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Motif Identification Based on Gibbs Sampling and Genetic Algorithm
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[Abstract] Based on the idea of Gibbs sampling, this paper initializes the first population by selecting the candidate motifs corresponding to the
peaks, and proposes an improved motif identification algorithm. The definition of the fitness function adds a parameter, the number of occurrences of
a motif, more in line with the characteristics of biological data. In order to maintain the diversity of population, the algorithm uses the IUPAC

degenerate code for mutation. Test result of real data in the DBTSS database shows that this algorithm has higher identification precision and quick

search speed.
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P 5TFF S, BB [1S):d(B,5)) < 0| Fom 58k
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P: AGGAGGR

Si: GTAJAGGAAGGITATAGIAGGAGGATTTAAG
S,: TGGAGGGTGCIACGAGGATTATATATGGT
S;: CTGGATAGAGGAGAGCATATGGAGATAT
Ss: GCGAIAGGAGGAIGCTGCATATGCTAGAAT
FS\(81,P1)=6.5/7x2=13/7
FS(85,P)=5.5/7x1=5.5/7

FS5(85,P1)=0

FSy(S4,P1)=6.5/7x1=6.5/7
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TFS(S,R)=-1—7 7 15
4 28
24 BURRBIEEHR
P BARRA R Gibbs SRk EUAR A= pst 4% 51 6 1) 46 b
B, AR —AEET AL FIE BRI . kR T
Begin
(1) InitPopulation; /*] & 4k A #*/
(2)  SelectStartposition s=(s1,82,*+,8m); /*F2 4f AL B */
(3)  ConstructPFM(s,w);
(4)  for(int i=1;i<n;i++)
(5) for(int j=1;j < L-w+1;j++)

(6) score[1,j]=p;
7 end for;
(8)  end for;

(9) JEPRIGEAE X 7 B F £ 15 Ay BT IR0 A (n);
(10) While(iteration number< M)
(11)  for(int k=1;k<n;k++)
(12) TFS[k];
(13)  end for;
(14)  Sort TFS;
(15)  Selection;
(16)  Mutation;
(17)  Crossover; /* B g &8 X */
(18) end while;
(19) return the transcription factor binding sites.
End
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3 ZRER
S HHR R B T-43% & DBTSS(Database of Transcriptional
Start Sites)o R 51 I\ 55 86 A% 45 AY—2 000 bp~1 000 bp,
4+ %I DLD1 ft MCF7 2 SRR AT IR REEEHK
JEa 8 A 130 S T HER T, E SCIRBLHE, B URACEAERLR
R o B B o DRIC A B BEE R 25%H0 18%. PR SCHE
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K T A - - BB
PRELE=25% IR JE=18% (25%3i% )
8 CATGCTTG 24 20 24/50
8 ACACACAC 15 15 13/50
13 CACACACACACAC 13 12 12/50
3 GBGA BN MCF7 MBUAN AL R
ik ) B B TR B GEEL N2
K B i LR — — B FIB
DRALE=25%  RELE=18% (25%3R )
8 CCCGGCCG 21 20 20/50
8 TCCTCCCA 19 15 16/50
13 CCCGGCCGLCGLeee 10 7 10/50
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MEME CATGCTTG 24/50
Gibbs Sampler CAAGCTTG 11/50
KBy CACACACACACAC 12/50
13 MEME  ACACACACACACA 12/50
Gibbs Sampler TGTGTGTGTGTGT 10/50
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CCCGGCCG 20/50
) GBGA TCCTCCCA 16/50
MEME TCCTCCCA 15/50
Gibbs bt GCTGGGCC 13/50
GBGA _ CCCGGCCGCGOCT 10750
13 MEME  AAAGAAAATGGGA 7/50
Gibbs FH  GGCCCAGACGCCG 9/50
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WECH 11, TR AR A0 238 2 IR B A A S
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