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Method for modeling gene regulation network based on

improved structure expectation maximization algorithm
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( College of Computer Science & Technology, Hefei University of Technology, Hefei 230009, China)

Abstract: Dynamic Bayesian network (DBN) is a powerful moedling tool for gene rugulation network. Missing data in building
gene regulation network is better dealt with SEM ( Bayesion structure expectation maximization) algorithm, however, the result
of learning by SEM algorithm has strong dependence on the initial parameters. This paper proposed an improver SEM algo-
rithm, which randomly generated a number of candidate initial parameters and selected the best parameter as whole model’ s
initial parameter to execute basic SEM algorithm after a iterative process. Comparing gene regulation network constructed with
yeast cycle gene expression data by improved SEM algorithm with existing literature , the result indicates further improve the ac-
curacy of constructing regulation network.

Key words: gene rugulation network ; dynamic Bayesian network ( DBN) ; Bayesian structure expectation maximization algo-

rithm

0 3§

S DR R 24 (RIS D 1) 2 20 B A 28 95 0 A B A THT 9 %
SR BT RERIAT Sy, I TR e i PR 8 42 B 2 S A A AR Y
o TR R UL A R 4 A e | S e )y AR RN ]
JE U X B R 06T T B4k, A IR 4% 2 R VBT
FEHEPRIIREE W% T T SR 8 S RS AR B S ke Ak
R AR B P e TR, SRR,
UL I35 T 24 RS B35 T A st (417 o ) P DL o307 5 4 g e
PRI R 26 2 H AT A 1 B2 e it

AR b L 35 PR 2 TR B A A [ 31, DL 307 B 26 43 g
AR DU MHT R BT AP v, T3 38 P TR BTG A
R FEIRBUR , 5 38 A A A5 B e . Bhas
I S07 P 2% 7 % S ) PR 22 05, 3 3o o 3 i 5, T LA A 9 it
T o S R SRR PR A THA , ST IR T 42 LT R e s
1] PR B R

TR R VR IO 4% 1) 52 8 o ST PR 0 I 30 i e
K EARL AL, 1R B2 (5 20 2 X0 45 ARG B M A 5%

YF B H . 2009-05-31; fEEIHHER . 2009-07-20
(070412064 ) ;& e Tk X 54+ 5 5F 50 2 & A 2 7 81 5 B (070504F)

M, SR R TS D S0 0 4% g e R 08 4 90 4% 11 B0
F8Z GS, MWST Hil K2 S48 ) Sk i i PR A TR 58 4
B T ILEHAE 2T Friedman %5 A 8 EM ARG A B E
REARTEOU T E5H 2 ] S80I 1 EM Bk 321 D
IH- 1 g**@ﬁﬂ%%j{( Bayesian structure expectation maximization
SEM) 51k, I EAE— BRI LR TR ROCR B RAATE
27 2 RS BEAIR XIS BB MO i

ARICXE SEM Sk 101 B 8 07 A AT T etk , 7R AT
A SEM B0k Z e B ML A i — L L) 1h 2 80, 03X 264
IEZHOUTRIAT EM R — VR TR AR 2 A b
RAVFr eRECIEA T B e B, A Y T 28013 B R S E0R
NEEA TR IAE 60 H 5 T R AR A vk N
TG P 40 ] S ) i DR SRR 1 S A i IR ] 4
2%, SHA TR, 25 R W Ok J s it — 3 i T
T 2 RS

1 Bhas DR ) 2%
A5 VLT 4 (DBN ) S S7 A I 11 3 91 B8 48 1 i —

EETHE: BRAAAFALNBMAB (60705015); Z# 4 A XA F ALK YT B

TEE BN . B A (1985-) % A LA R A, T ZHF 7 @) A Nt 37 W 25 52 5] A2 3 22 (glline@ 163. com) ; £ 2 (1962-) , 5, %48, M 3 B+,
BT AN BB S DA EFE(1972-) B Sl A L 2R AAA TR SRR



% 2 #

B b &k Tt SEM Fokeg L BRI M &AM ok

. 451.

G A O o N T el 0] i R A R o) B B N il
BRSSP DL T DAk G 1 H R ARG O

TS DL i A 8 S 2 DL 4y T AR — SRR R T AL
SRR, AR SRR

a) £ — A BRG] Y 45 (S AR (b s % T BT AT ¢ 2
—FCerRm .

b) AR S TR 5 [G Ay, RIS SR i 2 A HE 2R 5 24 i
A2 2% S 20 e 0%

FET UL PRI, vy A B L R A B [ e & e 43
AR BN DL Hr b PR A 2E

a) — /N4 By, 8 SCAERIIRIRA x LR GHER 3

b) —MEB MY B & XA v, 5 v, DB
P(x)xy) (RITA ¢ #BASE) o X = (X', -, X" | JEBhZs I
30T I 245 O BT AR HE A v, BN B o T ¢ BREXH 7 Bl AS B
MZNZS DU AE X = | X', - X" B9 RE 2R A5 7] L,
TN

Py(X', - X") =Py (X)) T2 Py (X,1X,_y) (1)

RS DL ) 28 T R 1B 1 () AN X, —X, =X — X,
R FAR B A5 4, (R AR AR ) AR TP AR AR 2GS B A A
IR AR, S DL S0 00 245 2 S i) PR 3R 3 3 el 1k ]
J LR B RASEEE QIR 1(b) X, (1) =X, (1 +2)—
Xs (143) =X, (1 +4) JERAHlA

(a) HHIRRBLE M HIDBNs
Bl DBNs

2 MR SEM ik

(b) #A I [8) j 3k FYDBNs

2.1 BEAXSEM HiE

SEM 5553 2 38 28 78 FHT DU 7 19X 4% %) 4 B T se 40ca i 4
D A GE BT D2 R 2 27 [0) U A5 Ry B ) e R 1Y) 58
BAE T IEs k22 2] 08, SEM 59k 25 WS R M S5
)W, TSR R AT, SEM Bkl A 5oy g R
FREARTEAEN TG T SR a] T 43 eRECEAT 1 53
B, P T R 2%, DL & IRAS 20 3 i Y I 254 5 SR R
FEERE 48 45 SRS B RIS 8, %7 kR 1
—ERRE R R RO, T BA B HE Y DAl 2
AR A —AHESE

HIEA R AR UG A, BRI 25 EM SRk
SCES R KA SRS R BIC PFA SR TR R e, o
YESEVIIRBOE MO B M (0 >0) BAE EM BUES | ek
A, A RUF S M°, -, M" R A R A B0 AR R
AHTA]

VLA HAR TR

i AL 3 5 00 485 4 0 B M© B

loop n=0,1, -, B B E I8

{loop £ =01, BB R EL 1 = Iyax

A 0! = arg max Q(6:M" N

n+1 n,l+1
ol =gt

# Score( M 0" ,D) 1 Score (M ;0" "' | D) 1543 fi K A8 Y I 45
MR Mt AT SRS 00 |
Hrfr,Score(M: 0", D) H1 Score (M- 0""", D)} BIC 43 pR %L
arg max Q(0:M" 071 ARAR R BN R R kAL

IR A v LIE Y SEM B3 i AT 45 SR 40 Ui
SHA RIS , AT IR 2 T 80F 2 T BRI A K
BN, AR st [ P RE AN A5 SR 0~ S AE B, TR, (B
SR — B W G 2 EO6 R T 1 28 25 AT BRI 52 T
BRI A [, A8 SCHE T ek SEM B3
2.2 BUHAISEM &k

SRR SEM B 24T ) A 8 07 Al B AT A e ik, L
FEEAIEFE P TIEA) SEM B35 2 /i, 318 1o B4 Ad Bk ik
PR — AR SHUE, VR FE A SEM Sk iy AL, 3k
PV IR S BUE 2R LTI TR

a) BEEURAE N D, 45 @ WA M 7R 04T SEM Bk
Rl , BEHLAE BY b AN WITEE S, 298 67,6, -+, 67, 115
07 (i=1,-- k) MUK R

L(ele?):%%lnP(D,/,XLIS)P(XLID,/,G?) (2)

o DRI X A3 3R YR ER AR T A o AE R, tha(2) 15
0 (i=1,2,--, k), S BN AR s AT B 0 L(616))

(i=1323'“ak)0
b) 38 i fe KA S AR PRI, VR T — M1
0! =arg max E[ P(D10)1D,0° ,M°] (3)

PREN EALGERICH 0) (i=1,2,-,k) o Hrh arg max () FmF
WRAT RIS, & Q) =E[P(D10)1D,6] , M ], M=
(3) ATAG
0; =arg max 0% (6,6) (4)
5]k AEERIE N 0 (i=1,2,-,k) .
o) TEX B P B MR AR EIT N 6
6" =arg max Q(6!) (i=1,2,- k) (5)
) AEHE(5) B2 6 LA SEM BRI th S50 0°, th
ATHA Y SEM B3k
M 07 e — A 6 B3 AR AT AR B kAR £
UK AEN I BE A SEM BRI W RERI TR T, Mg 1 6
SUIFT— SR, L XM i AL B T LR I S8
FRBEE HH (5 224 i I 45 P53 15 31 e KA ) S 800V S AR R 1
WIS A, A s> T 3R SEM B75 AT 1 72 G 2R 3%
PRI, $E 5 T IR S A E R ARG BE

3 ZWESH

3.1 SEIGINEANEE

ARSCHSLIGIREE MATLAB 7. 0, 1877 FR55 M #/E R 48 Win-
dows XP,CPU P4 3.0 GHz, N1F 512 MB, fifi# 80 GB, 7F M4
WS RI T Leary % A" 45 (936 F MATLAB fy BNT
( Bayesian network toolbox ) Structure Learning Package, 1% 4% 14
AT Murphy % AJF % 1 BNT T LA 16 S 9 45 45 1 2 )
TP 7

DNA TR FE 5 (454 )2 R RE RS A B PR 41 )22 Uk L B 9 AT o]
PRSI (E T ] AP R A SR kBt At TR
Hi Spellman %5 A '* F 1998 4F42 H Y MLTIR% 1) (saccharomyces



e 452 it E o oE R AR

%27 A

cerevisiae ) 41 JE HAGUE D) Fe R i B4 . X B AR 2R
SRR AR 5 1, Fe 2 AR 48 it P 42 B e 800 A
TR A AR AL A R ALY, A4 T X S R 75
N T S5 A T AN ] s ] i) R RO, 3 S
A5 WA S 4 B TR0 (T A BSF i) 86T 37 52 56 45 #4F S CLN3
CLB2) A e 5 i ] v (B R] 853310 18 .24 17 Fi 14 4>,
XoF 7SI 25 F 43 ) ALPHA ,CDC15 ,CDC28 Al ELU) , A3
FESEPI 2 (24 2 vh R T PUANEHRL

HAR M4 W& 2 (a) Fi7s, KT KEGG, J2— LU
CDC28 SAyviry 11 240 Jf J&) 5 % . 181 2 (¢) Fm )2 Kim 5§
N TRl DU i ST R A AR I7) 6 S5 T A T R e PR 9
TN

AR SCTE S R TR HE Y SEM BuE AR RIEE T k=10,
15,20 A EIE R P 4% B & (B AYBE K, 24 2T BOHRS BE RS
R [ A5t b AL R A TS i K, S5 SRR Y k=15
B, S PRA T R e B PR RE B ACANAR | (FUI 2 SR B I W B v, 25
BRCRECAT . FE R SE R S I 2 (b) BER

SWI4
) (o [oin ] [ooe)
CLN3 CDC28
CDC28 N\ [Be1] SIC1
SWI6 CLB5 || CLB6
CDC28
[cbc20] [cnce]
(a) BACDC28 L F 40 fw B 3@ B
SWI4 [«+— FUS3 FAR1
0
SWI6
BN | fom e
0
A
[ MBP1 | 1 o/ A %
SWI6
A cLBs .0 0 [CLB6
x A
CDC20 D
JZIA—.@

X
(b) 3R IR AR M
swia | | (FUS3 -2 FART b
0
SWI6 \\| Al 0 X
. CLN1
CLN3
[omns | \ rlepcas
MBP1 =
SWI6 \' SIC1_|
CLB6 | x \|CLBs |
AlCDC28 A
CDC20 ['CDC6
|jﬁ A LCDcs |

(C) Kim&F A HIEK45 R
B2 HEHEEMNEE
TEL Y CAEE R 1 e i — T X SR d R 2R 5
TEFIPEARIE W28 P A 1) 30 7R PR PR 22 ) A A 3 4
KA I BARE AR S PRI R0, EH W =Sk
PR PN BT FR IS 5 A AW BORAST . A (R el
P, R B 28 SCHRIE S A IR P 5 2 A = A4 5 B A 1]
1, BRI S RATAE AR5 155 BN A5 A B, e Pl
WERREZ QB T — RN BARA X —X, —X; 7

PO RATAE MRS MBI 25 52 X, — X, IBAX ksl
SRR = A M B SR AR T XS MR R A
R SCHRIFBCA TG R TR OC R . (AR B2 X R T3
DAL R , T BEUEIUAT (4 S50 T F AN REAS SR HE Y 1
FECRBIMIC
3.2 KWHERSHH

Ry T T A AL R 45 (LS A S AT SR8 ]
HREY sensitivity (U A1 specificity (FES ) BT84 .
sensitivity = IEFIAITAYEL / B AR d T A ik, J245 W
2R SEBRAFE R OC R b SR IR0 R LR DG &R
1 LL ] s specificity = IEBASTH S Ir A 4, e &
T I DG R SR IERA TN T o5 0 bl A as
sensitivity #7192 856 X T IR % 56 R UL, specificity
Mt T AR AR AR 7L TR specificity £ sen-
sitivity IF, HARI 25 i BRI AR B H & 19, AR il A S
HHRR) 5 VAR A R ) 100 245 SRR R R S S S L SR [ 8 ] iy
SERUT A TR WA SCHR ) A SO 1 SEM B3 7 b 2 oA 11
PR I TR, AR SC IR S B 45 R 5 S0k [ 8 ] PR &5 SR 19 Eu g
nE 1 PR,

F 1 AR TR EE R S5 SCHR] 8 ] 45 Ry L

EikaD SCHk[8 ] Mk SEM Bk
IR 4 6
BB 3 4

Il W 5 8 5
Bk it — A~ P A
specificity 26.7% 40.0%
sensitivity 21.1% 31.6%

4 LEFRIE

FEPIRE BB AN ] © 2 U5 TR 2 E R UR  (H R
BEH BB WA T T I P () REUFD P A Ok B %2 . SEM
SE il THAR A PR BRI B0 TSR e AR IE &
TR 0 5 PR Sl b vy g R PR R 2 P 4, AR SO T — bl
HER SEM S0k Tl B (R0 iR AL AL BR A e R S 8 h
YSORRT Bt AR A L, SRS AT SEM B335, DT B G-t vy 2 11y
BEDH P 2% 3 3 SRS T AR SO VR B AL, TR S Sk
[8 1 HYHHE LA IS AT LA Hh 45 S M 4 o 4 T il 2%, {3
J2 , H AT R A7 7R — R 1 TR, An 5080 AR B frg W s LA
ReAE RS A R b 2R R MR | i SEF T AR 2T W0 2% 1 45
SR PEE R R A S S8 rP A I T AR A I 28
TR T HAAANTR] B R0 28 B A ARERY & AEBAT 4R 2 — MR G
PR PRI R, LI FH BAS [ RUASE 18 5 DR 80 2 ) 245 g gy T A —
SE I SR R T BRI — P e
BB
[1] AKUTSU T, KUHARA S, MIYANO S. Algorithms for identifying
Boolean networks and related biological networks based on matrix
multiplication and fingerprint function [ J]. Journal of Computa-
tional Biology,2000,7 (3-4) :331-343.
[2] WAHDE M, HERTZ J. Coarse-grained reverse engineering of genetic
regulatory networks[ J]. Biosystems, 2000,55(1-3) :129-136.
[3] FRIEDMAN N, LINIAL M, NACHMAN I, et al. Using Bayesian net-
work to analyze expression data[ J]. Journal of Computational Bio-
logy, 2000,7 (34) :601-620. (TF4% 458 )



. 458 R R R %27 %
SEIR N, ARSORUR T —F Bk GAPSD, X4 0451 2 PSO
5, mTREIME b5, AR SR T —FRRAIR A 3, XTI TR X SR T
2 2 VRASHT, S T PSOSEREH AL S Ak B, I X) I iTHy 45 5
b o SR PSO Ty He (i BLAS AR T S5 )E L, 28 R 01 AL o
0.5 0.5 S SRS SO R, (S O S AR 3, BBt
o % PSO YR ABFFNELT NI S50 7 SO AT, 3FXE LU BF

s 5 -5 5

_5 0
(&) FIWIERER
RFFHINLE

(b) BSOWIERE R
wT AR

B7 —4Griewanki® ¥zh7 IR ERE
5 HHRIE

ASCOIHT T R SR B Rl e DR B 2 Ry b e i
ZIRIASRE R IR SR 1 10 58 ORI S RE AR S A BIDRE - A9 07
I3 S5 B o R v, 4t T — R e R (R b Tl AL B 1)
GAPSOR Ik, LA RN

QB ANE AR RS R Z S Benchmark i) i
Wl T B PSO S MU Sk WA B B 51 B 28 SUE AR
B TR B AR R RE B AT | R TS A S R FIE
TR R Ty 1), A TTTE 25285 ) B el oy A L 1] 42 Sy
AR s X i B2 AR S B 4 A0, PRAIE T 78 S 4 A 2 fi
L 1 2 SR AL, AT BPALES [) LE E HRLt  o  JR W A
s

b) BT GAPSO SRIL S w5 1 B APt JU) A9 48 & 1k e A
AR FALRE ST, BE— D4R i TSR IBGE ¥ 76 Shaffer
()RR R T RAFRITERE

O A& XIS SFARAE 1A 5 | AT 3G I IS [ T FE 1 7] 4232 1Y
LHEZN,

&) FEZBAS R 1 QPSO R I i M REALIK T GAPSO,
EAE RS [ R PEREENAR 22 , FUAD A SR B0 AN [v] R i
B T4 A BORER (B PEREAR AN AR 1 (9 GAPSO4F,

3% PO AEAS AN SBR[ R iy 1of A BT 5 )

SE k.

[1] KENNEDY J EBERHART R C. Particle svam optimization C]//
Proc of IEEE Intemational Conference on Neural Networks
away, NJ. IEEE Press 1995.1942-1948.

[2] PARSOPOULOS K E, VRAHATIM N On the canputation of all
EEE

Piscat

global minimizers through particle swam optimization[ J].
Trans on Evolutonary Com putaton, 2004, 8(3) :211-224.

[3] #HR,EZRE,E2H,5. — At aE p ki BEBH L xR R
BaAr[ J. AR, 2005, 16 (12) :2036-2044.

[4] SHIY, EBERHAART R C A modified particle svam optinizer
[ C]//Proc of Congress on Evolutionary Canputation Piscataway:
IEEE Press 1998:69-73.

[5] CLERC M. The swam and the queen; towards a detem inistic and
adaptive particle swvam optin ization C]// Proc of the ICEC. [ S 1]
IEEE Press 1999:1951-1957.

(6] M A, Wih. —mhrummasisJ. Fam L3R,
2007,19(5) :997-999.

[7] SUN Jun, FENG Bin, XU W en ba Particle svam optin ization with
particles having quantum behaviof C]// Proc of Congress on Evols
tionary Canputation 2004 :325-331.

[8] Z4am, Ak, B4 BT AHAIGERS] J. #HH
AR5 K&, 2005,42(5) :897-904.

[9] HUANG T, MOHAN A S A hybrid boundary condition for rbust
particle svam optin ization C]// Proc of IEEE Conference on Anten
nas and W ireless Propagation Letters 2005.:112-117.

[10] SUN JUN, XU W en bo, FENG Bin Adaptive paraneter control for
quantum behaved particle swam optimization on individual level
[ C]//Proc of EEE Intemational Conference on Systans, Man and
Cybemetics 2005:3049-3054.

[11] RiF,Ex% Eat, 5. Rt TERAE R[] Ttk

K # %4k, 2008, 37(4) :55-59.

Fa e N, G RB RAETHAAL EELRAX b &

JALJ]. & MK, 2008, 32(15) :31-35.

[12

[

(EBF 452 )

[4] LEARY P, FRANCOISO. BNT stucture leaming package; docunen
tation and experinenty R].2004.

[5] FRIEEDMAN N, MURPHY K, RUSSELL § Leaming the stucture of
dynam ic probabilistic networkg§ C]// Proc of thel4 th Conference on
Uncertainty in A rtificial Intelligence 1998 .139- 147.

[6] SPELIMAN P T, SHERLOCK G, ZHANG M Q, etal. Canprehen
sive identification of cell cycle regulated genes of the yesat saccarany
ces cerevisiae by microarray hybridization] JJ. M olBblCell, 1998,
9(12) :3273-3297.

[7] Hane page of KEGG[ EB/ OL|. htip.// www. genane ad Jjy kegg

[8] KM S, MOTO S MIYANO S Dynamic Bayesian network and non
parametric regression for nonlinear modeling of gene networks fran
tine series gene expression date J|. Bisystem s,2004,75(1-3) :
57-65.

[9] FRIEDMAN N The Bayesian stuctural EM algoritm[ C]// Proc of
the 14 th Conference on Uncertainty in Artificial Intelligence. San
Francisco, CA; Morgan Kanfnann, 1998.571-578.

[10] ZHANG Yu, DENG Zhidong JIANG Hong shan, et al Dynanic
Bayesian network ( DBN) with stucture expectation maxin ization
( SEM) formodeling of gene network from tine series gene expression
datd C]// Proc of Intemational Conference on Bioinfomatics& Can-
putational Biology Las Vegas Nevada [ s n ]. 2006:26-29.

[11] EEA4s 28 34545, 5. AR A MB B HET %[ J. 5=
FEKFFIR,2000,27(7) :737-740.

[12] MURPHY K, MIAN S Modelling gene expression data using dynam ic
Bayesian network§ D]. Berkeley, Canputer Science D ivision, Uni
versity of Califomia, 1999.

[13] 3%k, EEE. ATHAEN M AMELARAERL] I 2HE
F LR ,2008,27(3) 1 145- 149.



