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A New Algorithm for Identifying Conserved Signals in Sequence Sets
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Abstract:Motif discovery is an important and challenging issiie in computer science,mainly used to locate conserved

signals in a set of DNA sequences.At first,a graph clustering baséd motif discovery algorithm MCL-WMR is analyzed and

its two drawbacks are discussed.Then,in order to overcome the two drawbacks,an improved algorithm of MCL-WMR,named

as iMCL-WMRis proposed.Experimental results showsthat,with abefter time performance than the compared algorithms of

MCL-WMR and qPMS9,the proposed algorithm can process hundreds of sequences within one hour and deal with any case

that some input sequences do not contain motifinstances.
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Algorithm MCL-WMR

Input: 1,d,S={s1,s2,+,s,}

Output: a motif

1:build a graph G according to the given data set S

2:select a reference sequence sr from S randomly

3.for each I-mer x in sr do

4.generate a subgraph G' induced by x

5:cluster G' using MCL

6:.for each cluster do

7:if the weight of the current cluster{is .above
threshold then

8:verify that if the cluster contains a motif

9.if find a motif,output it
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Algorithm RefineCluster

Input: 1,d,S={s,,S,,"*»S,},C

Output: a motif

1:generate a consensus c¢ according to aligned
elements in C

2:score« o« ,curScore<0

3.while curScore>score do

4 ;score«—curScore, C—®

5:for i—1 to n do

6.put an /—mer x in s; with dH(c,x)=dis(c,s;) to C

7.generate a new consensus ¢ according to aligned
elements in C

8.curScore — IC(c)

9:output ¢ and its score curScore
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Algorithm iMCL-WMR

Input:/,d,S={s,,s,,,S/}}

Output:a motif

1:compute the signal degree for each /—mer in S

2:divide all /—mers =S to three sets L,,L, and L;

3:build a graph G, using the /—mers in L, and L,

4.forfeach /-mer x in L; do

S4generate adsubgraph G' induced by x

6:cluster G' using MCL

7:.forseach obtained cluster C do

8:refine C using algorithm RefineCluster

9:obtain a motif ¢ and its score curScore

10:rank the obtained motifs according to their scores

11:output the motif with maximum score
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Tab.1 Results on different(/,d) problem instances

u,d) iMCL-WMR MCL-WMR oqPMS9
9,2) 1.00 (20s) 0.93 (2.3m) 1.00 (1s)
(11,3) 1.00 (42s) 1.00 (5.9m) 1.00 (2s)
(13,4) 0.92 (1.2m) 1.00 (9.8m) 0.97 (6s)
(15,5) 1.00 (4.3m) 0.98 (14.4m) 1.00 (32s)
(17,6) 1.00 (6.8m) 1.00 (18.3m) 1.00 (2.4m)
(19,7) 0.95 (11.9m) 1.00 (28.6m) 1.00 (12.7m)
(21,8) 1.00 (15.4m) 0.96 (45.9m) 0.98 (43.6m)
(23,9) 0.96 (19.3m) 1.00 (65.4m) 1.00 (2.2h)
(25,10) 0.98 (33.0m) 0.97 (78.8m) 1.00 (6.1h)
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Tab.2 Results on data of different scale

n iMCL-WMR qPMS9
50 5.6m 2.4h
100 11.2m 18.9h
200 18.6m >24h
300 25.4m >24h
400 32.7m >24h

500 43.2m >24h
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