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In this study, a new genetic algorithm was developed to discover the best motifs in a set of DNA
sequences. The main steps were: ¯nding the potential positions in each sequence by using few
voters (1�5 sequences), constructing the chromosomes from the potential positions, evaluating
the ¯tness for each gene (position) and for each chromosome, calculating the new random
distribution, and using the new distribution to generate the next generation. To verify the
e®ectiveness of the proposed algorithm, several real and arti¯cial datasets were used; the results
are compared to the standard genetic algorithm, and Gibbs, MEME, and consensus algorithms.
Although all the algorithms have low correlation with the correct motifs, the new algorithm
exhibits higher accuracy, without sacri¯cing implementation time.
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1. Introduction

Identi¯cation of motifs, which are relative short, has proved to be very important in

order to understand better the functionality and heritability properties of DNA

sequences.1�4 Although many algorithms have been proposed in recent decades for

discovering the motifs, it is still a very challenging problem, and the prediction

accuracy is not satisfactory. Several factors make the motif problem di±cult. The

¯rst is that the widths of the motifs are very short compared to the background;

motif width is about,5�14 while the preceding part of the DNA sequence is about

300�5000. The second is that motifs in DNA sequences are not exactly matched,

but approximately matched. The third is that the optimal width of a motif is not

known in advance. The fourth is that not all DNA sequences in a dataset contain

the recommended motif. The ¯fth is that the nature stochastic process is not well

understood. The sixth is that some parts of DNA sequences look like motifs, such as

\AAAAAAAA" or \TGTGTGTG". In this paper, a new algorithm is developed for

detecting motifs in DNA sequences, based on the genetic algorithm.5�10,15 The new

algorithm is able to achieve better accuracy rates than the previous algorithms.
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The rest of this paper is arranged as follows: Section 2 introduces the related

algorithms, such as Gibbs, MEME, consensus, and other probabilistic approaches.

Section 3 describes the new genetic algorithm, where the initial generation of the

chromosomes starts by some potential positions. Section 4 summarizes the datasets

used to compare and test the new motifs. Section 5 tunes the genetic algorithm

parameters. Section 6 introduces the experimental results of the new and previous

algorithms, the discovered motifs, and the sample logos. Section 7 presents the

complexity of the suggested algorithm and the running time of the critical stages.

2. Related Work

This section discusses four popular approaches for ¯nding motifs: MEME algorithms,

Gibbs sampling, consensus model, and the standard genetic algorithm.11�14

Let DNA ¼ fDNA1;DNA2; . . . ;DNAmg be a set of m DNA sequences, each of

length n. The MEME model assumes that there are two types of components;

the nonmotif (\background") and motif positions in sequences, the parameters of the

two components in DNA sequences, can be described by using the position proba-

bility matrix (PPM), as follows:

� ¼ ½ �0 �1 � ¼

PA;0 PA;1 PA;2 . . . PA;W

PT ;0 PT ;1 PT ;2 . . . PT ;W

PC;0 PC;1 PC;2 . . . PC;W

PG;0 PG;1 PG;2 . . . PG;W

2
66664

3
77775; ð1Þ

where �1 is the motif parameters, �0 is the background component parameters, Px;0 is

the probability of nucleotide x found at the background position, and Px;i is the

probability of nucleotide x found at the ith motif position ð1 � i � wÞ. MEME maxi-

mizes the expectation of the joint likelihood by repeating the following two main steps:

Step 1: Compute (Step E)

Zt ¼ E
ðZjDNA;�tÞ

½Z� ð2Þ

Step 2: Solve (Step M)

�tþ1 ¼ max
�

E
ðZjDNA;�tÞ

½log pðDNA;Zj�Þ�; ð3Þ

where Z ¼ fZi;j j 1 � i � m; 1 � j � ng

Zi;j ¼
1 motif starts at DNAi;j

0 otherwise

�
ð4Þ

and

log pðDNA;Z j �Þ ¼
Xm
i¼1

Xn
j¼1

Zi;j log pðDNAiZi;j ¼ 1; �Þ þm log
1

n
: ð5Þ
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The likelihood of the ZOOPS model can be calculated by adding a new parameter �,

as follows:

log pðDNA;Z j �; �Þ ¼
Xm
i¼1

Xn
j¼1

Zi;j log pðDNAi jZi;j ¼ 1; �Þ

þ
Xm
i¼1

ð1�QiÞ log pðDNAi jQi ¼ 0; �Þ

þ
Xm
i¼1

ð1�QiÞ logð1� �Þ þQi log�; ð6Þ

where � is the prior probability of motif occurrence and � is the prior probability of

motif start position:The likelihood for the TCM model is:

log pðDNA;Z j �; �Þ ¼
Xm
i¼1

Xn
j¼1

ð1� Zi;jÞ log pðDNAi;j j �0Þ

þ Zi;j log pðDNAi;j j �1Þ
þ ð1� Zi;jÞ logð1� �Þ þ Zi;j log�: ð7Þ

Gibbs sampling approximates the joint probability distribution by generating a se-

quence of samples from the conditional distribution of each variable. Gibbs sampling

maximizes the log-odds likelihood ratio as follows:

Maximize
X4
i¼1

Xw
j¼1

ci;j log
qi;j
pi

; ð8Þ

where ci;j is the count of the letter i in this position (the matrix here is the position-

speci¯c scoring matrix PSSM),

qi;j ¼
ci;j þ bi

m� 1þB
ð9Þ

and

pi ¼
c0;i þ bi
S þB

ð10Þ

m is the number of the DNA sequences, B pseudo-counts to avoid zeros, and S is the

sum of observed counts of all letters in the background. However, Gibbs sampling

maximizes Eq. (8) iteratively by using three steps:

Step 1: Predictive update, choose one of m sequences randomly, ¯nd position-

speci¯c scoring matrix PSSM, and calculate qi;j and pi as described in

Eqs. (9) and (10).

Step 2: Calculate new distribution

Ri ¼ Qi=Pi
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and

Ai ¼ Ri

� Xn�wþ1

i¼1

Ri i ¼ 1; 2; . . . ;n� wþ 1;

where

Qi ¼ Prðword jmotifÞ ¼ PSSMxi;1 � � � � � PSSMxiþw�1;w

Pi ¼ Prðword jBackgroundÞ ¼ PSSMxi;0 � � � � � PSSMxiþw�1;0

Step 3: Sampling step; sample a random position based on the new distribution in

step 2.

The main idea in Gibbs sampling is that a more accurate selection in step 1 leads to

more accuracy in step 3, and vice versa.16

The consensus algorithm uses a greedy algorithm and the weight matrices to

maximize the information content. The general strategy in this model is to ¯nd a pair

of DNA sequences with the highest information content and share a motif; the next

step is to ¯nd a third sequence and preserve the previous motif; and so on.17,18

The last algorithm discussed here is the previous genetic algorithm used to ¯nd

motifs. In Ref. 19, the authors represent chromosomes as binary strings where each

16 bits represent one random start position. The ¯tness is the information content,

which is extracted from the position-speci¯c scoring matrix PSSM. The authors used

one- and two-point crossovers and a bitwise mutation operation, in which both

mutation and crossover occur according to a speci¯c rate.20

3. New Genetic Algorithm

The main idea in the new genetic algorithm is to focus on some potential positions in

each sequence by using t voters (sequences), and then constructing k chromosomes,

where each position is considered as one gene. Thus, the number of genes in one

chromosome is equal to the number of processed sequences. Unlike the standard

approach, the new algorithm generates a new child from all the chromosomes, where

each gene in the child chromosome is selected based on a new random distribution.

Two levels of ¯tness functions are applied. The ¯rst is to evaluate each gene (by

Algorithm 5); we used it to construct the new random distribution. The second level

is to evaluate each chromosome; we use it to rank the motifs and to stop the pro-

cedure. Algorithm 1 describes the basic steps. We will consider the following notation

in the next algorithms:

m: number of sequences

n: length of the sequence

k: number of chromosomes

s: highest s positions

v: number of letters (four letters for DNA sequences)

t: number of voters

E. Al Daoud
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z: number of mutations

w: width of the motif

DNA[1::m]: array of DNA sequences [see Fig. 1(a)].

Að1::m; 1::n; 1::4Þ: frequency of each letter (A, T, G and C) in the next

w characters [see Fig. 1(b)].

Pos(1::m; 1::s): to store the best s position for each DNA sequence.

Chrom(1::k; 1::m): to store k chromosomes, each one consisting of k

random positions [see Figs. 1(c) and 1(d)].

Count(1::m; 1::kÞ: to store the number of similar motifs at each position.

Prob(1::n; 1::mÞ: to store the probability based on the count for each

position

Algorithm 1: New genetic algorithm

Input: DNA sequences and w

Output: the best motifs

Step 1: Count and store the frequency of the letters of each position and sequence

(call Algorithm 2).

Step 2: Select the best s positions (potential motifs) in each DNA sequence by

calling Algorithm 3.

Step 3: Construct k chromosomes by selecting one potential position from each

DNA sequence randomly; thus, the length of the chromosome is m (call

Algorithm 4).

Step 4: Evaluate each gene (motif) in the chromosomes by calling Algorithm 5

(¯tness algorithm).

Step 5: Normalize the values in step 4 and convert them to probabilities, such that

the probability sum of each kmotif in any sequence is one (call Algorithm 6).

Fig. 1. (a) Sample DNA sequences, (b) The frequency matrix A, (c) Sample chromosomes that are
constructed randomly, (d) Ten chromosomes of length 5.
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Step 6: Draw new k chromosomes from the new probability distribution (see al-

gorithm 7) (crossover).

Step 7: Go to step 4 until converge.

Algorithm 2: Counting

Input: motif length w and m DNA sequences

Output: A(m;n, 4), the frequency matrix of the DNA letters at each position

and length w

For i ¼ 1 to m

For j ¼ 1 to length of DNA( i )- wþ1

c ¼ ðj > w?w� 1 : j� 1Þ
for k ¼ 0 to c

A(i, j-k, DNA(i, j) )þþ
// where the characters A, T, G and C are replaced by 1, 2, 3, and

4 respectively

Return A

Algorithm 3: best positions

Input: matrix A, integer number s, motif length w, t and m DNA sequences

Output: best s positions for each DNA sequence stored in Pos(m; sÞ

For x ¼ 1 to t

For i ¼ 1 to m

b ¼ randomð1::mÞ
if b ¼ i then continue

For j ¼ 1 to DNA(i)

Bði; jÞ ¼ Bði; jÞþ

max
c¼1...DNA½b�

X4
v¼1

2w� jAði; c; vÞ � Aðb; j; vÞj
2

( )
ð11Þ

Pos(i; 1::sÞ ¼ The highest s integers in B(i; 1 . . . DNAðiÞÞ

Algorithm 4: Chromosome construction

Input: matrix POS, k, n, and m

Output: Chrom(k, mÞ, k chromosome with m length

For i ¼ 1 to k

For j ¼ 1 to m

Chrom ði; jÞ ¼ Posðj, RandUnið1::sÞÞ

Algorithm 5: motif evaluation (¯tness algorithm)

Input: Aðm;n; vÞ, Chromðk;mÞ, m, w, and k

E. Al Daoud
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Output: Countðm; kÞ

For i ¼ 1 to m

For j ¼ 1 to k

Countðj; iÞ ¼
Xm
u ¼ 1
u 6¼i

ED
l¼w

ðChromðj;uÞ;Chromðj; iÞÞ; ð12Þ

where ED is bit-parallel approximate string matching of length w21�25; the

meaning of the above expression is the sum of the edit distance between the

current substring and all the other substrings that start at the given position,

and its length is w.

Algorithm 6: Normalization

Input: Count(m; kÞ
Output: Prob(m; kÞ

Probð1::m; 1::kÞ ¼ 0

For i ¼ 1 to m

DðiÞ ¼Pk
x¼1 Countðx; iÞ the summation is applied to the distinct values in

Countðx; iÞ for all x ¼ 1::k:

For j ¼ 1 to k

Probði; chromðj; iÞÞ ¼ Countðj; iÞ
DðiÞ ð13Þ

Let some of zero elements in Probði; 1::nÞ ¼ minimum of nonzero elements

in Probði; 1::kÞ and renormalize the result; the number of replaced ele-

ments is denoted by z (mutation). We store in Probði;Chromðj; iÞÞ the
higher value if one position has more than one value.

Algorithm 7: New chromosomes (crossover)

Input:Posðm; kÞ,Probðm;nÞ, number of chromosomes k, and chromosome lengthm

Output: Chromðk;mÞ
For i ¼ 1 to k

For j ¼ 1 to m

Chromði; jÞ ¼ Posðj;Rand�ðjÞÞ
where the jth random distribution is generated by Probðj; 1::nÞ and denoted

by Rand�ðjÞ for j ¼ 1::m

Convergence condition is min Chormt ¼ min Chormt�1 for some iterations where

min Chormt is

min
i¼1...k

Xm
j¼0

Probðj; chromði; jÞÞ
 !

in iteration t: ð14Þ

E±cient DNA Motif Discovery Using Modi¯ed Genetic Algorithm

1350017-7



We can rank the winner chromosome with regard to motif width by using the fol-

lowing formula:

Ranking �
Xm
j¼0

Countðchromðwinner; jÞ; jÞ
 !,

ðwm2Þ ð15Þ

4. Dataset

Table 1 shows several sets of eukaryotic DNA sequences that can be downloaded

from TRANSFACr (Refs. 26 and 27) in FASTA format, together with consensus

binding sequences (motifs). The transcription factors have been proven experimen-

tally to act in a synergistic or antagonistic manner. TRANSFACr is based on ChIP-

ChIP and ChIP-Seq datasets and provides information about transcription factors

and regulated genes. Table 2 shows an arti¯cial dataset generated randomly accor-

ding to a Markov chain of order 3; the dataset can be downloaded from Ref. 28.

5. Parameters Tuning

To assess the previous algorithms and the new algorithm, we used the statistics

introduced in Refs. 28�30, where two levels are used, at the nucleotide level and at

Table 1. Sample dataset from TRANSFAC together with binding sequences (Motifs).

Name TFAC m Motif Motif Len. (w) Avg. Length

AFT2 RCS1 50 GGGTGC 6 443.86

BAS1 BAS1 12 TGACTC 6 419.77

CAD1 CAD1 20 ATTAGTAAGC 10 553.04

CBF1 CBF1 100 TCACGTG 7 597.80

DAL82 DAL82 50 GATAAG 6 547.08

DIG1 STE12 50 TGAAACA 7 617.03

GAT1 GZF3 40 AGATAAG 7 516.02

PHO4 PHO4 20 CACGTGG 7 566.48

REB1 REB1 40 CGGGTAA 7 440.87

STE12 STE12 100 TGAAACA 7 606.49

TYE7 CBF1 50 TCACGTGAT 9 574.29

Table 2. Sample arti¯cial dataset generated randomly according to a Markov

chain of order 3.

Name Used Name # Groups # Sequences (m) Seq. Length (w)

Fly Dm01m-08m 8 1�5 �1000�2000

human Hum01m-26m 26 3�17 �400�2000

Mouse Mus01m-12m 12 3�12 �400�1500

Yeast Yst01m-10m 10 3�12 �400�1500
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the site level. The statistics in the ¯rst level can be described as follows:

. nTP: number of common positions in the predicted and known motifs

. nFN: number of nucleotides in the known motifs minus the common positions

. nFP: number of nucleotides in the predicted motifs minus the common positions

. nTN: number of nucleotides not in the predicted motifs or in the known motifs
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Fig. 2. Number of the potential positions versus nPPV.

0
0.05

0.1
0.15

0.2
0.25
0.3

0.35
0.4

0.45
0.5

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.

k=xs

nP
P

V

Fig. 3. Number of the chromosomes versus nPPV.

0

0.1

0.2

0.3

0.4

0.5

1 2 3 4 5 6 7 8 9 10

#voters(t)

n
P

P
V

Fig. 4. Number of voters versus nPPV.
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The same statistics can be used in the site level as follows:

. sTP: number of overlapped motifs (predicted motif overlaps by at least 1/4 of the

known motif)

. sFN: number of known motifs minus the overlapped motifs

. sFP: number of predicted motifs minus the overlapped motifs

. sTN: number of sites excluding the predicted motifs and the known motifs.

Thus, we can de¯ne the sensitivity and the positive predictive value as follows:

Nucleotide level sensitivity:

nSn ¼ nTP

nTP þ nFN
: ð16Þ

Nucleotide level positive predictive value:

nPPV ¼ nTP

nTP þ nFP
: ð17Þ

Site level sensitivity:

sSn ¼ sTP

sTP þ sFN
: ð18Þ

Site level positive predictive value:

sPPV ¼ sTP

sTP þ sFP
: ð19Þ

Before applying the new algorithm to the complete datasets, a small random dataset

was selected and used to tune the new genetic algorithm parameters, namely, the

number of potential positions (s) with respect to the sequence length, the number of

chromosomes (k), the number of voters in each sequence (t), and the number of

mutations (zÞ. We found that after a ¯xed number of iterations, the best parameters

were s ¼ 0:15 n, k ¼ 1:4 s, t ¼ 4 sequences, and z ¼ n=100 for nucleotide level posi-

tive predictive value (nPPV), as shown in Figs. 2�4. Similar results were obtained by

using the other statistics.
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Fig. 5. Nucleotide level sensitivity (nSn) for all methods and all datasets.
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6. Experimental Results

The new algorithm was compared with four algorithms: Gibbs, MEME, consensus

and genetic algorithm in Ref. 19. All the algorithms were reimplemented by our

platform, using a 2.3GHz PC, Windows XP and Java JDK7. Figures 5�8 show that

all the algorithms, including the suggested algorithm, have low correlation with the

motifs introduced by TRANSFACr. However, the suggested algorithm exhibits

better performance in terms of accuracy and implementation time. For example, the
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Fig. 7. Site level sensitivity (sSn) for all methods and all datasets.
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Fig. 6. Nucleotide level positive predictive value (nPPV) for all methods and all datasets.
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Fig. 8. Site level positive predictive value (sPPV) for all methods and all datasets.
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results of the nucleotide level sensitivity (nSn) using the new algorithm were 0.15,

0.25, 0.25, 0.52 and 0.33 for the datasets °y, human, mouse, yeast and Data1 (the

dataset in Table 1), respectively. The next accurate algorithm according, to our

implementation, was the consensus algorithm. The same indication can be noted if

the other statistics are used.

Table 3 shows the motifs discovered by using the new algorithm for each DNA

sequence in Table 1 and sample DNA sequences from Table 2; the highest three

motifs were selected, and relative ranks assigned to them, calculated by Eq. (15).

Figure 9 show a sample logo representation of the discovered motifs. All logos

were generated by WebLogo (http://weblogo.berkeley.edu/). These ¯gures illustrate

that the suggested algorithm can identify new motifs e±ciently.

Table 3. Motifs Discovered by the new algorithm, ranks and width for the dataset in Tables 1 and 2.

Name Motif Rank Len. (w) Name Motif Rank Len. (w)

AFT2 CGATCGG 2 7 TYE7 TTTCAAAA 1 8

CGGGGGT 1 7 TATTATC 3 7

TATGTAGA 3 8 TGTATTATCA 2 10

BAS1 TATATAA 3 7 Dm03m GAAAAAC 2 7

ATATAA 1 6 TTTTACCCT 1 9

TATAAA 2 6 TTACCCTTG 3 9

CAD1 TTTTTTTA 1 8 Dm04m TAAAAACTT 1 9

AAGAAAT 3 7 AAATTAATT 2 9

TTGAAAAA 2 8 TTTGAAGAG 3 9

CBF1 TCACGTGAC 3 9 Hm04m GTAAGGCGG 3 9

TCACGTG 2 7 CCGCGCGGG 1 9

CACGTGA 1 7 TTTCCTCC 2 8

DAL82 AAGAAAA 1 7 Hm08m GCCGCCT 2 7

AGAAAAA 2 7 CTCCCCCCA 3 9

GAAAAAAA 3 8 GGCCGCC 1 7

DIG1 GAAAAATGA 2 9 Mus10m AAGAAACA 1 8

AATGAAACAA 1 10 GGCGGGAGA 2 9

ATCTTTTA 3 8 TTTCCGCTT 3 9

GAT1 TAGAGAT 1 7 Mus11m GGGGGAGG 1 8

ACGAAAA 2 7 GGGGGAGGC 2 9

AATAAGT 3 7 GGGGAGGC 3 8

Fig. 9. Motif logo representation of YST03M, CBF1, DIG1 and STE12.
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7. Complexity and Time

The most costly sub-algorithms were Algorithms 3 and 5. The worst case of Algo-

rithm 3 was v� t�m� n2. In this study, as mentioned previously, v and t are ¯xed

to four. Thus, the complexity of Algorithm 3 is �ðmn2Þ comparisons. While the worst

case of evaluating one chromosome by using bit-parallel approximate string

matching is dw2
Pm

i¼1 i ¼ dw2mðmþ 1Þ=2, where d is the expected number of

characters mismatch and w is the motif length, subsequence, the complexity of

evaluating one chromosome is �(m2), and the complexity of ¯nding one generation

(Algorithm 5) is �(km2). Table 4 illustrates the average length of the datasets, the

required time to implement Algorithm 3, the required time to implement one gen-

eration (Algorithm 5), the number of generations, and the required time to imple-

ment all the generations. We can note that Algorithm 3 needs more time than the

other algorithms. For example, the implementation time of Algorithm 3 on the

dataset CBF1 was about 571.7ms, while the required time to process all the gen-

erations was 54.9ms, and the total time was 626.7ms. However, the required times to

implement the MEME and Gibbs algorithms on the same dataset were about 905ms

and 1022ms, respectively.

Table 4. Sample implementation time of Algorithm 3 in milliseconds.

Name m Average n Alg 3
One

Generation
Number of
Generations

All
Generations Total

CBF1 100 597.80 571.78 1.6160 33 54.944 626.73

DAL82 50 547.08 239.44 0.2040 37 7.956 247.39

DIG1 50 617.03 304.58 0.2040 40 6.120 310.70

STE12 100 606.49 588.53 1.6160 25 45.248 633.78

TYE7 50 574.29 263.85 0.2040 23 4.488 268.34

Dm04m 5 1604.0 205.83 0.0002 44 0.011 205.84

Hm08m 16 473.75 57.46 0.0070 39 0.258 57.71

Mus10m 14 933.42 195.17 0.0047 59 0.259 195.42

Yst03m 9 448.88 29.02 0.0013 38 0.039 29.05

Table 3. (Continued )

Name Motif Rank Len. (w) Name Motif Rank Len. (w)

PHO4 CCACGTG 1 7 Yst01m AGAGATAAA 3 9

GTAATAAAAA 3 10 ATATTTTTT 1 9

TAATAAAAAT 2 10 TAAAAAA 2 7

REB1 TGTAGGG 2 7 Yst03m TTTGACTCA 1 9

TTATTACTT 1 9 TCTTGTA7 2 7

TAATGATAT 3 9 TGTAATT7 3 7

STE12 TGAAACA 1 7 Dm03m GAAAAAC 2 7

AAAATGAA 2 8 TTTTACCCT 1 9

TGAAACAA 3 8 TTACCCTTG 3 9

E±cient DNA Motif Discovery Using Modi¯ed Genetic Algorithm
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8. Conclusion

In this study, we have suggested a new direction for discovering and ranking motifs.

The new genetic algorithm ¯nds the minimum edit distance by using voters and then

constructing a new random distribution to minimize the total edit distance. Using a

large variety of real and arti¯cial datasets generated randomly according to a

Markov chain of order 3 proved that the new algorithm provides a better accuracy

and implementation time than the previous algorithms. This study can be extended

to RNA and protein sequences. Moreover, some conditions can be added to exclude

the repeaters.
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