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(1) K 22 BT A 8] ) A AE AR bL 3R, o T AR IR SR 26
FisF ) R B R B T A BB BB R K. B R
FHAN (4 75 208/ 0 FLAE < 3 [Ty 225 7 4 Hh i
BA l-mer x, lf x FEF I —DFE G X4
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(2) TEHEA SN Z B ) Responsibility {H.

r(ik) = w(i,k) - max{a(i,k') + w(i,
EYL, 1 <k <n,k" #k,

(3) AR ZHE Availability {A.

a(i,k) = min{0,r(k,k) + Emax{o,r(i',

B)YPE,0 < i <n,i’ #i,i # k;
a(k,k) = zmax{o,r(i',k) L0<i <n.
=y

(4) HEAHH.
Toew Cisk) = Ar gy (0 k) + (1 = A)r(i k) ;
a,,(ik) = xay,(i,k) + (1 =A)a(i,k).
(5) frth 4521,
0 = argmax,{a(i,k) +r(i,k)}.
Hr 55 4 ML BRGIAR A ZRJE 28 BUE =
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Algorithm 1 AP Cluster
APCluster (S, n, k, m)
Input: matrix S

Output: a cluster

(1) iter < O

(2) Ax«—10.8

(3) while iter < m and exemplar changed do

(4) fori < O ton

(5) for k< Oton

(6) forj<—Oton

(7) R(i, k) «— R(i, k) —max{A(i,
)+ SGL D

(8) for i<—0 to n

(9) for k<0 to n

(10) for j«0 ton

(11) A(i,k)«min{0,R(k,k) + sum

(max{O0,R(j,k) 1)}
(12) for i<0 to n

(13) for k<0 to n

(14) RCGik)—ARCi k) + (1 =A)R(i
-1,k)

(15) ACi k) —AACiLE) + (1 =A)A(Q
-1,k)

(16) for i <0 ton

(17) put A(i, k) + R(i,k) into cluster

(18) iter<—iter + 1

(19) return cluster
1.2.3 sREZERREHFBAAN(L, d) B4R
XA E R R EEIR AN O (B 15 BT A £
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Algorithm 2 Cluster Refinement

Input. a cluster C

Output: a motif

(1) Q <« the sequences that contain [-mers in C

(2) while Q] < t do

(3) select a random sequence s, in S —

(4) find an [-mer x in s, such that the
distance from x to the [-mers in C is smallest

(5) add x to C

(6) add s, to Q

(7) get a motif m by aligning the [-mers in C

(8) return m
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Algorithm 3 Motif Discovery Algorithm

Input. [, d, S= {s,, s,, ==+, s,|
Output: (/, d) motifs
(1) M «— @

(2) select a random reference sequence s, from S

(3) for each [-mer x in s, do

(4) construct a graph induced by x

(5) call Algorithm 1 and get the cluster of
the graph using AP algorithm

(6) for each obtained cluster C do

(7) if ICl > 10 then

(8) refine C using Algorithm 2 and get a
motif m

(9) add m to M

(10) sort the motifs in M

(11) return motifs with high score

FR M X 0ok A A AT 4T 4340

4

Pk
P log —=.
2 =1 4 Og bk

=ik

e py, Rt A Y 3 b B A AR B 2 1
W3k r, e {A, C, G, Tt BYMIMIB AR ;b Je 0k EE r,
0 5 SR A R o T I R A ) R S
Ve, AR 55 75 50 A 22 S R

BiR ]

Ereeerery

l

| mpLmE #5555 |

J=0

NO

i

YES
| R A e B SN TG
l
| mspmizrTEGR% |

l

FAE 2R TR B R K F 100
2%, 13 BB BAM T

i

J=i+1

HeFF M HBAR
A O) O RA

HiR

Bl BEEZEHREER
Fig.1 Flowchart of the whole algorithm
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Tab.1 Identification accuracy on different (1, d)
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problem instances
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Tab.2 Identification accuracy on different

sequence lengths

(I, d) A&y AlignACE VINE  MotifCut
(10, 2) 0.81 0.65 0.78 0.80
(11, 2) 0.80 0.72 0.80 0.85
(12, 3) 0.83 0.59 0.79 0.78
(13, 3) 0.86 0.62 0.83 0.92
(15, 4) 0.89 0.71 0.77 0.85
(17, 5) 0.88 0.57 0.80 0.84
(19, 6) 0.87 0.64 0.82 0.91

FHRKE AXEY AlignACE VINE MotifCut
100 0.94 0.82 0.89 0.95
200 0.93 0.77 0.83 0.90
400 0.91 0.75 0.80 0.88
600 0.89 0.71 0.77 0.85
800 0.85 0.54 0.71 0.81

1 000 0.82 0.47 0.62 0.76
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Fig.2 Sequence logos of detected motifs
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Tab.3 Results on real data sets

Bl 4E (1, d) IS BB R/ TIUI H A A HERG R
c-fos (9,2) CCANATTNG/AAATATGAC 0.48
DHFR (11, 2) ATTTCGCGCCA/ATTTCGCGCCA 0.60
metallothionein (15, 2) CTCTGCACRCCGCCC/TCTGCACCCCGCCCA 0.88
preproinsulin (15, 2) CAGCCTCAGCCCCCA/TGCAGCCTCAGCCCC 0.76
Yeast ECB (16, 3) TTTCCCNNTNAGGAAA/TTTCCCTTTTAGGAAA 1.00
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AP Clustering Algorithm Solving Planted (L, d) Motif Identification

CHEN Kun, ZHANG Xiao-jun

(School of Computer Science, Xidian University, Xi’an 710071, China)

Abstract: Transcription factors can be combined with the special DNA sequence that can control gene tran-
scription process. The special DNA sequence is called the motifs. The motif identification is to find a set of
DNA fragments with both similar functions and similar forms. It plays a crucial role in the research on the
structure and function of genes. The problem was converted to the model which can be processed by AP cluste-
ring algorithm. Then we get steady candidate motifs by using AP clustering. Finally we use the greedy algo-
rithm to refine the clustering results. We can get a group of candidate motifs set, evaluate candidate motifs set
by information content and output the optimal motif set. Thereby the new algorithm is designed for the prob-
lem. The experimental results on both simulated data and real data demonstrate the validity of the proposed al-
gorithm.

Key words: gene transcription; motif identification; AP clustering algorithm



