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Predicting Protein Kinase-Specific Phosphorylation Sites Using Second-Order
Hidden Markov Models

Student: Chih-Kuo Yeh Advisor: Shinn-Ying Ho

Institute of Bioinformatics
National Chiao Tung University

ABSTRACT

Protein phosphorylation is an important mechanism of posttranslational modifications
and it plays important roles in regulation of essential cellular processes such as metabolism,
cell signaling, differentiation and membrane transportation. In the past, laboratory
identification of phosphorylated proteins and phosphorylation sites is usually tedious and
cumbersome. Recently, large-scale methods -of ‘two-dimensional gel analysis and mass
spectrometry techniques were applied to efficiently ‘detect phosphorylation sites. However,
experimental identification of '‘phosphorylation sites is still expensive. Therefore,
computational prediction of phosphorylation sites with their specific kinases using protein's
primary sequences can provide a_crucial selection step to reduce the number of candidates.
HMMer using first-order Hidden Markov Model' (HMM-1) with the Plan7 architecture is a
conventional tool for prediction of kinasesspecific phosphorylation sites and the prediction
accuracies of HMMer are 82%, 74% and 82% for existing data sets of the important kinases
PKA, PKC and CDK, respectively.

From the analysis of HMMer, this thesis aims to propose an improved algorithm
iHMM using the second-order HMM (HMM-2) with more context information of sequences
to advance prediction accuracy. With the use of Bayesian Information Criterion on the
selection of model parameters, iIHMM tries to avoid the known over-fitting problem when the
sizes of data sets are not large. This thesis established 18 data sets of annotated kinases family
such as PKA, PKC, CDK, etc from the Phospho.ELM database and Swiss-Prot database. The
performance of iHMM is compared with those of HMMer and the conventional HMM-1
using 5-fold cross validation for 30 independent runs. Simulation results reveal that iHMM
can improve the average accuracies of HMMer and HMM-1 near to 4.3% and 3.6%,
respectively. Furthermore, this thesis investigated the advantages and disadvantages of iHMM,
compared with those of HMMer and HMM-1.

Keywords : phosphorylation, kinase, Hidden Markov Model, Bayesian Information
Criterion
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—)~~§= =1 e; ®/

Tee

Y

Y
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%h 'g‘-;’r’}"iﬂ N LIS
FoR AP RALRY HofE oo R P A v Bope B PV}'KJH’A,\ ’3%’}5 TP s
o o o %*‘?‘]P’L— I]%FE?E e KR B ol Z ﬂ\p AT g H m/;fﬁq Sl mﬁ}’}ﬁf{“ i B A

- BRE o
$ZF 21 EBHFH HMM enRiZe = 2 o &4 w4 2 HMM-1 4 Profile HMMs Fr
HMM-2 722 HMM # @@ * hi 5 f235 » @ fgt 815 6 265 HMM-1 # HMM-2

S EEl S SPE

Fe R B AL AG RN HMM 20 12 - 4 HMM ¢ 7 5 € 1838
FEEE 8L A E WP o e o 12 2 {HMM 4 % HMM-2 £ BIC &4 > 1

RS TS 1Y

FIFLFHRBEFEUD e RAPFFTHRIEE LR > U E oP IZR G o
o B fs Vi - HMM-1 > HMMer » 1HMM~ B2 0 I AR cnA 529 Ap B (4 Boert
e £ ¥ 0t PKA TS 0] 0 AR 1 BN VB T 2 K ik i

B RS T Rh e R TP AR KR LR ] 2



F oY OEFAAAE

\ |

2.1 F-v Jcfircnk 5F

A% b R AR RN R R F Rk - R L4 a2 ERER G T
AAEE FG A o fH R SR Ao Az A5 AE ]%L W (active site) © FHEF @
77 BERORR X TS E % (binding domain) § %J%”;P*T foX B & Bt F (catalytic

domain) B B X FF & s f B F e AREpE? » Bt sﬁ&{% Tig & % -
e ooa b8 U ’lE' 53 Svi*m”’f# u%lrFF* Pra -ty s PE R o Fv Jips

v

A et A 0 € d9 Fehlh g fh(serine, S) ~ gk fik(threonine, T)& it & f&( tyrosine, Y)

AR EB R »w‘rﬁ? (Bipeis ) > BaS AR R IR 30 Tehrt il o 3o jps

T i g fj&(S) A ﬁg‘(T)'frﬁéé ﬁ&(Y)ﬂ’%},};ﬁ&lL Al TGy 223 LR ’ﬁ [ e IFE A& e

By A e gtz o kA r‘*f}&méﬂ\ FosptpER A R mi&ﬁ*

(superfamily) ¥2 ‘e g Fhijpeps{od v cTmipe S pE 2 £ 7872 B [6] - 1988 & c13pF iz Steven

K. Hanks % * 45 & %% (eukaryotic cell) ¥ #hj-v jfiz s = 7 % # AGC > CAMK -

CMGC » PTK 42 ¥ #g[7, 8] » @ #3537 G. Manning % % &5~ ¢ [9] » Pl & 3 F-v jps

8 I AR B~ B AR IR o fed B b chE A R S AT Bk 2 Fod e

FERE

I.  AGC jepis 72% ¢ KT 1 & % & e _PKA ~ PKG fr PKC = #&§fix - AGC jcfis 2+t
P bk MR AR D0 B BRpRIM A& * 20 & 4 (arginine, R)feif & fé(lysine,
K ensh § p(S)it 2 AT 2 o

II. CAMK i 325 1 AT ¢ 3 7 [CaMK ~ MARK % 25 % jicfis » CAMK jjiefis 80t fis
ek IR R RS B R I B AGC Beps 7 EAPAT o

III. CMGC jcfi* 32% © & T 1& ik 2 #74 CDK - MAPK ~ GSK3 fr CLK % i #f >t fm ¥
WP E v o BEAL T 0 Bofa a0 IERRg (proline, P)MiT sk g pR(S)ER 1 g g pa(T)
Foo

IV. TK e 3251 AT ¢ 3

V. TKL jifis 325 0 AT ¢

VI CKI jicfis 72 © A

VIL STE jifis 328 © AT ¢
J&(cascade)sijgcfis o

2.1 Jov ikt it
Ea ;‘}i’ﬁiﬁf%’# AF S ER o L @RS o BV IR h B R o BB e i
EfrakiMER » §vPEME 3R 0 o &L%ﬁ’* BFAp gy

*Wv T AT R PR S S b6 M F TR S R et e g

%QJJ’LZFE'mf#—J}W/Fﬁ“m& %44,——,%}1mp ]‘i[]o

TR hFe TR AE e G 5? F RN B 0 FiFawE 2%2 30 o

5 EPRTI B B PGS) B p(T) 2 fe & FR(Y)ShphpL it chy B e B AL

w5 £ o B bl g Bepa st g e 2 R AR g LT sk

'#' ® 3% e &7 (transformation) = F Bk o H ¢ 2 TK jfe 7258 wie 5L 85 M >
38 S NCTLER A TR Sy A NS etk = R W R ;‘;{i—ﬁﬁ&?"‘ Rag e & A o

L h AR R BTG R R DTS R R L C el A BV A2E 70965

4

7 EGFR-INSR 4r SRC % 5 ie % 30 g fe(Y) chigeps o
%7 MLK ~ LISK ~ IRAK -~ Raf » RIPK 4v STRK % ijcfiv -
47 CKI~TTBK 4r VRK % 3F 5 jicf -

%7 MAP2K ~ MAP3K ~ MAP 4K % 2 MAPK 2 = %55 &

(ﬂd\



L e B6, 10] -

¥ AT B Pwre v fis 0 2305 4P chfit 2 % (catalytic scaffold) » — &2t
¥ WAl S AT R R B RORR » BORALE R T %
(downstream) ¥4 ip [6] ©

Bv P AL FRME BT DA BRSO A W AR R R Rl R
Fat kB R B A B 0 A Bk R R B B o AT Fev fFhii e fRenF
o ifaﬂ‘u& ATP F engipe i # 55 4 fe(S) ~ kg (DA feg (YY) A Y end §
FRF e P B RPN R AR AR IR Al Y o Bed R A B R EPE A F
EXII FETFE R E OG0 A

PR LI A AR ) Tk B R

2.2 36 B

FORRP AR R e B R TR LS MR B B TS L B R
fuos e %k —Ff] ok H o pk ’«‘rjl H %A A v B s (cyclic adenosine monophosphate
dependent protein kinase)> 3R 38 ¥ AL 5 PKA> £ 2 Filmbe §-v Jefissit P 5 - B* X
Ay S RBLE T Z BB ab]F > L5 - LAPM efE R > L R BUF Ak B(S) 0 &K
3 B(T)) » &2 Alw?e P 2 (cellular processes) » & 3% i &&(transcription) » F7F % 3%
et B e PRE Rk d o

2 AR enken EEEF S Y A e 0

W 2.1: PKA = 584
(% iR & _Protein Data Bank http://www.rcsb.org % %. 2CPK)

B 2.1 %R Z Protein Data Bank (http://www.rcsb.org) %% 2CPK - %_d Knighton %
L% g ke PKA = m B [11] 0 ¢ B L d PyMol 1 E & 4
(http://www.pymol.org ) e 4c®] 2.1 » T chigfp s + a8 B ®# > ] N-mpo & N EN
lobe) » & - B 1 % BT fo— B A o B33 F s helix aC o C #E(C lobe)& -

5


http://www.rcsb.org/�
http://www.rcsb.org/�

B~ ¥ &g ¥ 1% %k o ATP (adenosine triphosphate) #_& ./ % » chB P » (= ¥ =3
$$‘W’(bw)ﬁ%ﬁMfﬁ2ﬁ ﬁT*cé%&&ﬁ@%’ﬁl?& &5
¥ % 7 glycine A B (motif) (GxGxyG)izA iyl ¥ £ f g (V)& L ¥ p 5 i
(phenylalanine,F) - 4 % f4(glycine,G)7% & 3%k ATP ergipe 2t % 372 % F 2 e
IR AL P AT T 4 NRaR FAKES 2 - AL ATPehFRT H %
F(G)ARRE P IRz d 38y > T 10 Ru | A3t s o ATk > -

gl d g e 4 A KT IR Sz B o

§AAR ARG B s il g ATP Sy BRI BT - Y R
Tk §_ “activation loop” > £ i % % 20-30 BA A - HET - BT L8 FRTAR ?fr PKA
B EF Lendev Jefv > v pe s T R BAREREL T eho E IV TR OREL T ® U 4R
Ll afest @ g q)d Fr X FRRE -

PKA i it R & it X8~ F - BEE 240 & A a0 [ jgpr 2w (kinase
core) |+ FfE I BTG v FEEIRE G R RETH &N A o FATP 2 P i
peptide & 7|)% & » & ¥ ¥ ATP  chmipe A& D) 5 & fA(S) ~ #ra pa(T) 2 fe 4 pa(Y)
A e s e A - B B 2 - B B ATR S 400 Bl - BF
zer I SRR RS - wﬂz PSR T A A o

}FW@i#%%@i%&’ﬁf@l%%mmﬁﬁ#msﬂ %%ﬁﬁ% >
Bl B =0 (allosteric effectors) e4p 3 2 & Tl I fmPe ¥ 45 o § Jefie 3 510 &2
WA Tk 2 B gk R TRt F R A o Bl R G R X Rk
(isuline receptor kinase, IRK) & = WA ZTB Y\ 7% A AL L 2 0 e (C RE T o i A
fait e iy > B RIB IR A FL R o) ‘*f*-t] fefr 5 PR3 F D B E o hpiphi !
B SV RAEFELP OHHBT VR B —F:}'.q.r,bk’lgl_le’]t#""O,’f_r_ ) i
IRK> &3 e N 515 0 bl Bdpdrde B A e @+ & Asp—Phe—Gly ﬁi»
PG EE S e R R

2.3 T F-v FfEmph it Nz}

B0 EPEEERERE R T B U R - RARERE B BIRRESEAT
G4 o A PRT e PR TR 1 B 45 E FR(S) ~ FRA FR(T)R FRE FR(Y)iH S B )
R j%q%l%] 27 lﬂ;ﬁéi% i £ 1522 01 B 7] B & (sequence logos) b 3 B fitAR Y o Bt B
7B % H_d WebLogo a1 2 (http: //weblogo berkeley edu [12] )A 4 %k - BB % & -
#8754 Shannon 3 2 f’i,\,?]'r Cengpe B KRR KR ARG F* DIF ] = -
'[?;%’-4 R A G AP EFL”'F' ot b &7 &_7'3 By aFgaR ki B
B3 “K:"K 2RIk~ B AL o B Shannon 3L B B ﬂkq\logz 20=4.32 bits 4p k&
&r% 7R i I"'_gl_'q‘ (RSN Iﬁamﬁ;‘ﬁ IR— %k 0 B3R E_0bits > iz B @A d Schneider %
1990 #41 ﬁﬁ[B]oﬁfw*ISlﬁ#ﬂﬁﬂ@ﬁwﬂWgﬁ%?HﬁﬂﬁT%:’ﬁ35?%(&T)
A Bt X AT B EE T - BRAR e B REAPT LA
7] PKA fi=§ -2 v -3 e > £ 5 B4 5 ¢ M £ fh(arginine, R) {rif & i
(lysine,K) > @ PKB #i=% 33 > &3 AFHFEIMHFZHR) > Lzl -5 g
FABIEF € NI BR) foif & fr(K) ok # 30 i TR T 2§ hIE R
- BIE & i o

'
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Z 2.1 39 FpERERL T chim B BT 1

JcpE ¥ EYE

PKA (R/K)-(R/K)-X~(S/T)
PKB R-X-R-X-X-(S/T)
PKC R-R-X-(S/T)-X-(R/K)
PKG R-(R/K)-X-(S/T)
CaM-KII | R-X-X-(S/T)

CK1 S-X-X-(S/T)-X-E-S
CK2 (S/T)-(D/E)-(D/E)-(D/E)
CDK (S/T)-P-X-(R/K)
MAPK | P-X~(S/T)-P

ATM S-Q

EGFR E-E-X-X-Y-V

INSR D-Y-M-X-M

SRC E-(E/D)-X-X-Y




=g 22
BB d IR P B &AW M(decision tree) ~ & #F w & % % (support vector
machine, SVM)H 3 3pA e (neural network ) % & 5 ipd 2 2 A fEA7 Fag Al as
MERRPELR B A cRiRAA B A APPSR R4 HMM 2 R EF L AP S 2 &5
il m@w & 3\_@* FAAAEARM GRS 5 HMM £ § § LB AIZER A 7L
fod R RIS M oA B ER KRS %"—ﬁxﬁl—*F’“P ¥ TR T 5 A
THEBLpE M, FR A R IEF HMM 5 4 en3pip] = 02 > & W 818 e
HMM-1 = Profile HMM f= HMM-2 -

3.1 First-order HMM

HMMs & - B#5 "UREPEPF L L o- BAFHE > B A Ed g B50
B 7] chis fif’fu;ﬁ cHMM $i#raifd Fpsise o @i it s &aofe » LAR 7 2 i
A E - ZHCEId S BRERFE RIS - BARPIAINEE T A48 ¥ - BA
YLBLIRI T m":s’.#ﬁf Pl plcF P R EFLHE- B HMM Eridede R i 5 R EH
WE ook GBI = AP FEL T e > A8 A B &7 0 1 A=(AB,n)
# £_HMM #73 ehddieanf &£[14]

(1) Acdetk i 48 5
AR E L AT VR RRE R s
b= BA =P, =) k&F ’1331&5%27: =1 B 5]

El

(2) Ak RE A5 48 5

SRR - BER AT RS T LRy Jﬁrﬁ%ﬁgé{i@%ﬁ'ﬁ i 5
R en® st Rz FFend@l 8 4 7 0P cn S R 4 o 1&_&5? F— 48 A=[ajlne B %

7 0 B¢ _P(qt_s G =S;) > #7 Ak Kgﬁﬁzau—hf'[”f&am#’
K- RGN FES DT BRES T AR 1o
(3) sk fs LRI 5

ARSI RS BREBRZINER éwﬂﬁw L BcE - A E
B={b,(K)} k%7 > #+ b(k)=P(v,at t|q,=S;) > &= ingb K)=1iz1B# %2
#1 o

3.2 Profile HMM

Profile HMMs & - 4 " 6 3 -4 | eh 5 & B 7| 478 H jis(statistical models of multiple
sequence alignments) > v & & F £ A 7 i E - T 4B 2 (position - specific)
PF I @ 455 B R F 2 (conserve) > 14 % A Ak ch4p i 44 o Profile HMMs %_d  Anders
Krogh » David Haussler % 4 & % B4 VR 272 F 5 L3141 %354 45 [15]
BRa et F P Krogh/Haussler % 4 ¥ 7 £.% - B * HMM - jife + %5 » HMM
g g% 7 g #p ] 1989 & o Churchill & % - =% HMM * & & F A %3



(heterogeneous DNA) A 7| suE #01 [16] o 2 $ & = L £ F| A 4v# it cHDNA & F-v FF
?leér: ﬁ,\ﬁ,’|@m§]‘i)}}—¢\,{i’§“}'ﬁt’ xe‘.rr?;ljbb Hom Krogh m’/‘vi{ T
e F15 HMM HsE 22§ & @ % 5 £ B 5 ¥ B LM a0 profile = 2 i
FPFMEEEFENE - RAHEF - 4oB 3.1 - 4@ 3 > Profile HMMs 3 = i 31 & gk
i~ %) §_ match (M) - insertion (I)fv deletion (D) > @ 3 cndded % € B 7\ Ha
%k o HMMer & H ¥ 3 ¢ 0 profile hidden Markov model - i 1 £ 425 [4] -

W 3duPlan7 S

HMM £ - %35 )N < 49 Ben s 7 lssia 4540 4 § 4 0 2 - Profile HMMs % #c
T LT RIS E R E S Hog a2 ¥ Plan7 2 ]&m#gjﬁov M ZEF NS P ogg
Z 15 > R@ profile HMMs d S 5ificenfe & % L/gi_?: e frﬁﬁﬁ_mﬂ#ljﬂ - ik, H
- a2 HMMer A" Az B i@ £ B 3 - i3 B > B L3328 _HMMer
ﬁ%]%?"ﬁﬁﬁﬂ’?ﬁii%ﬁﬁiié”ﬁi PRI R > FF - RERF ZRETARIELAE ¥
ﬁﬂ»%pﬁﬁﬁigﬁﬂﬁi?wéﬁé“ﬁwn&A?vﬁumﬂﬂmliﬂﬁiﬁ

TR AH T E NG HMM R UL LR - 5 g o ¥ - fﬂ;—irﬂh—«iProﬁle
HMMs 4\5{1 * HMM-1 % sc 3 38 3| fic33 h4p B %%ri(hlgh order dependency signals) o
@3.11@’4¢\M3KJM4L_HMM1%“’ +#°F‘F%@ﬁ’_ﬁ-’*ﬁ}"~k1jﬁ?;{’l’
oo FAPE M3oM4 Bt kF o Bl AR LW L RoM3oM4 B A
M2—-M3—-M4 B & D2—>M3—>M4 > A A ,’}_?7}' g??; G s it ‘E“‘JL L’I‘JIE—E{”}; 252
A {3 * o

3.3 Second-order HMM

HMM-2 £_HMM-1 0 & » ¢ 22 HMM-1 sh £ 5] to30 % i 45 5 5 0 & HMM-1 @
RS G P R B - BRGS0 A & HMM2 ¢ R GRS S L B
B EE - BREMG o v R GRS AL Az{a,)

Uk_P(qt—S 10 =S,.0, =S) Rk ¥7F 1=i=N, I=j=N EH 3 e @4

Z%w4 BB LR BN A AR EHD > q AT AFFE AR ek R
1—]5 yHMM-1 et i A5 48 % - = wenset NxN » @ HMM-2 % i 45 8 & £ -

9



Bz NxNxN o # - 3 HMM-2 2§ 5§ - e fs SxS 2 FE W
HMM-1 > & 87 7 ffc HMM-1 § 3§ 4ck e8P > 4o% § &40 order » 3T #1472
FOACERL BRIGET ALY £ BT § AR BT G SR NS TS S T R

higm A sl ® 1997 & Jean-Francois Mari & A &~ ¢ [17] #r# i+ > B 3.2 &
HMM-2 g4 > B 3.3 £ B 3.2 4% § cn HMM-1 > &5 B S5 Hen s Ui ih 5 3
Hiple $ter > 4 A S01 % S1> S12 ¢ S22 %3+ 825 S23 #7 833 %3 S35 834 £
SAc FEAPEFERAT LR AEBP I RE SR EHP > AP RITTRIPEE G R D
%%’L o
@ S1 :U‘SZ‘ > S3 9
W 3.2: & 4> HMM-2
a222 a333
B 3.3: HMM-1. £/ #-7|
mFE g Tt —;Lii\;m’ﬁ ip 1@ E A 0 HMM-2 % & v HMM-1

1% [18,19]° # + 5 -}' T E IO E B 4o higher-order fh3eh ] AR kAxE & o
¥ TR RS9 %P5 higher- order HMM v 17 24 HMM-1 #7% it 73| enE F 0 F 5
higher-order HMM s #4835 2 5 ¢ 54 70— B A Bk fiom = %ﬁ%*ﬁﬁé S [
B b ot 4 i erufk i o higher-order HMM # 123t i@ 38 HMM-1 2 5 eh % dicd i {4F
i) o NP E 44335\57% { 4F F2en@ {5 2 F 3 (contextual information) §T 84 24 i 45 )
TR Feu ,;fﬁia R > ¥ de{EH o

34 A HHE

AR A R s AR FAIH e RLAESORE FRPEETR
£ AP R TIES o ¥ HMM hgdic ) }_“Wb o - R R O—<01»02a ,Or>
BAR - i AR Q=<q1,0a,.. 0> 0 B HMM Lo S e v st B iR R T

i

P(Q | /1) ﬂ-ql 0,0, Q2Q2 o .aQT—IQT (1)
T

P(Q.0| 4)= 7, b, (0D 2 obx (O) @
t=2

10



Fodk et iy ¥ (i peend d) HMM-2 — PR B S T e &

P(Q | /1) = ﬂQl anQz anqus h 'aqszqTfqu (3)
P(Q’O | ﬂ“) = ”qq bql (Ol)aql% S} (O )Ha ~29t-1G¢ bqt (O ) (4)
B AR S E R T i A R dede &k EA PR PO )
% LL’E‘&?& g3t 5 ¥ HMM *? % - BAANFE > B E AT APT ] B R
#](dynamic programming ) = ;% % $-ig K% > alpha S#cet B F ¢ 3.5 & ¢ 5 Hwh
P(O|2)=2 P(0]Q,2)PQ]|4) (%)
Q
N -
PO )= a; () (6)
i=1

BRI A B 4 B8 8 Liep Profile HMMs— 2 HMM-1 22 iHMM35 8 5 #
log-oddse4 #c ¥ % » log-odds 4 #c & _* kTG i B 74 ¥ R & #3] (null model)
oo Ed HMMA 2 o ix i A #icx L 5 log-likelihood ratio » i& B o 3% 4 i 2 3¢
(7) e tegt 23 ¢ P(O|A,) &R 5| tepositive HMM ¢ e % o PO | Null) 8 5] & p #
B o & HMMer 7 0 m it £ el fiei — B ik 5 HMM ok a2 e e

o

RIS F A e gt ang ’*W*a&ﬁ& PREE S o B (HMM ¢ 97ig * chp 2R
W bliA 300 2 p A FAKA S HMMer R 48 o
score = logM (7
P(O| Null)
% 3.1:p AR il e IR e
gi—éi’—kﬁg‘: A 2N % Ei—’t‘éﬁ’i 2 2k :15\: g&éﬁ’i A AN ,12\, gi—éi’—kﬁ/}‘ 4 AN e
g Bk S s PR S g PR S s PR S
A 0.083534 G 0.070123 M 0.023504 S 0.070339
C 0.014532 H 0.022714 N 0.041622 T 0.055862
D 0.052473 | 0.0572 P 0.05025 \% 0.065857
E 0.061821 K 0.052905 Q 0.040249 \\% 0.013155
F 0.039814 L 0.098249 R 0.055901 Y 0.029897

score i 11 A~ B4 5 2 #o &7 HMM fﬁ%ﬁ‘ﬁ FAREY R AP 5 A F e
o B b dkikT BRI M {g BB > F 2 Rehkh Bick o BV A e A7 € e
fait o dodk - BATHR | E R F I PA Bt L LHFHEER G 0 PN PR ER A
positive » & 2_iz 1% B 71| §_ negative o

35 BURE &
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A T RRRMES hh b [T UEART A R R ORAMR DS L
1 3] 20 BB 1 [5] = 20. AP £ positive #4£+ OF =(OPV, 0P, QPO ... 0"®)

27 k ERF > X P BREIER T ;I:;ri I =T ® 53 4p k4 fe(independent and
identically distributed , i.i.d.) » # ¢ OP® =< Q™ OF® OF® ... 0P > 47 % k iFd =

4w X E R L T4 B 7| (observation sequence) > # ¢ Of eX o @ Az 4reh HMM
$ B A=(ABm)2 T o FI S S A Sl fE2 5 likelihood

PO|4)=]]P©12) (®)

Ba SISl R T DB A A2V Y £ & e ipAmy Rk
I EH- 2 HMM %8 IA=(ABr) @ #5139 7 pe i 5 (likelihood) + #«
PEMF A REF - G R EMRFTDMEPFT PR IBDEL S o T RDT R A

N
A" =argmax [ [P(O"" | 1) 9)
A

i=l

HP gy iE k=~ i F B E (expection maximization algorithm, EM algorithm) & - & &
2o KRR AB L PRI 3 d(maximum likelihood estimation, MLE) i o U e & #

e

o I LR E - B A e Sl
# 3 2:E-step » A 24 3 e @uxiliary function) Q(2,2) =Y P(Q|0,2)log[P(0,Q | 1)]
Q

# 28 3:M-step > 1955 R S B2 S E AP E o A= max Q(4,4)

H AR SRR S =A 0 REEFHH 2830 F P eacs

EM % 5 i P % 2 A 22 MLE $ 4 »257 2 > ¥ %35 — = afp % (iteration)
- 24 P(O|A)2P(O[A) ° % HMM-1 42 %32 ¢ ot sdice 4 Baum fov ke
g Ao U e B 2 B Rabiner [14]2 5 (345 0T8> A ig42 A E 451 % Rabiner #%
~ 3@ 9718 o Baum-Welch %# & &% & /2 » Baum-Welch ;% & /# 1 & 38 * forward
probability (alpha & #c) §2 backward probability (beta &n#c) *:i& {7 ¥ € & » forward
probability §2 backward probability ¥87 14 * # f L]( dynamic programming ) = & %
FfEo FOERIPFEAPY HRE gamma S BT oxi Sdke v PR AN AT

(1) alpha J#Kc
#L.P :alpha S0 > i 4% forward probability » % % AHCAI A AT 0 g 3] 0:0,...0¢
FEPER t R ARE 12T oA A PR RIHPOIA) g F T od

N

¢t forward % & £¥ > PO =) o ()
i=1

% ¢ a,(i)=P(O0,---0,,9,=5; | 1)

A e oy (i)=7b(0)),l =i=N

12



e g, ()= Zat(l)a” J(Ot+l)

(2) beta
P beta ¥ o i f£ 5 backward probability > % % AR A AT o L AepE Rt PR
Ry 12T 'F—]iJ Ot+10ts2...07 e 5 o
& ¢ :Bt(l) = P(Ot+1ot+2 "'OT |qt = Si’ﬁ)
TS ,BT(i)—l 1=i=N

hiw 3 B(i)= Za” (OB (D EET-LT2, L LISI=N

(3) gamma 3 #c
PP gamma 0 #c 0 i f 5 forward-backward probability » A 7 AHCE] A KT o Rt
R R ERE S S
T4 1y ()=P(q, =S, ]0,1)
I 7t(i)=M

PO[4)
(4) xi Sk
PO ATARAART ARt RGBS IR E s S
Tk &3, )=P(q, = Si> Ui = Sk 10,4)
i g~ Dab 08RG
P(OJ4)

d e G o Ap R ARG E S
N

7. ()= th(i, ),
j=1

3

Baum-Welch %-# € & /7 & 2 > E'F%%r* b 7] alpha - beta ~ gamma §? xi Si#k » i
|]'L‘—F‘J-_’g_l; O J-j,ﬁ!f—h N 2 ¥rE & HMM rTJKQ'{ » B I ‘1{&(1 L

T = 7 () (10)
Z]ﬁ(i)

- Z§t(l )

a; = (11)

7:()

WM" 0

PNAC))
b, (k) = *2=— (12)

ij)

13



2 HMM 2 AR AP Je B eh Baum-Welch Jf 872 » ki AP BUR Y

[20]c 27 &3 {3 E AP Y BEIAR ) gamma So¥k ~eta S#E? xi S T P en
ER A {zr"f

(1) &3 =alpha & #c
PP talpha Gvdc o i A5 forward probability » # 7 &HAI A AT > 7 3] 010,...0;
FEOrEER -] PRt P B R Ak R k2 T e
& a,(),k)=P(0,0,:-0,,q,, =S;,0; =S | 4)
4 ¢ a,(, ) =2b,(0,)a;:b (0,),1 <i=N

i~

—fuk} fa (J k) Zat 1(] k)aljkb (Ot+1)

i=1
(2) 48 B hbeta B
P D beta e 0 i L %L backward probability » & ¢ A HA A AT 0 & ApFRF t-1 o
PRt Ak i iRk 2T 'ﬁ ] Ot+10¢t42...07 e
& ¢ ,Bt(i» D= P(Ot+lot+2 "'OT | Qe =Si50, = Sj:ﬁ)
et B, j):l
i 3L AN Zﬁm > k)a”kb O )

(3) 4 B eheta S #c
i%‘ . nt(ia Jak) = P(qt—l = Siaqt :Sjaqt+l :Sk |Oaﬁ“)
SR LK) = (1, J)ab(Op) B (1K)

P(O}4)
(4) 7 hxi wdk
B AT ARIAAT > AEEE D R EBIRGE s o
A& é:t(ia D= P(q, =Sj,0u =S¢ |0, 4)
N
AR A(NIEDIA(WRS)
k=1

(5) 42 R ¢ gamma I Hc
P D gamma ¥ i AL 5 forward-backward probability » & ¢ AR A KT o
[RERE RS o S A= g

NEARE 7t(i):Z§t(ivj)
j=1

# 5 = Baum-Welch $-#c¥ i % 7% > " igd + 51424  alpha  beta ~ gamma
xi eta e AN TE > X AN, 2%E 2 HMM ehddic B Flizat

2 o

»

7 = 7,() (13)
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_: Zﬁ?t(ia J:k)

| 14

YA o
_z7t(j)

b, (k) =2~ (15)
Z}/t(j)
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A&

$rd RO IHMM S 2%

e

4.1 BizA=kh

HMMer e 52 &3 £t S 8cenfE £ 63U & 2 & &2 * h Plant7 B4 > 385 3
HAp L& R AP A% FRHMMer &  FTAp5 ¥ ¥ € E 5 *{r’ﬁ"*ﬁ
BEFLI RS S \7}~—"EL_‘,'< Lo om RGBT o ¥ 3 mﬁ‘;‘%é‘f#\frlﬁ,ﬁ 2] e &
Y57 BE B TG feind SRR o @ HMM-2 m.f%]:}_ v VR VRO GRS A
RTFEYARE DR T o Ak I {HMM 3 HMM-2 4e > = fa4] > § - 25p 2§ 2
f2 5B VR % - F4c b BIC A ko 1Y B L R AT o F oo A
HMM ks 7o ia i 7 % 2 g o an i o it & o

A Sr e IHMM G ARERPET § R 5 £ A #A 2 F B
BT R R BRI KA R mhﬁﬁ%“ﬁiiiV’?$<§{ii
He -
B

A\

A% A :‘ijlﬁ eho APk dien iHMM & vt profile HMMs 3 { % eniggh o # (38 1%
d R 2T RIS AN RS MG ¥ - BRI R OTHRY

iHMM ¥ 123t profile HMMs #t 1 1k i 1* R 4L > A0 28 R F] > 20 ARRE TR
t - u:ry.;t,Jeqev,ﬂh-Q °

4.2 IHMM 2% 3+

Baum-Welch /% & 2 ¥ - B % "’“’r?."i?m"h’* Kfg HMM R EEerig B 0% » 2Ra o Afz
TRV RS R EEE o Baum-Welch" /7 5 2 7 RV P EFI 2 ARG
f2 - Baum-Welch ;& & /% $13° = B 40802 = 4o 801 (X & & ch» F] 5 Baum-Welch /% &
P g B B R BT T BN R R e R E R

Al - BREERF S BaumWelch F i o H o Lena AR S B
EAPCHEBF v G L IR TR GRON A SRR DR RAES T
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Populatlon based Baum-Welch algorithm

eoNoogRwNMR

Input: Training set, initial barrier ®, and population size k
Output: HMM model
Begin

S={h, Ay, oo M}
for i=1 to |S]

randomize S(i) parameters
endi

: while (|S>1)

{

: 00
: for i=1to ||

do
{
S(i) do E-step and M-step
A « (new likelihood of S(i)- old likelihood of S(i))
h
while(A not converge to m);
0«0 + A;

cendi
I <0
: sort S by likelihood

remove the last half 4, of S, i={§}/2 to |S]

b
return S(1)

End
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TN PHIFE 2 - BRE S - 2 HMMs iz fEag & -k - B48
dupF ey 7 P9 A 0 AP E R PES AR R R kAR AT U
IR A R R HE AR FRROF K B 2R A E b 10 7
25 {7 while loop it BlF - FHHE4R > AE T i o KB FITF BEDE# o AT
7 Bihyid Baum-Welch i & 2 # & > & * § likelihood fcacf#§ o ERIHBT % o &
B Ee% 16 {70 BE-step fr M-step £_% p ** EM ;ﬁ_g;;; , v it o4 3 e Qestep

gd Baum fov ol BT d 0 FEwmE 2T AT 5 2 % 3.5 &R BURE 2 itk o
W B E g 22 (70 A lF“** 9“"‘5 VI o & L_/ﬁv-r/sz% 24 {75 57 e
MFHFE R A2 likelihood #a P AR T R T LI BT e AR G - X
A ehh o SR R ﬂwébﬁim%%XQ “&%m&&ﬁm &

e FRis - EEARET ]Ffjflj’rl—’f’ﬁ——lﬁ:‘%h He P B - BERLIEL T 4 Fa s
ElpdoiE 2 mii‘ 30 R AL SRR AT A AT AR
B AP AR ”,zn\fil}#ﬁﬂ,?,l‘zﬁgéécﬁﬁi s EfEm R

B )3 5] (pattern recognition)felE 1 > 41k 1 (over fiting) it — £ L je £ < 4%
LR s AREVEMSFPIERFZ - c BPEF CBRETIIRE- B
BenR AL F1: HMM g F R licp 425 @ 425 B PG T Rl 41 AP A
PR SRR AR TR T AT AR 41 ¢ F M B AR LA P
PR 0 AR AP RER DT AR AT 'Ij‘:g,\,J‘ g IE R A 4 o

W

Accuracy
A
1.0
0.8
/ i Training set T

04| /

/ __ _Testset __
02|/

123 456 7 8 9 State number

Bl 415K G 8cp & i 2 B enBl thent 3 W)

WG R T A AP R R T A E SRR
fd Ao & FLFRE g EAlg 4 & MLESS 2 g AR EE 2 it 3
- é\ﬁm?"ﬁ?#i iR R P ALHMME ¥ § # 59k S R iR 7] o R e RN
t e 5 (positive) A 7| 0 Rk E F & A A EHMM j\mﬁg B R 0 # P i
€ PR DR A,\ﬁ”;::ﬁ’f ko og ER EAT AL R EI®R D % &1 HMM profile #-%
ERYREFTLER - FLHm2 g2 milxmimp(o 1A) the T £ s
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N
m%IIWU\M e iE ke o 0 R EE LB T PR BE[15, 217 & HMM A2 % 3
i=1

WAMLES S 2 515 5§ ap U FE R B g LR e F - B ARk B A
# % (maximum a posteriori probability estimation, MAP) » B~ X MLE 1> j# » ¥ 5 HMM 2
arﬁﬁ,ﬁ&ﬁ%ﬁﬂﬁbﬁﬁﬁiﬁﬁfﬂiﬁ%*é—%%W&ﬁ’“w?“ﬁ
Bl bt BB G TR T A TIT R Lo 6 0 HIA LS
X HREL o 1&3;}%\ LEIE > APHE SIS Haoo N (16):

POOIHPA)
P(O)

B B2 (16 H PO) B 5 BT RILEE o 5 aHMMeripl i » 2 »
Dirichlet ¥ # # 5[22] > # & * Blocks9 % AL 4 2% ~ Pk > 5 & iR - - -
4B AR AT P E L B R O Dirichlet F 3 4 5 doc 4o k0 (35
BPVRF AL A A R A kT i (smooth) HMM e g > @ 1830 U sk en HMM
[ ERVEE RN

B & S H-7)( generalized degrees of freedom )F_i# 4 %ﬂr* HoA] st @5 @ % paximum
likelihood = i# % fo3* %o » & Bk F BB 5 4 6 B3t dp o 70k (exponentlal
family) R Epd RBEED F AL FREILR /_Lm;}'ﬂgi“?;\:‘l{_,g o BT R A

& 17 (generalized linear model ) 2% BciE B~ FF 48 o 7 [ 30 B bLeryik i #e P 3557»1 A
f‘ 7 E FEP R EkD 0@ K'U% AP dRDZEPE 7 BT (penalty) S Hiceh T 3
# ) (information criterion) - ZAfSE R ATE NE®E P T HMM ki #icp 5B o R
Pr A RAERA ST REERERFAGSHFTEL DRL B BTETRFE
hEFHCAA pE g o Fle 3R

AN F A AR EESGEE S 2 RN e F % P (Akaike information
criterion, AIC) [23] 'frE A 32 Pl(Bayesian information criterion, BIC) [24] o @ {fmfik
L FERIRF AR > & p L% I AscAl e HMM-2 4+ BIC %"“‘]1{#&4 ESRI NS )
ﬁiHMMJHﬂﬁj*r MR AL o AICE BICH 2 N ¢ fadd oo L8] 30 * 7
Jgﬁ%5N’BKxugﬂhwﬁﬁﬂhkwAﬂj;ﬁ—xﬁgwﬁww1 @ﬁbﬂ%%l Zos il
A AT BIC ki APPE HMM R fs#icp chfs B ) - BIC T &4054(17)

P(410) = (16)

BIC =—-log(L)+0.5x K xlog(N) (17)
F_% 3+ #07)] eh likelihood &

”&%Jh%%QQﬁ%&%&’ééaa
N £_#04% o0 JenT 4 B 8k

19



»
-

State number

T 2 3 4 5 6 7 8 9
W 4.2% i 8P &2 BIC ¢t & W)

BIC 4 24 8" » 8 e kiE = - BAIHT > v { L4 sl bt
42> Ak P Eo RIS BIC Aghaning o v BIC MERHED] > 0p 0
f HMM-2 1 > &35 5 % et HMM-1 % BIC RE# A § - & 3 4]+ o L
% b i e A A R HMM BEAI[25]0 04 2 B i AR B TS s 4 HMM
HoAI[26]% % o ¥ b 1999 & Brandd 3 £ 7 <k 6 2 [27] 0 B v RRIIF - RS
- B R HABITT R T R A - R & 2 R S0 et (entropy) - B3] £
FoRARM 0 ARG et iPuB i &R AT R R Y AR S T LR B A AR 3
B U REE i r > N LM R e TR AR A A
EERARETANGEET 5k BRI S e -

G FERY 0 F 6 TS BRI FAER TR R g A P R AL
B Pk BB Ao 0 BN S LR AP Bt RS 20 IR ol AN K o o
PR SR o B AT G R B 2R TR A
B positive T AL jeds 1 L0 R3E F OBR 0 @negative FRRAE S LA R e o2
Wk R EF VIR A AT PR e o FERSE T L { STION R R o B
positive & * iHMM #3*#3) 11 # 8 Apk 4 7  # finegative 7# = iHMM s3* 4
A EE ANk AT Aok negative TAL RSP RIPO[4) ¥ 5 ¥ de A gen
% dt it 1ogP(O,| 4p) T o 4 F ke negative T 4§ RIP Snegative sy A

BAIRI§ 3 % A BHA hA BE BT 0 * 4P 4 (relative entropy) k f2 1§ > T 5

A ]
Kullback-Leibler (KL)& & » KLE_* 12 8 B|a B4 5 A s 3L B (divergence) » v

T 3t (18)

KL(Zes 2y) = H (s [| 4) = 2 P(O, | 4,) log PO [4,)

RAKLE 2 EE 0 afud ot > FL R AlE 2B ERET > dest (19 A
Matthew A. Siegler 7[28]# < # » B84 KL & = #4558 > 4038 (20) > = 5 5 BHE
A Edp o AT e KL2 % grRpositive #7317 #negative #7317 % &
5 o
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KL(4 [[ Ay) # KL(Ay | 45) (19)
KL2 (g Ay) = KL A ) + KL (2 ) 20)
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44

14 FATHS

\-9"
i
*ﬂ
-\
it
-%g\?

FRTH

AF % TR kR &k p 3t Phospho.ELM [S]F L E % = %% » & B F 4 B &5
PhosphoBase v Swiss-Prot F L AL ik 4530 0¥ fr bl 3 0 32 A s g
2007 # B #7en Swiss-Prot FALE® Jef 1 RER A FTH > BEAL NI AT REE
Swiss-Prot § = f82-% S5 ok & 0 4 % L7potential”, “probable”s? “by similarity” -
R A ﬁku WD RO A KGR %R AP LT RET A
TR > AP R K T F %k @y (evidence)sh B 71| b 5 ' eh positive ?%}?' e
SREFESE 'i #H2 ﬁﬁmﬁ“v\ s A i positive fr negative FALA W] Kk p At F AL
R I AAREN LR LR B 2 AN C R R P SRS C N A 'é’@a;ﬁw :
ﬂa}i it &P W ,‘14 L‘;W«fp,bf_gn—rg‘%i {#75’5@&“:}}%\? VAR IR T A
P g BRRLT S TR o ﬂ!»;w‘ TR S TR hfe o BRI B chd b 1L 5 g
BA & i T AR R R o B A AT R T B B A () ~ R E A(T)
‘\‘ﬁ%'félﬁ/*(Y)ﬁ i cps = B" e 5@%@%71&;%%’%&.;\&15,j\l‘:')\?‘:)l'lﬁ?‘}l

529 %% %

A e st 5@&47;*;:* T e B den s en TR 11 $ 00 b
rﬂposmve fr negative i 3t B o AL iR R Ak o Ay 30 &5 i

%% 7 (5-fold cross-validationy:5-.CV ) Kt #% HMM-1 ~ HMMer {v iHMM & B /7 & ;2
mm o #i3) 5-CV {:l%—)%r REHBI AT 00 F it B9 e AL R
FA O R EL > LT A RARCERREATH S AR S ABPIETH
EFEE K T35 2L gt K K@ Ea g o Mk — RenE iE e MI5E_ 30 = 5-CV Ti5{sh
BE (s %&a 30x5=150 =9 % L) o 5 7 2Tt HMM-1 ~ HMMer = iHMM
TRy }_—*K‘FK R “Positive” iz— #f o rF“ Gl A B EE RS TR Oy
fo 02 Kik7 0 01 R 7 PHEERVRTHLE ﬁms 78— BE R R ORRET R R
B 0% T F'“ﬁf:n’ﬁyi?'léé?ﬂfiﬁ FES BB é'fﬁ"i— E\U\ BORIRFTAOPAERE o A R-Jy D
PAEE T D RET RER A A S50 4id B e 4aT » B0 T S e 2o @ & PKG
(S)» CKI (S)5% CK2 (S) = w44 * HMM-1§2 iHMM & BIC chi 8% 415 * 5|
- B fE o d - BRA Y first-order B¥ second-order I F W frrdigle Foklaan

FEF frth b 2 4 - feno

4 5.1 ¢ HMMer 1T 300 /5 £ 0.7439 » HMM-1 chT 3058 75 £_0.7508 »
Ay e HMM-1 ehT e ﬁq{o T8TL e ¥ RS AR R test KRS B
ABFEZD 30 % 5-CV 2SI BANTHOE2 FIEFalTFLR 20 X 47
A FEFDFES L 0E - Xz 2E By myIoE 2 hEBX
H, X=X, » t-test cni 5B PR 7 32K F M o 5358 1 ttest -] 3% 0.05 % 7
B ERERAGAHFLAORF PRET FREFLR A APT g P IHMM &
PKA (S) > PKC (S) » CaM-KII (S) > CK1 (S) > CDK (S) » MAPK (S) » ATM (8S) - PKA (T) >
PKC (T) » CK2 (T) » CDK (T) » EGFR (Y)fr INSR (Y) # 7L4p %> HMMer 3%} ¥
== A
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Z 5.1k v i

. 5
7 A (;Tf ¥ M,;;« HMMer £ | HMMer £
#) (L) HMM-1 3 | iHMM e
T-test T-test
HMMer HMM-1 iHMM
PKA 0.8250 0.8319 0.8444 0.0034 6.92E-12
(308) (0.0089) (0.0091) (0.0063)
PKB 0.8579 0.7942 0.8561 8.41E-14 0.6779
(81) (0.0169) (0.0202) (0.0160)
PKC 0.7419 0.7448 0.7624 0.2890 9.59E-9
(304) (0.0121) (0.0081) (0.0080)
PKG 0.7072 0.6983 0.6983 0.2571 0.2571
(30) (0.0373) (0.0320) (0.0320)
CaM-KII 0.6926 0.6400 0.7473 1.5E-9 6.69E-12
S (76) (0.0177) (0.0270) (0.0217)
CK1 0.6074 0.7487 0.7487 1.15E-18 1.15E-18
(49) (0.0301) (0.0234) (0.0234)
CK2 0.8316 0.8297 0.8334 0.3120 0.4622
(243) (0.0095) (0.0059) (0.0097)
CDK 0.8237 0.8137 0.8414 0.0003 1.15E-7
(195) (0.0081) (0.0119) (0.0111)
MAPK 0.8024 0.7887 0.8228 0.0002 3.65E-8
(207) (0.0122) (0:0145) (0.0090)
ATM 0.8628 0.8257 0.9234 3.25E-7 9.43E-11
(77) (0.0280) (0.0155) (0.0223)
PKA 0.6358 0.7080 0.8037 5.71E-10 1.66E-21
39 (0.0281) (0.0371) (0.0314)
PKC 0.6467 0.6518 0.6670 0.2892 0.0010
(71) (0.0213) (0.0154) (0.0290)
T CK2 0.6510 0.7904 0.7904 8.46E-23 8.46E-23
(42) (0.0211) (0.0234) (0.0234)
CDK 0.8493 0.8127 0.8810 3.35E-11 7.55E-8
(113) (0.0196) (0.0114) (0.0147)
MAPK 0.8386 0.8290 0.8389 0.0172 0.9424
(81) (0.0164) (0.0105) (0.0213)
EGFR 0.6223 0.6549 0.7059 1.06E-5 4.76E-10
(46) (0.0247) (0.0178) (0.0446)
Y INSR 0.6730 0.6780 0.7017 0.4213 2.57E-6
(58) (0.01935) (0.0223) (0.0286)
SRC 0.7219 0.6741 0.7013 1.6E-18 4.07E-5
(143) (0.0161) (0.0135) (0.0180)
I35 0.7439 0.7508 0.7871
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R 5.3: PKA (S)F# ¢ HMM-1
B

e Y g |
— T e W =T

SO SI S2 S3 S4 S5 S6 S7 S8
F15.4: PKA (S)F# tAHMM-1 3
i SLERIS S B

24




a202\c 0.964732

a021 =0.002305
a221 =0.000273

a332=1.0

a33=1.0
al33 =10.995984

W 5.5: PKA (S)F#:n HMM-2 B4

a022 = 0.997695
a222 =0.999727

al32=0.004016

TR

mo)J>
0>

P

2-A0
K0

=
=

f

{

|
s

{

N
® 5.6: PKA
(S)Fe e
HMM-2 %
e R
I ¥ W

51

N

a333=1.0

W 5.7: HMM-1 £ § & B |
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BipA AL PKA TG 2§ & %8 % ohidh > AP HMMer 9 % F
FLPTR Dk S R R 5.2 v ak P IR eR i BUBLRIE 5 (observation probability)
S EARES H 0 ¥ hs % HMM-1 fr iHMM fag 2R~ 5 B IR B 5.3 F9RF 5.5
AU PR N IR SRS A et B SAEBS6 T 2 THE R
o e R EUBURIS ik = B 5 Bl & (sequence logos) o B 5.1 #_PKA F R 5 5§
FozeAaF i T BAA Y FLEEEO) T FE o B ST AR SS HHMM-1 ¥
WEBE o H P R S20 i BLERIS S £ SO kAL SO1 -~ S11 -~ S21 ~ S31 & 5L
BB R E e R ST R AL S02~S12+S22~S32 s gL Bl 5 &2 S2; %k S13 -
$23 ~ 833 e FLBLRI S BT S3 RS BRAEFF o - AL KF o 2 HMM-1 2
T E VRN 57 hi o FlE RS A - B ORLEE S S do% 2 BIC k3t
EP O >HMM-2 2% 3] 4 @i o B P kg p 30 SLELRIS S > SO e SUBLIBIS
EF - B S#k S=1.0 0@ B vz Bk state] 2,3 £ % 7 20%3 =60 B %8 0 HMM-2
ST 18 B s BET T 1+60+18=79 B £ edrk HMM-1 & 33500 F
4.7 R o Bl Pl 1+ 20%11 + 18=239 i fdkc > AR w2 W ih BIC =
-log(L)y+0.5*K*log(N) 5% » &7 F 7 v K kH s > v & 5 5 € 9 I 4o F
5.3 mg:—f;a od pAPEF Aryy HMM-1 i § enfflpr > & 0 DIag 5 e d) fr 2t
¥ FEgene AP d BB 6|+ 7 g 3 HMM-2 fie & BIC #31E# 1+ ¢4 * HMM-1 4
4 BIC {3 4 > &3 HMM-2 ¢ HMM-1 * 3| § > ehgfickaz 53] o ¥ oA s
#- PKC (S) ~ CaM-KII (S)f CDK (S) "4} k cn HMM-2 %> 4~ 5|*< & §] 5.8 §] 5.10
Toml 512 85 b+ 0 Bl R Sl

¢ 0.000004

a032=1.0
a232=1.0

D23 = 0.998544
P23 =0.000004
B23 = 0.250676

a022 =0.001456
a222 =0.750105
a322=10.742759

begin=1.0
a211=1.0 N 7& _5_ E
®] 5.8: PKC (S)?F%}ﬁlz’ﬁ HMM-2 %—1‘# ® 5.9: PKC
(S)F# e
HMM-2 %2
P R
R 5 H
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B 5.10: CaM-KII (S)F # e HMM-2 24

0 ] 9
B] 5.11: CaM-KIlI (S)‘p“;}—'—m
HMM-2 3 e 1 5 BLR| 6 5
¥

a201 =0.927412

617393 2208 0.014302
] 0g95
aldl = \
ad41
NP
shgr7  PNS J0383K
14560 :
0
ad20/5 10

a412 = 0819471

e' a432 =0.96164T .
e -

begin = 0.317206
a23=1.0 10

a023 = 1.0
a123=0.000135 2033=10

a223 =0.192022

B 5.12: CDK (S) F#L e HMM-2 4

al22=0.970987
2222 =0.783418

begin = 0.682794

9 5

R 5.13: CDK
(S)F e
HMM-2 & .25
g ELRS 5 W
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5.3 1P Bk A 11

Ao e 3 ¢ 8 I ROC (Receiver Operating Characteristic Curve) s #F 4% % 7 * %
E mftjjg, - B ﬁfbfm?;?l*’ P FR e FEET R E- BLAEOMEE > FE
.’S&_'ﬂ"“'ﬁp‘f't‘ PR E LT g AT P NP P =3 R E R L@J'”ﬁ?*}"'%ﬁ’
I - BB RF o RA ””"‘ﬁ; AN A PREAT L 2 B angL &) 0 R
LR HEIEE A E o FlL AEFAEY Lai&#:#:ﬁ_g,,kﬂ S FRF LA 2 5E
;‘1' 3 °#be§/w\’}‘rﬂj‘1* liﬁfﬂﬁ 1[%“{%,53%@:7 BT AR i e R ARR

Fl s HE T REATRE R R AR Z R PG R och4p BTk #ic(correlation
coefficient) » ‘J AR A e rmA,\ ¥ @ L_j\p;i SREEH chAp B A Boeh D N B
D (x=X)(y-9)

Correl(X,Y) =

(21)
V2 x=%2> (y-y)?

d 3 H Z & AP GEDEEAN-I S 2B o+l 273 BRECE DT wRME
APB -1 &7 BREZ D) - REAH . FAPM l“@:mrﬁ?hﬁ'#@‘w Q& A iR
RRE SR T o 2 XY AP AN R IR F L eSO S o foiR
HPHEF L EPEEOIES > 4B 5140 AR * St B B E b G
B MBREFABEFR R FAPM GHARE £ 7 L N R OBdpART o AR
18 1 F AL erodp B f2 Bl IE 4 £ 5.2 j8ghAE HMMer ch-T 354p B 4 #c®_0.8752 @ iHMM
L $on B (B8 0.9869 0 ¥ 12 A B A% 2 Arfdi 0 iHMM & 0 HMMer 23" Sufeip)
REML G REFOLPM t“?mﬂg T AHMM B R £ HMMer f£2.400 £ F 2

et 3 feg Rl 4 o

CK1 (S
1
1HMM correlation coefficient = 0.9924
0.9 F HMMer correlation coefficient = 0.6927
§ 0.8
5
3
s 07 * 1HMM
()
; * HMMer
(]
= 0.6
0.5 1
0.4
0.4 0.5 0.6 0.7 0.8 0.9 1
Training set accuracy

W) 5.14: CK1 (S) F #L eidp B o A 47 W)
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ROC of training set of PKC (S)
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PKC (S)
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iHMM correlation coeflicient = 0.9986
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> Z ! Protein kinase C

R

E 7| &

A2 a2 s @
kit ¥

5

B A.25: PKC (T)F# A 7| Rl %

PKC (T)

#L 4 #e : positive §2 negative & 71 &
Bl

DR A (T

=

=

% A.5:PKC (T)#h130 = 5-CV *ipl3 F AL chvic i vt i

PKC (T) Threshold | Sensitivity | Specificity | Precision | Accuracy

HMMer -4.3507 0.4290 0.8646 0.7737 0.6467
(0.3379) (0.0364) (0.0289) (0.0454) (0.0213)

5 HMM-1 -0.2551 0.6948 0.6128 0.6471 0.6518
L (0.1877) (0.0482) (0.0402) (0.0178) (0.0154)

iHMM 2.9929 0.5505 0.7845 0.7351 0.6670
(0.3658) (0.0542) (0.0549) (0.0463) (0.0290)

HMMer | -8.3233 0.7378 0.7247 0.7563 0.7333
(1.2106) (0.0708) (0.0674) (0.0417) (0.0194)

5, | HMM-I 0.2503 0.7106 0.7561 0.7715 0.7365
2 (0.3221) (0.0628) (0.0537) (0.0342) (0.0153)

THMM 3.2749 0.5968 0.8580 0.8414 0.7292
(0.6441) (0.0784) (0.0536) (0.0552) (0.0250)
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iHMM - PKC (T)
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ROC of training set of PKC (T)
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Test set accuracy
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PKG (S)

> Z : Protein kinase G

R

R}

S A #c  positive §2 negative & 30 &
BrlE R 15

BEL Y 2B 1 ¢ R endi g fA(S)

# A.6: PKG (S)e1730 =t 5-CV *2 PR Tl s v o &

PKG (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -4.9190 0.4931 0.9176 0.8607 0.7072
(0.4089) (0.0675) (0.0350) (0.0822) (0.0373)
5 HMM-1 -0.31667 0.8620 0.5312 0.6544 0.6983
L (0.1448) (0.0645) (0.0458) (0.0296) (0.0320)
iHMM -0.31667 0.8620 0.5312 0.6544 0.6983
(0.1448) (0.0645) (0.0458) (0.0296) (0.0320)
HMMer ~13.0930 0.9030 0.8055 0.8551 0.8658
(1.4398) (0.0542) (0.0752) (0.0489) (0.0243)
5, | HMM-I 1.4277 0.7972 0.7314 0.7560 0.7894
2 (1.3280) (0.1074) (0.0952) (0.0845) (0.0241)
THMM 1.4277 0.7972 0.7314 0.7560 0.7894
(1.3280) (0.1074) (0.0952) (0.0845) (0.0241)
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iHMM - PKG (S)
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ROC of training set of PKG (S)
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Test set accuracy
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CDK (S)

> % ¢ Cyclin-dependent kinase
74 4 #c C positive §2 negative & 195 & FRL
BrlER 15
BEfL Y B ¢ R endi g pA(S)
W A37: CDK (S)F#L A 7 Bl %k
% A.7: CDK (S)&130 = 5-CV *M |38 Tl chvay b 4
CDK (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -4.0093 0.7731 0.8739 0.8634 0.8237
(0.2652) (0.0220) (0.0135) (0.0119) (0.0081)
5 HMM-1 1.8995 0.8117 0.8155 0.8186 0.8137
L (0.2686) (0.0233) (0.0232) (0.0169) (0.0119)
iHMM 3.3438 0.8218 0.8615 0.8591 0.8414
(0.2076) (0.0209) (0.0189) (0.0142) (0.0111)
HMMer -5.0437 0.8456 0.8558 0.8588 0.8507
(0.4899) (0.0232) (0.0214) (0.0152) (0.0073)
5, | HMM-I 1.9771 0.8326 0.8361 0.8387 0.8344
2 (0.3029) (0.0227) (0.0190) (0.0142) (0.0090)
THMM 3.6848 0.8279 0.8979 0.8929 0.8632
(0.2914) (0.0244) (0.0174) (0.0150) (0.0089)
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1HMM - CDK (S)
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Sensitivity
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Test set accuracy
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> % ¢ Cyclin-dependent kinase

R

E 7| &

A2 a2 s @
kit ¥

5

B A.43: CDK (T)F# ek 5| R %

CDK (T)

L E #c o positive §2 negative & 113 &
Bl

DR A (T

=

% A.8: CDK (T)&130 =t 5-CV * |38 7 emiciy 1 i

CDK (T) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -4.6577 0.7846 0.9136 0.9068 0.8493
(0.5060) (0.0400) (0.0161) (0.0159) (0.0196)

5 HMM-1 1.0918 0.8360 0.7897 0.8031 0.8127
! (0.1558) (0.0220) (0.0189) (0.0139) (0.0114)
iHMM 2.5223 0.8666 0.8950 0.8967 0.8810
(0.3060) (0.0236) (0.0202) (0.0174) (0.0147)

HMMer -7.3247 0.9194 0.8813 0.8916 0.9007
(0.6255) (0.0251) (0.0252) (0.0202) (0.0128)

5 HMM-1 1.6198 0.8333 0.8618 0.8662 0.8480
2 (0.2431) (0.0278) (0.0218) (0.0145) (0.0066)
iHMM 2.6073 0.8810 0.9314 0.9312 0.9064
(2.1345) (0.0338) (0.0200) (0.0176) (0.0147)
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1HMM - CDK (T)
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Test set accuracy
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CaM-KII (S)

> ¢ Calcium/calmodulin-dependent protein kinase 11

R

T A g positive B¥ negative & 76 £ F
EAE R 15

BEL Y 2B 1 ¢ R endi g fA(S)

# A.9: CaM-KII (S)£530 =& 5-CV *%RI3E Tkl ehviag vt

CaM-KII (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -4.4003 0.4832 0.9017 0.8432 0.6926
(0.3006) (0.0358) (0.0218) (0.0343) (0.0177)
5 HMM-1 0.5795 0.6551 0.6270 0.6497 0.6400
! (0.1389) (0.0466) (0.0460) (0.0286) (0.0270)
iHMM 1.4928 0.7088 0.7869 0.7775 0.7473
(0.1104) (0.0329) (0.0353) (0.0299) (0.0217)
HMMer -8.0937 0.7672 0.7739 0.8018 0.7740
(1.0199) (0.0650) (0.0712) (0.0491) (0.0148)
5 HMM-1 0.8168 0.6911 0.7166 0.7244 0.7078
2 (0.4232) (0.0613) (0.0633) (0.0475) (0.0187)
iHMM 1.7641 0.7269 0.8659 0.8572 0.7971
(0.2312) (0.0432) (0.0340) (0.0294) (0.0137)
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ROC of training set of CaM-KII (S)
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Test set accuracy
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CK1 (S)
2> % @ Casein kinase |
Sl E #c  positive B2 negative % 49 ¥
FIl& R

BEEL (g

*‘m}&
7‘-"%

L

¢ R chit § R(S)

W A55: CK1 (S)F L erf 5| W %

% A.10: CK1 (S)#130 =t 5-CV » il T emicii 1 g 2

CK1 (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer ~4.6300 0.2974 0.9194 0.8044 0.6074
(0.4909) | (0.0689) | (0.0306) | (0.0861) | (0.0301)
5 HMM-1 -0.3159 0.8410 0.6570 0.7156 0.7487
! (0.1211) (0.0372) | (0.0293) | (0.0212) | (0.0234)
HMM -0.3159 0.8410 0.6570 0.7156 0.7487
(0.1211) (0.0372) | (0.0293) | (0.0212) | (0.0234)
HMMer -10.7763 0.8042 0.7245 0.7674 0.7639
(1.1806) (0.0600) (0.0748) (0.0459) (0.0268)
HMM-1 0.6243 0.8221 0.8019 0.8304 0.8131
02 (0.4793) (0.0632) | (0.0558) | (0.0377) | (0.0151)
iHMM 0.6243 0.8221 0.8019 0.8304 0.8131
(0.4793) (0.0632) (0.0558) (0.0377) (0.0151)
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ROC of training set of CK1 (S)
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Test set accuracy
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CK2 (S)

> % : Casein kinase 11
TR A g positive B¥ negative & 243 £ F
E7lE R 1
BEfL Y B ¢ R endi g pA(S)
B A61: CK2 (S)F#ehR | Wl %
# A.11: CK2 (S)e1730 =t 5-CV 2 RREF L e v ik
CK2 (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -5.3043 0.7885 0.8748 0.8651 0.8316
(0.2643) (0.0216) (0.0151) (0.0129) (0.0095)
5 HMM-1 1.6534 0.7926 0.8668 0.8591 0.8297
L (0.1154) (0.0121) (0.0128) (0.0107) (0.0059)
iHMM 2.5544 0.8135 0.8535 0.8494 0.8334
(0.1951) (0.0230) (0.0152) (0.0116) (0.0097)
HMMer | -6.2853 0.8544 0.8587 0.8625 0.8566
(0.5279) (0.0201) (0.0238) (0.0194) (0.0063)
5, | HMM-1 1.9828 0.7998 0.9056 0.8995 0.8527
2 (0.2709) (0.0214) (0.0176) (0.0144) (0.0051)
THMM 3.1994 0.8043 0.9091 0.9045 0.8568
(0.3847) (0.0237) (0.0178) (0.0157) (0.0059)
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ROC of training set of CK2 (S)
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Test set accuracy
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CK2 (T) : positive §? negative % 42 &

> % : Casein kinase 11
?

=
\M

i $ic © positive §? negative % 42 ¥

bl
FE‘

\N

|
FRphis =% @ B eangkg pa(T)

=

R

# A12: CK2(T) #7130 = 5-CV iRl 7 e 1t

CK2 (T) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -3.4897 0.3424 0.9610 0.8577 0.6510
(0.5563) (0.0432) (0.0273) (0.0868) (0.0211)
51 HMM-1 0.3777 0.7764 0.8084 0.8227 0.7904
(0.2551) (0.0417) (0.0350) (0.0291) (0.0234)
iHMM 0.3777 0.7764 0.8084 0.8227 0.7904
(0.2551) (0.0417) (0.0350) (0.0291) (0.0234)
HMMer -11.4433 0.8753 0.8072 0.8418 0.8434
(1.1646) (0.0530) (0.0653) (0.0479) (0.0191)
5 HMM-1 0.9573 0.8325 0.9192 0.9222 0.8774
2 (0.4221) (0.0429) (0.0334) (0.0297) (0.0133)
iHMM 0.9573 0.8325 0.9192 0.9222 0.8774
(0.4221) (0.0429) (0.0334) (0.0297) (0.0133)
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{HMM - CK2 (T)
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MAPK (S)

> ¢ ' Mitogen-activated protein kinase
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% A.13: MAPK (S)£130 =t 5-CV i3 T4 ermi iy 1t

MAPK (S) Threshold | Sensitivity | Specificity | Precision | Accuracy

HMMer -4.8180 0.7463 0.8585 0.8466 0.8024
(0.1937) (0.0219) (0.0182) (0.0170) (0.0122)

5 HMM-1 2.3696 0.7562 0.8210 0.8150 0.7887
L (0.2825) (0.0246) (0.0258) (0.0203) (0.0145)
iHMM 2.7627 0.8121 0.8335 0.8338 0.8228
(0.2064) (0.0189) (0.0217) (0.0164) (0.0090)

HMMer | -5.7337 0.8218 0.8418 0.8445 0.8317
(0.3999) (0.0248) (0.0279) (0.0197) (0.0072)

5, | HMM-1 2.5986 0.7660 0.8599 0.8522 0.8130
2 (0.4247) (0.028) (0.0287) (0.0239) (0.0116)
THMM 3.2280 0.8094 0.8871 0.8831 0.8483
(0.3468) 0.0228) (0.0212) (0.0164) (0.0077)
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Mitogen-activated protein kinase
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MAPK(T) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer ~4.0930 0.7184 0.9586 0.9515 0.8386
(0.3924) (0.0358) (0.0207) (0.0203) (0.0164)
5. | HMM-I 1.0038 0.8644 0.7957 0.8142 0.8290
L (0.1177) (0.0283) (0.0241) (0.0135) (0.0105)
HMM 2.9692 0.7886 0.8895 0.8850 0.8389
(0.3611) (0.0361) (0.0300) (0.0277) (0.0213)
HMMer -7.9683 0.9108 0.8900 0.9006 0.9009
(0.7326) (0.0279) (0.0409) (0.0320) (0.0142)
5, | HMM-1 1.5768 0.8689 0.8721 0.8804 0.8718
2 (0.3129) (0.0296) (0.0261) (0.0178) (0.0087)
iHMM -2.4205 0.8473 0.9158 0.9205 0.8827
(9.3479) (0.0345) (0.0317) (0.0237) (0.0138)
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ATM (S)

> ¢ Ataxia telangiectasia mutated

7o 4 #c C positive §2 negative & 77 £ FRL
BrlER 15
BER T =B 1 ¢ B enii g EE(S)
# A15: ATM (S)130 =& 5-CV Rl okl eviag vt
ATM (S) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -5.4557 0.7495 0.9772 0.9766 0.8628
(0.8528) (0.0567) (0.0131) (0.0111) (0.0280)
5 | HMM-I 1.1264 0.8785 0.7735 0.8030 0.8257
L (0.1181) (0.0292) (0.0247) (0.0174) (0.0155)
iHMM -32.7786 0.8934 0.9534 0.9546 0.9234
(17.3377) | (0.0411) (0.0178) (0.0158) (0.0223)
HMMer | -11.2183 0.9847 0.9474 0.9529 0.9664
(0.6446) (0.0150) (0.0157) (0.0138) (0.0096)
5, | HMM-I 1.7204 0.8812 0.8651 0.8770 0.8733
2 (0.3527) (0.0419) (0.0341) (0.0238) (0.0095)
iHMM -16.8526 0.9317 0.9737 0.9747 0.9527
(15.5258) | (0.0302) (0.0124) (0.0116) (0.0141)
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Test set accuracy
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EGFR (Y)

: Epidermal growth factor receptor
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# A.16: EGFR (Y)£730 =& 5-CV *%RI3E TR ehviay vt o

EGFR (Y) Threshold | Sensitivity | Specificity | Precision | Accuracy

HMMer -3.5857 0.3484 0.8972 0.7564 0.6223
(0.5205) (0.0537) (0.0311) (0.0805) (0.0247)

51 HMM-1 0.0004 0.7294 0.5845 0.6437 0.6549
(0.2334) (0.0515) (0.0492) (0.0233) (0.0178)

iHMM 2.1990 0.6399 0.7726 0.7536 0.7059
(0.3385) (0.0609) (0.0574) (0.0622) (0.0446)

HMMer -12.1897 0.8789 0.6870 0.7581 0.7866
(1.3548) (0.0553) (0.0621) (0.0323) (0.0143)

55 HMM-1 0.4404 0.8617 0.6555 0.7353 0.7615
(0.4183) (0.0659) (0.0730) (0.0496) (0.0194)

iHMM -10.0333 0.7339 0.8362 0.8369 0.7867
(34.4861) (0.0662) (0.0609) (0.0480) (0.0254)
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INSR (Y)

> % : Insulin receptor
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INSR (Y) Threshold | Sensitivity | Specificity | Precision | Accuracy

HMMer -3.6847 0.4800 0.8653 0.7996 0.6730
(0.3413) (0.0286) (0.0300) (0.0406) (0.0195)

5 HMM-1 0.5323 0.6727 0.6842 0.7030 0.6780
L (0.2534) (0.0428) (0.0631) (0.0367) (0.0223)
iHMM 2.3958 0.6864 0.7160 0.7183 0.7017
(0.3739) ().0449) (0.0421) (0.0353) (0.0286)

HMMer -8.5620 0.7484 0.7612 0.7948 0.7557
(1.5519) (.0597) (0.0749) (0.0489) (0.0155)

5, | HMM-I 1.0020 0.7073 0.8176 0.8213 0.7639
2 (0.5906) (0.0714) (0.0708) (0.0537) (0.0156)
THMM 3.7868 0.6601 0.8865 0.8864 0.7748
(2.6263) (0.0663) (0.0505) (0.0406) (0.0192)
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Test set accuracy
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SRC (Y)

> Z : Src kinase
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% A.18: SRC (Y)5130 = 5-CV 2 ip|& F L e iy - 4

SRC (Y) Threshold | Sensitivity | Specificity | Precision | Accuracy
HMMer -4.4177 0.6289 0.8153 0.7777 0.7219
(0.1929) (0.0386) (0.0254) (0.0185) (0.0161)
5 HMM-1 2.8829 0.5883 0.7599 0.7196 0.6741
L (0.4552) (0.0459) (0.0399) (0.0220) (0.0135)
iHMM 3.2385 0.6497 0.7528 0.7290 0.7013
(0.1364) (0.0366) (0.0285) (0.0207) (0.0180)
HMMer .5.5313 0.7496 0.7766 0.7842 0.7634
(0.6163) (0.0520) (0.0486) (0.0307) (0.0110)
5, | HMM-I 2.7656 0.6563 0.7862 0.7803 0.7216
2 (0.5988) (0.0621) (0.0571) (0.0396) (0.0120)
iHMM 3.2253 0.7012 0.7856 0.7819 0.7438
(0.3075) (0.0346) (0.0347) (0.0266) (0.0140)
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