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Predicting the DNA splice sites with conditional random field
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Abstract; Predicting the DNA splice sites has become the most attractive and important issue in the field of

genome information research due to its great help to find gene coding area. Current gene recognition

algorithms mainly consider the global features of the coding area, instead of the specific information of the

splicing sites, which are usually unable to recognize the splicing sites accurately. A new method based on

the conditional random fields (CRFs) is proposed for splice sites prediction. CRFs can capture long distance

dependent relationships between labels and avoid label bias.

Experimental results show that CRFs is

suitable for splice sites prediction and can improve performance.

Key words: splice sites;conditional random field (CRF) ; gene coding area

B NS PR A T3 1 58 180 A= 0 15 B B BIE 5
TEAE 1] J 25 R 2 I ARl o AT SE D 56 7 2 TR 24 £ 6
A4 R 0 A i DR e S RE LI B F 5 o PP B
A B TN T LS A A W 14 B 4 7 3 0OM RNA i T
IS BRASE R AT B A5 5L o DRI I i o i PR 4L 15 R
WSS b e 5| NS TE A Rl . e B2 gy 59 42 07 sl 00
AR J3E i R LA B P IE Hh ) — T B2

7E DNA BT 45 (57 g, F0I0 A1 53 A 75 18D 3 47
WY Z BhJ7 vk b0 DL S R 2% S ) e
BLET iz 25 10T R R AT R B B )

Y ¥ H #9:2010-04-02
HE4WB BRI KEET E (GZ07A103)

AT X S Ty vk R £ R AR B B AL R 1 A
BAFE AN T S NS TSR AR TS
BRES IR n] R T7 ik M T IR 07 6 40 ik U
¥k 32 2 R B B A B I A AE B9 5 R S L R
FEAERTIE ) GT-A G MU B4 25 18 BT 35437 1 Bt it
J 9 25 Bl L 22 18] A AR OGP+ T3k A AR O 1k e & RAY
—EGI AR, SCERLL0T B BF 58 22 A, ) i 3
Z[R)AT AR R TR S A RE 0% B Jey b R S e B 30 £ <
¥ 9 AE 1 5 53 A7 55 25 1F 03 A CRe R3O B Y GE it 4
fiE o S T 2% AT AR Y By g ST P A B T BOH AR AR

EH /N 2 1966-) . Lo, R A I 2# Be @l 2% 322 N F A BALEAFEF 5T . (Te) 13936811937

(E-mail) ywl008@126. com,

http://gks.cqu.edu.cn



130 TR K FFER

334

F8 326 % (S HE i e A 408 Bk & 22 18] 4 A 5C A% T A iE
7 AR AR AR B L 22 1] 56 R 5 5 T AR S O ik R
SRAE T AU S B RE A% 25 18 21 i 2 8] 119 AH LG
ENERE Silg e e i SO ) e R T A C
Bl (CRE)M 52 DNA 39 He 7 s (8 B . 2 AR B
BL AL RE % i G e 5 7% AT K Hh e A 2 B2 BR 1 7]
L T EL B 0 M R i ORI B R Y v ) R Y A G
PR ic fim L A 1] AL

1 MRS

ZAFBENL S (CRE) & —F A T 16 45 5 i A 25 5
{ELE T 584 2 i 1 4t SR A 2 MR 238 1) G 1) [ A R
(Lafferty et al. (2001) ), A X F/R—AE 7] LI#k
WLELI s A7 BEHLAZ B AR G Y 3R i B 1 1Y
“ERENLA RS C RO K MFREYLY P
T RR S T SRR B TG 1 L rh i B AR G
c€CEMBHEBER T @. (Y., X)), CRFs ¥4
BEBILAZ 1 09 45 1A 3 0 o 5 T ) B v & A AT
$ PR L ( potential function) fIEFH

1
WE@“(Y“’X“)’ (D

B 2O = >0 (] @ (Yo X0 5 X BB ik
BFEAHE— . RAERAEE S (S B # R
BN ©.(Y. . X) = exp( D A0 (Y. X)) . DL fl
(P2 L A REOE . — MO N EGE S ) BPEAT 4G
EHEERN., BEKSE R A=A, %
PEBE CRF, 28 5% CRFs 8% 78 % A th 25 i Z 1)
TFEAE— B T R AT e b 7 Pk i B i o %) A AR ]
KUY . e 1A H D E SR 5 4B AL
LA O AR Y 5 X s B0 B T BB 1Y B
tHF AN AT LA (2O B
Y = argmaxPy{‘(Y | XD, (2)
7 CRF's BB A o (1) 2 A 56 5 In] 9L B 50
fETHFIRIE 8 . S8 T I 2 Bl 4 2 S 15
AFEAE AL S R0 BRI 5 A= (X150 s -5 Ak )
B AR, BENZrad B R x5 Tl kBl 45 D=
(XY X = () LA
EANTEHY D = {31 s 357 s oo 35 F R AH N B i T
Sk RAR e T ) . AEYIGSE D={X", Y},
TR X

N
LA = Dlogp(y@ | ), (3
i=1
DA A

N T K N
LA = DD D A fe G ok o) — D logZ ™),
i=1

i=1 t=1 k=1

P,(Y | X) =

@

N T2 2 B AL I UL E 1 D X Rl R 2
s BOKE 2 B Se g o A R R R T e S e R R S

N T K
LA = D202 > A1 (7 sy al?) —

i=1 t=1 k=1

N K AZ

SllogZ(x) — > 2L (5)

i=1 = 20
WENGIRRE &)

N T
dl i i i
3(/1 = DDA Gy —
k i=1 (=1

N T K
D2 ey pyay | 20 = ] i% ’
7 k=1

i=1 t=1 y.y

(6)
B8 — WO KR £ TR 56 70 A R B3 R A5 26
TIUORKFE f TERCRL AR B R . X T BT
TR AR A Sl A MR R s B

2 LW
2.1 iR

S I B s A ok BN 28 B 45 7 BHE
HS3DM (homo sapiens splice sites dataset ),
HS3D & M Genebank Rel. 123 i1 B9 A& 31 K 4
A N e eI R AN WA | N S 1 o o e
Sannio-Benevento K2g 1B PR 2 # #% Salvatore
Rampone @57 1. H BYJE R 1 45 & K 09 31 50 FEE
FEARIC AT HL 7 1 5 90 4 AR A o 09 B8 A1 kL, DA
R I 25 5 38 31— 5 00 st TR B

TESEHAY GenBank (R K257 5158 43) Rel. 123
A 162 557 N4 H . HS3D BUT 411 58 % 4 5 FF
%] CDS (complete coding sequence) i A 2K #% 8
DNA, I Pl i T 4 523 S48 71 3 802 N
T XX A RN, HS3D i DA [l 59
Lm0y 140 I 5 1 RN e Al e T 3
799+3 799 MIA Z RN A . X LT R R A
65+74 MFA AT GT-AG M 37 4% 5. A
6861589 A E i A5 OIS fE 3 B 140 4> Af & 19 7
FOMFS A 29430 44 AGCT B £ 1) 5 51, A
2184226 MICRITHN . EFFHIX LT Y] )5, 15 5]
2 79642 880 AL T

s 38 A 7R AR 8 2 A AR FOE GT-AG
XPHRE] 271 9374329 374 NN ST E . H
rh L B R S Y A A/ — 60 B 10 O 3 4 A
RAARIC By .

£ HS3D H, SR L N & F S A 7 i Fl 32 14
a5 B A A 1 B

BRI B S 140 o R B 0 AR ECH P
PRI R BE T A1) o W AEAA T A5 RS2 A7 2 B A2
A 25 A0 A AR AT 5

http://gks.cqu.edu.cn



% 10 4

M ERLE ARSI LI DNA 3 4245 5 69 Tl 131

EI _true.seq d escrip tion:

AB002059(1,1,1):...CGTGGTCTATGTGGTAGGGTAAGAGAGAAGAGCTT.

140nt splice site
GT at nucleotide 71

Entry progressive exonid intronid
Number

IE _true.seq d escrip tion:
AB002059(1,1,2):...GCCCGACTTCTCCTCCCCAGGTGGGCGCTCCTCGCCA.

AREANN

ve mironid exonid

Number

140nt splice site
AG at nuleotide 69

1 HS3D ##5% DNA FF#% =

2.2 iEMiEER
Xof B 42 07 gt A9 T — f R T R AU (S, BY 4540
TR A %) B — B (Sp s AAE B H2 007 4 500 o

) S PRl A7 1) P B
TP

St = TP YN’ 2
- TN
SP = TN *FP’ &

Forpr o TP Shy T 6 B0 19 B 32 7 s CBEAR 07 45 55
SR SO BCH s TN Sy IE i 35000 1) 3F BY $2 47 5 4
H s FN S #5u 5000 i 85 45 67 i 80 H s FP R 4 52 il
T AR ST 4 RUBCH

HF TN+FP it 2igic K F TP +FN. 3
BR300 Sp WYX Ay BEARE R SRR ) T
XFF Sp By uH

Sp. TP

"~ TP + FP°

X A7 s RO A B, B R v Y SRR
B SR A R e S e . R R R AR L (H R
P FE ARG S DU 7E 52 B 7 oh 23 7 A e BE 3 A0 A BH 1P
AR SE S IR S P AR e T BB U 7 AR
o HE RS AR A B P o X R R R S A AT A
e AV L A DR 3 7 SR
_ 25nSp,

(9

R (10)
TN — EFP N
TN PR TP 4 FN = 0
TN — FN

EN  \° P\’
l_ﬁ\/<TP+FN> +(TP+FP) ’
IF: TP + FN # 0,AND,TN -+ FP - 0,

(1)

2.3 SRBpER
SEIG A AN HS3D 04 14 Hh 43 501 B ALl BT 43t 44

L RS2 A4S R R L SRR A B 500 Ak BUFE A B
1.000 />, 43 59l 126 L SEEAE AR B8 400 A o JE AR FE 4 %
800 ™ ik Ay Il 2 B34 4R T 4% 114 5 40 s oy T 3 K 4
LTI RINE 1,

x1 HEMAFBNLER
Q F

7 5 Sn Sp

PR S 0.967 9 0.997 3 0.967 3 0.349 5

ZARMLE 0.928 8 0.996 6 0.939 4 0.297 2

R2HR I PRI LS ETWERMSE T
B VB T B Markov BERY A 7 i R EE T 5 R
AR SVM J5 11 45 X B He A7 a3 T 2008 19 0 1L
H X EE 45 2 1T R0 B 2% AR B AL 3 2 AT BT 452 00 10
PO SR RCR B THE T A AR —
ol 5 385 F) B 12 07 T 5 3%

R2 MRAZEETHFIEXFHENM SVM FiE &
FHEMKTTE & TR Markov R B 77 X4
b4 BT 2 o R T SR B9 R B

P AL Sn Sp
WF5E 7 ¥ 0.967 9  0.997 3
BT RIS EA SVM Jrik 0.9240  0.900 0
HE T 22 ) 46 1 7 12 0.9241  0.997 9

e F B Markov #6551 fify J7 1 0.951 8 0.926 0

R3 MRAESETHEMSZ TS EME TR Markov
R B Y 75 5 3 32 4 B 4 L o T 380 SR B X L

ZARNL S Sn Sp
WS ¥k 0.928 8  0.996 6
I i 2 W 45 19 5 vk 0.8734  0.996 8

e F B Markov #7814y 7 s 0.910 2 0.954 9

3 & it

PR T — i 3k T 4% 1R B AL 7 09 A7 AT B0 O
%P0 HS3D pyk o Bda e b 47 7 9000, L 2
R BT 2R A B 19 7 35 RE 96 4 I TN DNA
Fe i vh B BT R i . (H H A CRFs B9 2 8ol 25 F5
AR T #5694 3 A7 75 T 2 A8 1Y 1R L 32 T 2 BOpl T A
FRAE T I 20 3 B 1 Bk R O A TR I — A WF 5
Jr i

http://gks.cqu.edu.cn



132 TR K FFER

334

S 3k :

[ 1] DASH D, GOPALAKRISHNAN V. Modeling DNA
splice regions by learning Bayesian networks [ C]J.
CBMI Tech Report, 2001,11:33-40.

(2] 2%, £, M, 55, 267 D1k 0 B 2% 19 DNA Y 51

SR R BILT] A Yy B4, 2003 4. 56-60.
LI AO, WANG TAO, FENG HUAN-QING, et al.
Predicting splice junction site in DNA sequsence with
bayesion network acta[J]. Biophysica Sinica, 2003,
04. 016.

[ 3] GUYON I, WESTON J, BARNHILL S, et al. Gene
selection for cancer classification using support vector
machines [ J]. Machine Learning, 2000, 46 (1-3):
389-422.

[4]SUNYF, FAN XD, LI Y D. Identifying splicing sites
in eukaryotic RNA: support vector machine approach
[J]. Computers in Biology and Medicine, 2003, 33:17-
29.

[ 5] B5y Aok 25078, R 5. TSR a1 T A 268 5k
5'/3" s B bE 0y by s (1], BAR A o IR 2k R
2007.5:22-30.

YANG WU-RIFTU , LI QIAN-ZHONG,

vector

LIU LI,

et al. Using support machine to predict
alternative 57/3" splicing Sites of Human Genome []J].
Progress in Modern Biomedicine, 2007, 5; 22-30.

[ 67 224100 4% 2 4, 5K Fi. DNA JF 51 43 2 10 b 25 19 4% 7 12
CJ] L SEpLG 2. 2003, 2:33-40.

LI YIN-SHAN., YANG CHUN-YAN. ZHANG WEI.
The neural network method of classifications for DNA
sequences| J]. computer simulation ,2003,2; 33-40.

[ 7] TONGLI C, QINKE P. Predicting the splice sites in
DNA sequences using neural network based on
complementary encoding method [ C]//Proceedings of
International Conference on Neural Networks. Beijing:
IEEE Press, 2005,10(1) . 473-476.

[ 81 EEME, NG . 20115, B Markov #5878 95 4% £ s 1L
TR LT DL 3 A R 24 s AR B4 IR, 2002,42(9)
1214-1217.

XIA HUIYU,

ZHOU QING, LI YAN-DA.

Application of hidden markov model in the recognition
of splicing sites[J]. Journal of Tsinghua University:
Science and Technology ,2002 ,42(9); 1214-1217.

LT EMEE, N A AR, B AR08 K H A 5L DR 5l v iy iz
[T B 9 525 5 AL, 2006 (09)  22-25.

CAO SHENG-YU, LIU LAIFU. Hidden markov
models and their applications in gene finding [ J].
Mathematics Practice and Theory, 2006 36(9) :55-61.

[10] A7 305 A B AR BRAF. B 2R T A 2 5 5 ] o7 a5
PINLCT/ T EBES B ANRERLR . TE s
n],2006.

L1 Bz, AR 4, R 20, 5. T B S /R A] R A AL 1Y

DNA 75 FILT]. Aerg 8 T K224 . B SR B2 0
2007, 8. 26-29.
LUO ZE-JU, LI YAN-HUI, SONG LI-HONG, et al.
Recognition of DNA sequences based on hidden markov
models [ ] ].
Technology: Natural Science Edition,2007,8. 26-29.

L12] VR4 2 BBk sk . JE T ¥ PR URE I SVM 11
S YL L], S AL TR 2009,35(5) :180-183.
SUN HE-QUAN, PENG QIN-KE, ZHANG QUAN-

WEIL Splice site prediction based on characteristics of

Journal of South China University of

sequence motif and vector machine [ ] ].
Computer Engineering, 2009 ,35(5) :80-183.
[13] LAFFERTY J, MCCALLUM A K, PEREIRA F.

Conditional

support

probabilistic models for
data [ C |//In

Conference on

random fields:

segmenting and labeling
Proceedings of 18th
Machine Learning. [s. 1. J:IEEE,2001.

[14] POLLASTRO P, RAMPONE S. HS3D: homo sapiens
splice site data set [J]. Nucleic Acids Research., Annual
Database Issue ,2003,2:45-52.

[15] BURSET M, GUIGO R. Evaluation of gene structure

[J7. 1996, 34

sequence

International

prediction programs Genomics,
353-367.

[16] ZHANG R. Evaluation of gene-finding algorithms by a
content— balancing accuracy index[J]. ] Biomol Struct

Dyn, 2002,19:1045-1052.

(% & #)

http://gks.cqu.edu.cn



