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Abstract
In order to explore the early dynamic changes of type 2 diabetes mellitus, this paper analyzed the
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tissue-specific expression data of mouse specimens to obtain the evidence of differential expres-
sion between adjacent time periods, so as to characterize the dynamic changes of differential gene
expression. This dataset contains abundant spatiotemporal information, but it is difficult to make
full use of it in previous studies. We pass in the potential state specified on Markov random field
(MRF) combined with space-time structure of complex data, using the Monte Carlo calculation
model for the expectation maximization (MCEM) algorithm parameters, its key characteristic is
also considering gene expression level of similarity space and time dependence, simulation re-
search and the example analysis results show that this method has higher sensitivity. More DE
genes can be identified and more biologically significant results can be extracted from the data.
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1. 518

B PRI A& — FhHE DR VB IS MR, 18V IF AORE W] R 4 By S BEER T, Rk IR R P B I 1) i J AR

o ZRURE RIS (T2D) o5 4 R s J 3 S B T LR DA b, BB PR B R T R & B 40 () AR B2 L A AR A3
MU, MBS T AR, eI & AR R, & 5IEmREST BIRIR . Bk, 2hih “p
PRI FRRCR I T0GYT B KA R T e R & A0 PR X — wE

H 20 tHa0 90 FEARH G A, D RARE FIHE AR (] H IKAE 52 BB E S T2 0, RIEHIA AR
R AT AR B3 R R IEACTE BT B 2 T RIS R G2 b i — A8 H s
EAEFRATT Bt i Tl 470 7 P A U DR 2 /KT (R AR A 0, X SR mT DA G v b W ik DR 4%
W% A, 2 AR SRR BN, i G3BEAR - & A FUHEAERH MZ PP,
R N AL R LR IA 4%, AR WiRAE5s .

WATHEAT RV ={L-,p}» LEcV =V HREG=(V,E) LREMME . X TMAM7E, 2 H
A7 AT AT R J PRS8BT AR RN MSL B LT, (i, j) e E - st BUEEAY(GGMs) I 2
LWL SR AT SR A IS B e T2 — . il BRI — R R, GGMs 2l T 20 4t 70
FRFEH, X & T AP Dempster [1J AR, TR 2 [ RN 245 1 T R . /£ GGM Hr,
e p BN R X =( X, X, ) RN SCR M0 N (1,2), ©=37, ATLAEM] X, A1 X (5%
PEST @, #0: X, L X, |xv\{, 3 ©0;=0. 7E GGM 1, AT SN TG 0 hidER% H.

N T AT GGM, Meinshausen & Buhlmann [2]3E B 7 f# B B2 AR 0E R & — M5 G| T bR dE
P75 ZE R e 24 P AR TR o AR B A A T 1 P AR A R B SR R, RIS T
LR (AR B . (AN UE B T MR AT ISR BT o T e B — 8L H— S GRS S50
%8, Yuan & Lin [3[#EH T —MA REZORY E Lasso A RFIEE S, IR IX Sy B EA U
PERE, E—E4M T, Lasso Bk H A —% M. Friedman et al. [4]2% FEFH ¥ 7 246 % L1 Lasso
TETIRAG T AR B B 10 R, R Lasso MIARAR N FEIERE, R 7 —MEHRKEIE Lasso Hik, W AE
%% (glasso). Caietal. [5], Dobraetal. [6], Wang etal. [7]5:= A FIFEXTE1T GGM i T ¥ £ 5Tk
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AR SCHR B AR R B 10 /N BRAR AR 1 ZH B S A Bl 10 20 M PIriOR 1, AT T 9 B 20 By ) B
FRA AR R IA R, /N RRE AR, ANEMSEEHDAERRNEEERELEAR, N
THBHM A ZEEE D FE NN TEE, AT ERE T 5K 0] K BEAL I (MRF) AL 5 AH 4RI (8] 2
ZE R RIXFL(DE), HZFRERIEHE & RA(MCEM) RIETHE B S50, 25 [EAS [F] I () AN [R]85 B 4 21
T FRPEAR A o FRATTRR) 7925 ) SR BEARFALE A2 [ I 285 8 A DR 3 1k 7K~ 1 23 () AR LA AN PB4, R A5 AH AR IS
B B 2 TR ) 22 e AR U, DASRAEZE R 22 e 3R sl 28k, TR Ft — 2bE PR a1k, DA
B4 B PR B P B S RS IR .

2. BB
2.1. EREFAPBRSERE

XF T TR R, R B A ROAREENL,  RE S TR AREZE R AR D, B I K
W77 s Wrinh 3 DA AT REE & A 7RI A0E RN B 824k, FRATEE 2 A/ BRAR AR () 20 21
Rt A HHE, SRAFAH AR [A] B2 8] 1) 22 5 A IR, DARAERE R 22 e RIK (M B 48K

R IAMRB B =3 /505, HHIE BRI = AbRAEAHL, T =3/ ENZE 1. 9 . 18 4
SEAMERE B, G =45101 AFEKE . 4 n, FORFEXIR b AL, SRR t /N B EE AT IRE
Ny = (Mg M= Ny ) JIXIR b ot BB SR, N = (N, Ny, Ny ) B

FABBE Yoger K =10+, IRAIIEA g1 MTT 2209 o IIEZST3AT Yogqe ~ N(ubgt,ag) S e i
IR, Rk g R EAEXIR b N2 t thRIE, DL, Mok, JAMER w,y BEOE HT 0 A

Higt |ngt =0~ N(:ulb'o-lzb)
Higt |ngt =1~ N(ﬂzbaazzb)

PATVBBAER € (K X35, TR 5 B I EAN T Z A F a1y, 0,0, BRI X S EUA R . Yy,

1wy, 0 F TS B TR
Yootk |ngt =0~N (/Jlb’o-lzb + 0'5)
Yootk |ngt =1~ N (ﬂzbvo'zzb +602)

SRR X B 1 (Y|X) =TT TTT T (Vo o) S 0E8ESE, 00

b=1 g=1 t=1
f (ybgt |ngt ) = :l—iil f (ybgt |ngt ) :

N HFRA D T2 R RIS R (DE) I 70 B, BATHE S IS B B B 40 v B Bx G = (T 1), EAH
ST B Z T BAAT tASLER IR t GETHR 0 2 ~ scores o 1 Yyg oy A1 Yy 230 t-1 15 t I 2 X450 b 6] g
MRIAER R, YA t G &R

«

ngt - ng (t-1)
S

Frt S 9 Vi, = Voo FORRHEIRZEMOME T, SRR Y B 1) B0 2 ~ scores

gl
Zbg(t—l) =0 (Fnbt+nb(t—1)—2 (tbg(t-l) )) '

e nb@J(t—l) A nbgt = Yogt-1) il Yot HESEE .

by ) =
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BERIE B B Gx (T —1) B Z FoR . s, FRRFRRIE A g £ XI5k b 2 SRR B t A t+1 2 [A] 22
FAIE ) THERITERRAS, X R IATHEWTRT H 1. B S AR Bx G x(T —1) HIHHIREHAL. 1 s, I T,
TV 2,y BAER5

f (Zbgt |Sbgt ) = (1_ Shot ) fO (Zbgt ) + Sbgt (Zbgt) :
St (2) REHTE, () RFBHIL. &M%&Egﬁ‘ﬁﬁ@%N@@%ﬁ RA RS MR
DU HrHEZE (Efron [8]), JEIEfE R AL locfdr KiAE % 8 5 BAMERAG . DE S, BUESRIFIAL:

f(2[s)=T1T 111

f zbgt|sbgt).
b=1 g=1 t

2.2. MRF {£8Ipy 0813

EIRAETRAIHERR H AR 50— A SRR AL G 0 A IR R AR S AL X AT MRE R
X IS p(X) o X TAASER g, RATWE - AEREG, =(V,.E, ), b
Vo ={Xpq :b=1 Bt =1 TR MMES, E, RUMES, E, HE, 5 E,y, 4R

Eq ={(ng[,xbrgf):b #Db't =t’} S A R 0 DX 42 IR 2 A A A (030 2% E ={(xbgt'xb,g[,):b =b’,|t—t'|=1}
PSRN HEINIR I R P RETE Y S CE AP
T p(X) BIERE AT, JATESL T SIS 52 B MRF 17 (Besag [9], Lin et al. [10]):
p(X |d))m]1exp{y02|0(xbgt)+;/12Il(xbgt)
9= Vg Vg

+ﬂ1EZ£[ lo (ngl ) ly (Xb’gl')+ Il(xbgt) |1<Xb’gt’ )] 2-(1)
NI RCHIN )

Hep 1,0 5 1,0 NEWEREL 2 y=pn-ry, WRFIFHER.
exp {ngt F (% (D)}
1+exp{F(xbgt,CD)} 2-(2)
F (X, @) = 7/+ﬁ1§)(2xb,gt —1)+/32{|H1[2xbg(t71) ~1]+ lr [ gy ~1])
Horr g iR AMNE IS5, B, Fli3RIN 1R [A g ) 2 4
PR, BATHE &SR A p(S) K1 MRF LR, [ 2558 1 I TR A2 T AR oA . BRATTHE 3 A

DX A B, Fon BRI, B ARBRAR DR, BREBERIRELT 2-1), TSR F BRI R A
LT

P (Xoge [ X5 @) =

exp{sbgt FDE (Sbgt 'q)DE )}
1+ exp{FDE (sbgt,thE )}

p(sbgt |S/sbgt O ) = 2-(3)

WkbeB,:
Foe (Soqt P o ) = 70 +hBp % > (255 —1)+ﬂpnbyzB (2554 1)

€Bnyp &Bn

+5, { t2l [2Sbg(t—l) _1] +la I:zsbg (t+1) _1:|}
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I:DE (Sbgt'q)DE): VpE +ﬂnnb,§4 (Zsb’gt _1)+ﬂnpbz‘:3 (zsb’gt _1)
B, .

EBn/p

+5 { It;tll:zsbg(t—l) _1]"‘ Lo [zsbg(Hl) _1]}

S Do = (B Buns B Bro )+ B JIMIRIR Z N7 REL, 3, AR K 2 [0 1 R H, B, Jal
TRIX BT X 2 RG2S W R 4, BRI BIBRIRIX 2 [ 20 R o, X RRERT A, B, = B -

3. Y5 RN RMTT
3.1. BT
311 p(X) KISt EE

flitt MRF 28 @ = (3, B, B,) MR G SH 0 = (1,005 145, 0,) -

RS EHA X, ©, 0,7 UE & AR THMLE) AT Al 1. (H2, RS X B ARUWER1,
DRIt 55 AT A T o T8 X R SR B A T S A EE B KA (EM) SR, (H T HAZE 0O DAy thi], (R
ANTE AT RATEAR . ik, FA$2H LIS MCEM BE[111R M1

1) AL TR oy -

R G B T _ 2
S e

2) TEANH AR AN () AR B 0 T 33 T 80 ) o TV A R RS AA  THE X O

3) BABAE N O KRR MLE, FTLUEERIAMT O, B4 o /3 5 LLR Py blak i %k
I()Z;CD) (Besag [12]):

I(X;(D)zlilili p(;(bgt X [fog ;(D)

4) 2 V¥ =(D,0), EM FFh U 5 BB Bk Al 525 -~ % 7 ik (Wei and Tanner [11])32
Gpuxie

Qu (Y[ =S (v, x| 3(1)
Horp X O X O i HF AR . X OB, XD AT 4 B &R 5 20 5T
P (g Y X/ X0 s P ) 2 (g X/ Xog 3D ) F (Yot Mo :6) 3-(2)
5) FAPUY TR, Al 3-(1) KAk

YD — argmaxQ, (‘P|‘i’“) )
v

500 3 A, ATH Qm(‘P“i"”)qﬂﬂﬁ{?yﬂuﬁﬁ@%ﬁ’g‘?ﬁﬂu%@ﬁo BE O, ©MIHRM T EK,
UEw] A S BEAT AL o
6) EELIR4, WIS, HEWHK.

3.1.2. p(S)BHfdiH EE
N T B R B HERS 1)) DE JEDH . TEIZBR L R EA MR MRF B0 S O o i E %
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5 BRI EVER — el 4t
1) Lk Z ) z ~ scores i locfdr F2FFAili 5 f, .
2) AN pE A ) RN () A0 BBt 6 B TR S TR SR A0 S
3) PAFVIEM T Do FIARALAID IR 55 %L -
T-1

($i00e)= [T p(5

b=l g=1 t=1

S/ Spgt P e )

LAt DSy [S/ o 1 P ) 11 2-(3)FTE L.
4) I SR AU T TR I T8 BRI X HUALAA -

2 om)_1lx ® i
Qm(CDDE“DDE )_mélnf(Z,S, |(DDE> 3-(3)
Hrrs?,..., st Gibbs SRAEFKAF, M ST F SO R FTA 2% H AR 41 2R I 585
p(sbgtz’ S/Sbgt ;&)DE(r) ) o« p(sbgt ‘S/Sbgt ;é)DE(r)) f (Zbgt |sbgt) 3'(4)

5) it @y FH ALY, B EEHE A 3-3).
6) EALWA, HWS, HEWL.

2. R

RN TR IE MR ST, FRATSEEL T — AN Gibbs SRAFE, JFidit MCEM Skl i1 24
TETEIRSHYE 3-(2)F0 3-(4) KR TE B, T X DE e R HEWT, FoATTR A2 T /5 50 22 1) FDR 5 X (Newton
etal. [13]; Li, Weiand Maris [14]). J&#lJ5%: f.dr Gy = (S =0[Z ) Hi Gibbs SREEAME IR . diy N U

T Ek=max(tIY gy Sa) ARRIHEEFHEREH, . s=Lok.

4. (FREMS KBS
4.1. {REEH

N T P ERATTHR ) MRE A8 () 1 BE AT HEAT 107 AN . AERADL i 3 0 S A B R T AE 3
AN, 3 AN TA) S 500 ANFE A I 8E . FRATTFE R T P RISADL B B AL -

B 1. H Gibbs SKAESS BRI . KAES M — AT HE2E EE B¢ DE ML 4G, £
— R FHEAAEEREE S, B ETERS ARG 3-(7) 07 58— AT 7 =505 A ke, DARTIBTE
[fPRAHALS. ZHON: ype =010, B, =031, B,=052, B, =006, B =0.14.

B 2. ERFA) A 1, BT RSB T MEZR 30 0.1, BRI By JR AT JARAS BET (RS AY 52 2
—ANFEEKAE =1 %08 DE, t %1485k EE M55 9 0.5; 9 1 {5 DE JEH EEAZS, RATBENLESEA
[FA R EE BLRTE t Bf %) 3] DE. =2 MBS RV ERMEFE R SRJEHHLIERE DE REKA
[ (0.1, 0.2, 0.5)V1# )y EE; AHFEIEE ) EE RS WYIH )y DE, LAORYF DE H L EAAE

BATERURE . R A1 FDR 1% = AN 7 T bR IR AR B (L22 1) KT MRF AT EB #58Y, A1
%P T =001, /L p-values<0.05, %] FDR /MT 0.05, 5 EB MLL, T E(MRF) T & R
BB . T A ARAL R BRI, B, AL HMM(0.1)#] HMM(0.5), FDR ZEFRATMEE R g A 18 b, {H7E EB 4
B I S A
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Table 1. Comparison between MRF model and EB model
# 1. MRF 5 EB HIELER

Simulation Model Sensitivity Specificity FDR
MRF 0.654(0.031) 0.997(0.001) 0.035(0.012)
MRF
EB 0.500(0.035) 0.998(0.001) 0.037(0.011)
MRF 0.698(0.042) 0.998(0.001) 0.037(0.011)
HMM(0.1)
EB 0.498(0.051) 0.998(0.001) 0.035(0.010)
MRF 0.628(0.040) 0.997(0.001) 0.037(0.011)
HMM(0.2)
EB 0.496(0.045) 0.998(0.001) 0.035(0.010)
MRF 0.535(0.036) 0.997(0.001) 0.049(0.013)
HMM(0.5)
EB 0.511(0.037) 0.998(0.001) 0.038(0.010)

4.2. SKBIsrHR

A SCEARE KR BN RAR AR SR R A AR HE SR, Y5 v GSET7943.

BTATNH MRF BRI A AT B 2 (8] DE 2£[K . 1247 20 X MCEM 5% 1i%4X, Gibbs KAif4s
f¥IBLE v 500/1500, ATt MRF 2808 yp =-021, B,,=0.34, fp,=053, g, =006, f=015.
JB R 5 AR TR R IR R B, 1/ T IR S AR B, AIAEIR R S AR R 2L B, R YIRS ARBRR X i
V)[R 2EL 1) 22 S o R BE U8 AR 2 () AR TR ARt 1k BT, AR 7 A Ay 1 B (1) 22 56 DLt Hir(EB) A AL, T =) FDR
PEIFE T, MRF Al EB A58 o (R BRI1E 43 514 0.46 A1 0.32. 78 PAMBRAY Hh il %5 52 A DE (13 K %0 =2 30,605
(MRF)A1 13,273 (EB), M. 11,149 (84%)HE & . %m0 B{E FEHE MRF &AL i1 5y DE 1) 58 2 £E A

JE B NEZ 0T SR B U, BRATIE IS R S5 R FDR 0 BRI R VT S R AR e, FRATTRE AR
SCHEH A MRF B EB MBS EAT 1 Ho A, A BB BE V80 B [R) R 2 (R AE  0) T W 443 il 42 1 ROC
mzanld 1 froR, 5 EB AL, MRF AR AUC AR K, MRF BB MERERE 4, MRF B\ %5 (A
AR T S 2 .

Receiver Operating Characteristic Curve Receiver Operating Characteristic Curve
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Figure 1. The ROC curve of EB and MRF model
[# 1. EB 5§ MRF #22f) ROC Hhzk
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5% R A A B S E— A RO TR, JRATTRT BT AR 2 A 22 AR IS R . A, JRATIAE
FIT ol TP ST TS5kt B 7 RAd T B BT, 25 1 S AR W R BEALIZ oK & O AT I 23 S5 ) (R it
i R FEANSEGI 3 A W], K 2% (B 854 5 R BB @ BMEZE rh g B T4, 5% I miiiR A
RUAALL, AR EAT RBULHE . HEIRRBIE 2 (1) DE 2
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