oooooooooooo

P (X = Si|EY) =

25 00000000
00000000000000000000000
EMOOOOOO0OO0DO00000000000000
000000000000000000003000
00000000000000Lossd Gain 000
0 Normal 0 00 OOOOEMOOO00OO0O0000
000000D000000000000000000
0000000000
(1) 0000D000D000000D00000
000000000000000000000LossO
GainONormal ] 0000000000000
(2) O0OO0O0DOO0OO
000 20000000000000000000
ooo



Vol. 45 No. SIG 7(TOD 22)

(a) Loss, GainOOOOOOOOO
(Loss00DDO0DO)

= i ka(l — a)*
k=1

lim Z ak(l —a)f
k=1

. 11—« n+11 }
Jm {55 -0 G
_l-a (F0<l—a<1)

«

Q

> (Cakl)

(b) LossONormallGain0O0O0O000000O0O0O
gooooboooooboooooboooooooooon
ooooo

Loss : Normal : Gain = (17 : ya : af2

000 Obioinformatics 0 000 O00O0O0O0OOO
goooooooooooUoooooooooooo
gooOoo0oOoooOoooooooOooooooo
O0o00ooooooooooooooooooood
O000o0oooooooooOooooooooo
00O0oo0ooooDOoOooOooOooooooooon
O0000oo0o0o0oOoooooooooooood
ooo

3. O O

Affimetrix 0'Y000000000 OO0 GeneChip
U133ABO0O0000O00000D000O00 6000
0000 10000000000000000000
0000000000000000000000000
00000 D0O000D0DO0OD Expression Imbalance
Mapd 00 EIMO?000000000000060
00000000 2200000000000000
000D0000D06x22=1320000000000
0ooo0ooooooDo

3.1 00000D000000000000

00000000000000000000000
000000000 0GeneChipU133AB O 0 44,592
00000000000000000000 12,4850
00O0oo0oo0O0oOoooooo
(1) 000D0DO00O0O0ODOO0O0O00O0OO0O0 20,423
0 m
000000000000 4000000000
00000000000000000 40000

gboobooboooobooooooooooboooboooooooo 59

(2) 0ODOODOODOOODO
O(l)ooooooooUoUoooooooooo
00O000D0BLASTO build313’0 0000000
goboooooboliooboobboboooobobooo
gooo0o0o000oobbO0obOoo0ooDoO 12,485
gmooooo0obobooooooooboobooo
gooboOo0o0o0ooboobobobooboobbooo
gboobooobooboobobbobboboo
gobooboooooobobooon
(3) fold changeO OO DOOOOO
Mooboooooobobooboobooooog
0000ooooooo coooooooooo fold
change 0000000 O0ODODODOODOOOOO
Jgoo0ooOoO0o0oOoDoODO 20000000 SN
gooboooboboboooooboooobooo
Joo0ooo ¢c=200000000000
( foldchange0O OO 0O)

(00D00D00O00)+C
S(CoDoooooo0n)+C

3.2 DO0OO0OOoooboOoOooo
gooooobobooboooobobboboooobo
0O CGHOOOOOOoOUUoouooooooooood
Vysiles)EI Genosensor 3000 000000000
60000000 000OoobDoooooboooDboo
gooooboobooooobooboebbbOoOoOoboO
000010000000 300Loss/Normal/Gain
000000000000 1Mbp OO 500kbp0
00000 GeneChipU133AB O OO O OO O fold
change 010000 3.10 (3)000000O00CGH
goboooooobooboobooooooboobboo
O1MbpOOOO5000 310 (1)000ooon
0O GeneChipU133ABOO 00000000 41900
J00000o0odbo0o0o0o0obDOonoD OO precisiond
recalll fvalueD 00000000000

000 (Loss/Gain)
000000 (Loss/Gain)

000 (Loss/Gain)

CGHOODODOOOO (Loss/Gain)
2

1 + 1

precision ' recall

precision =

recall =

fvalue =

3.3 J00OOoOoooooo

EIMOOOOOfvalueO0O0O recall0 00000
O0000ooO0ooooooooooo 200000
00o00oOooo0ooooUooooooooooon
0000000 700Loss:Normal: Gain 0 000
03:4:3000000000LossO000 GainO0O



60 gooooooooooooooo

01 CGHOOOOOOODOoOoooDoOoOoODOOO
Table 1 Experimental results of CGH array and

expression of genes in the neighborhoods.
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Table 2 Results of predictions by EIM.

recall  precision  f-value
EIM f-value Max 0.65 0.41 0.50
EIM recall Max 0.76 0.31 0.44
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Table 3 Specification of the machine.
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Fig.7 Prediction results by expectation value of the

length of chromosomal abnormalities.

—&— recall

- precision

—— f-value

20% 25% 30% 35% 40%

Loss / Gain $RIsi 0 S A L3R

08 0O00OO0ODOOOOODOOOOODOODOO
Fig.8 Prediction results by ratio of chromosomal

abnormalities.
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Fig.9 Visualization of prediction of chromosomal
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Fig.10 Macrograph of chromosome 1.
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