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Identification of short repeating patterns in biological sequences, mostly known as motif, is important for un-
derstanding the genetic regulatory system of a living being. But weak conservation of motifs makes it an NP-hard
problem and poses a challenge in computational biology. In this work, we have modeled the motif search
problem from meta-heuristic perspective. We have proposed and evaluated an evolutionary approach, in which,
we will search candidate motifs with a heuristic so that we can find the real motifs of the data set without
exploring rigorously. Our method minimizes the trade between exploration and exploitation of the search space

with a defined mutation technique using normal distribution and finds an efficient way to measure the fitness of a
candidate motif to be real motif. We have used benchmark data set to evaluate the fitness of found motifs for each
species, and our approach gives accurate motifs for each of them.

1. Introduction

In biology, sequence motifs are short sequence patterns, usually with
fi lengths, that represent many features of DNA, RNA, and protein
molecules. Sequence motifs can represent transcription factor binding
sites for DNA, splice junctions for RNA, binding domains for proteins
and helps to fi similarities between diff t DNA samples by assisting in
Sequence Alignment [1]. Discovering sequence motifs can lead to a
better understanding of transcription regulation, mRNA splicing, and
the formation of protein complexes. Further-more, protein motifs can
represent the active sites of enzymes or regions involved in protein
structure and stability.

A DNA molecule consists of two anti-parallel chains of four types of
nucleotides forming a double helix - Adenine (A), Cytosine (C), Guanine
(G) and Thymine (T) where a single strand of this double helix DNA can
be expressed as a string over the alphabet), = {A, C, G, T}. Proteins,
which are special sequence of nucleotides that bind to DNA in a specific
manner is called Transcription Factor and this sequence of nucleotides
are called Binding Motifs [2]. Motif Discovery Problem arises when DNA
contains instances of binding motifs and they are unknown. Example of
Binding Motif:

GGCTGCACACGTGTATTGC ... ACGATGTCTCGC

ATCGCATCACGTGACCAGT ... GACATGGACGGC
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TCGCACGTGGTGGTACAGT ... AACATGACTAAA
CGTTAGGACCATCACGTGA ... ACAATGAGAGCG
TAGCCCACGTGGATCTTGT ... AGAATGGCCTAT

Here, “CACGT” is repeated in all the sequences. “CACGT"” is one of the
motif for these given DNA sequences. DNA motif fi g problem, from
optimization perspective, can be described as follows-given a set of
identical length DNA sequences S = {Sj, Sy, ..., Sy } of the four char-
acters in the alphabet e = A, C, G, T find the promising motif pattern X =
X1Xs ..., Xjof length I, X; € {A, T, C, G}.

2. Literature review

Finding motifs in DNA sequences can be discovered from diff t
perception. Many principles to fi the motifs in DNA sequences are found
in the literature. They are mainly classified into three categories - Simple
Motif Search (SMS) [3], Edit distance based Motif Search (EMS) [4] and
Planted Motif Search (PMS) [5-7]. In SMS [3], all the motifs up to a
given length are found out by conditioning that, all these motifs are
present in all the DNA sequences. EMS [4] fi motifs of a fi length. But,
these motifs do not need to be present in all the sequences rather than at
least in a certain number of sequences. On the other hand, in PMS [5-7],
motifs of a fi length are found out which are present in all the given
sequences. If we further explore the algorithms, we will find two types of
algorithms to fi the motifs of given sequences - exact algorithms and
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Table 1
Representation of DNA sequence.
Nucleotides A A T C G T T C G A A C G
Positions 0 2 3 4 5 6 7 8 9 10 11 12
A 1 1 0 0 0 0 0 0 0 1 1 0 0
T 0 0 1 0 0 1 1 0 0 0 0 0 0
C 0 0 0 1 0 0 0 1 0 0 0 1 0
G 0 0 0 0 1 0 0 0 1 0 0 0 1
Table 2 approach, a natural metaphor, called Ant Colony Optimization (ACO)
Representation of a motif. [20-22]. ACO is a population-based stochastic search method inspired
0 1 9 3 4 5 6 by the foraging behavior of ant colonies. This metaheuristic has been
used successfully for computing the best-known solutions for a wide
A 0.25 0 0.5 1 0.5 0 0 . . L
T 0 0.25 0 0 0.25 1 05 range of combinatorial optimization problems.
C 0.75 0 0.5 0 0 0 0 In [23] the authors have used ACO for finding motifs. They have
G 0.25 0.75 0 0 0.25 0 0.5 modeled the Motif Finding problems into the problem of finding solu-

approximate algorithms. Exact algorithms aims to fi out all the possible
motifs of the data set by cost of more run time whereas approximate
algorithms do not find all the possible motifs rather a portion of the all
the motifs in favor of less run time. In this work, we aim to fi motifs from
given DNA sequences of length 1 proposing an approximate algorithm
using heuristic information so that we always tend to get the best result
without exploiting unnecessarily around the solution space, i.e, candi-
date motif space.

For a given natural number 1, there are mainly two problems corre-
sponding to two approaches - Consensus Approach and Positional
Approach. In, consensus approach we find a string S, of length 1 and a set
of subsequences M = {M;,My, ...,My}, in which M; is a substring of
length 1 in S;, such that they minimize the objective function [8]:

N

H(Sc-, M): ZdH(Scs Mi) (1)

i=1

where dy(S.,M;) is the hamming distance between string S. and sub-
string M; defined by the number of positions at which the nucleotides in
two string are different. In positional approach, we find a set of sub-
strings M = {Mj, My, ...,My} and a set of starting positions A = {a;, as,
...; an}, in which, each instance Mj; is of length | in S; corresponding to
starting position a;. In this approach, the objective function is informa-
tion content [9]:

IC = 2[: > 0(u,j)log, (Q(u,j) /P,) @)

j=l uece

where Q (u, j) indicates the frequency of nucleotide u in column j of the
matrix M, P, is the background frequency of u in the entire set S. In
reality, the location of mi on S; is called the binding site of DNA.

Different approaches of finding motifs in DNA sequences have been
introduced in literature. They can be classified into three section with
respect to the type of each search technique - Enumerative Search,
Deterministic Search and Stochastic Search. Enumerative search is
usually used for consensus representations. Weeder [10] is a good
example of enumerative search for motif finding. Deterministic
approach rely on the Expectation Maximization (EM) algorithm to
optimize a motif matrix. MEME [11] and CONSENSUS [12] use EM to
optimize the matrix. Stochastic Methods iteratively align a set of TFBSs
and generalize a motif matrix from the set. Methods such as Bio-
Prospector [13], AlignACE [14], and MotifSampler [15] that use Gibbs
sampling [16] can be further categorized as single-point searches,
whereas the recently developed evolutionary algorithms (EAs) [17]
implemented by the GAME [18] and GALF [19] methods can be classi-
fied as population-based searches. In this work, we will focus on sto-
chastic search using heuristic.

One solution technique to respond to this challenge is a swarm-based

tions on the structural graph G = (V,E, Q, , T), where V is the vertex set,
E is the edge set, and n and T are the set of heuristics information and
pheromone trail. An acceptable solution is a path satisfying condition Q,
starting from a vertex in a subset Cq of V, then expanded by random to
the next vertex based on heuristics information and pheromone trail.

In [24] ACO and EM both have been introduce for finding the motifs
more accurately. They have built the iteration by randomly extracting
subsequences from the input sequences and comparing to the input se-
quences to find a set of potential binding sites which minimizes the sum
of hamming distances. Then computing the IC value and updating
pheromone levels. EM algorithm finds the maximum likelihood estimate
(MLE) of the unknown motif sites conditional to the observed data by
iteratively applying - Calculate the expected value of the log likelihood
function and Find the positions of motif instances that can maximize the
log likelihood function.

In [25] a memetic algorithm is used to find the motifs which uses a
modified version of the Greedy Randomized Adaptive Research Pro-
cedure (GRASP) to build an initial population of solutions and Variable
Neighborhood Search (VNS) algorithm, that is a greedy local search
method that explores the solution space through systematic exchanges
of increasingly distant neighborhood structures.

In this work, we adopt the concept of consensus for measuring the
accuracy of the candidate motifs and proposed an evolutionary algo-
rithm which minimizes the unnecessary exploration in the candidate
motif space and leads the searching to the more accurate zone in the
solution space following some mutation techniques in the sub-sequences
of the DNA sequences.

3. Proposed method

We propose an evolutionary approach to find motifs from a given
data set. Our proposed approach involves building an initial population
of candidate motifs which are individuals of the population and then
measuring the fitness of all the individuals. Following, we will regen-
erate the population by keeping some best parents and applying cross-
over and mutation among them. In every iteration, we will update the
best solution and we will keep the iteration until we get to start no better
solution than the best for an amount of time.

3.1. Data representation

DNA sequences of A, T, C and G can be represented in a matrix
having four rows and column of sequence length. This representation
will help us to compute during mutation and crossover and reduce run
time while comparing the sub sequence with our candidate motifs as we
will perform matrix subtraction rather than comparing strings. For
example, if we have a sequence of “AATCGTTCGAACG” then its matrix
representation will be similar as Table 1.

Similarly, we will represent our candidate motifs also in matrix
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Fig. 1. Building initial population technique.

format. As we are only using 1 and 0, it will be useful for us to crossover
and mutate the candidate motifs so that we can get more candidate
motifs from the motif space. We will get the optimal solution of motif
finding in a Motif matrix with base frequencies. For example, motif of a
given data set of length 7 looks like Table 2.

3.2. Proposed algorithm

We have proposed a solution for finding DNA motifs from a given
data set of a given length. We have built an evolutionary approach

Algorithm for Motif Finding

listO f Best < {}

/1t < number of parents selected

which finds the optimal solution of motifs of given data set. We inten-
tionally build up initial population which leads up to the probably better
solution in the solution space. Then we generate the next generation of
population using the best fitted solution among the previous population
and also the information about how the optimal solution look like. We
give a big jump in the solution space randomly so that we can rule out
the possibility of sticking to the local optima. Our proposed algorithm
runs this approach several times with different initial population so that
we can ensure the global optimum solution. Pseudo code of our pro-
posed algorithm for finding motif in a data set is described below.

A < number of children generated by parents

l < length of motif we want to find
for [ times do
P <« buildInitial Population()
Best < {}
repeat
for each candidate P, € P do
AssessFitness(P;)

if Best={} or Fitness(F;) > Fitness(Best) then

Best < P;
end if
end for
() < p individuals in P which fitness are greatest
P+ Q

for each candidate motif @); € () do
for ;—: times do
P < P U {Mutate(Copy(Q;))}
end for
end for
until Best is ideal solution
listO f Best < listO f Best U Best
end for
MOTIF < Consensus(listO f Best)
return MOTIF
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N<0.5

Moaost frequent nucleotide in all position
from the best individuals from the population:

[AIC[A[TIG]TIC]

Mutation Rule:
With equal probability change the nucleotide which
do not match with the most frequent list

[AITICITIA[TIC]

[A[G[A[T[C[TIC]

N >=0.5
Mutation Rule:

With equal probability reassign all the nucleotides
randomly in all position.

[A[TICITIA[T[C]

[C[T[AJAlG[GIC]

N = number got from Normal Gaussian Distribution

Fig. 2. Mutation technique for building next population.

Table 3
Motif matrix.
0 1 2 3 4
A 2/4 0/4 0/4 1/4 1/4
T 0/4 1/4 4/4 1/4 1/4
C 2/4 1/4 0/4 1/4 1/4
G 0/4 2/4 0/4 1/4 1/4

We have used several methods in our algorithm. These methods are
the key features to improve the performance of the solution. These
methods are described in details in the following part.

3.2.1. Building initial population
This method will generate the initial population for solving our

problem. This method will select random sub-sequence of length 1 from
the DNA sequences and they will fill up the initial population as
candidate motifs. Selecting the initial population from the data set tends
to select the sub-sequences which are close to the optimal solution as
they already exist in the data set. Our initial population building tech-
nique is illustrated in details in Fig. 1.

3.2.2. Assess fitness

In this approach, we will assess the fitness of the individuals, i.e,
candidate motifs by using Equation (1). We will find the minimum
distance of the candidate motif with the sequences of the data set and
will get the total distance from the whole data set which will be the
parameter of the fitness. The lowest value will represent the highest
fitted candidate solution for the data set.

Algorithm for AssessFitness(P;)

fitness < 0

[l < length of motif we want to find

for each sequence in data set do
tempMin < oo

for each sub-sequence of length [ in the sequence do
d — Hamming Distance between P; and sub-sequence

if d < tempMin then
tempMin < d
end if
end for
fitness <
end for
return fitness

fitness + tempMin

=}

1=
o
w
& -

Fig. 3. Motif Logo of length 8 for data set hmO1r.
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Table 4
Experimental Result for different values of L.

Length of Motif (L) Accuracy (%)

8 100.0
13 100.0
18 96.91
23 98.07
28 97.42
33 91.91

3.2.3. Mutation

This part plays the vital role to roam around the candidate motif
space and manages trade off between the exploration and exploitation of
the search space. In this method, we will find the highest frequent
nucleotide in every position from the best candidate motifs found in the

Informatics in Medicine Unlocked 21 (2020) 100466

iteration. This list gives us the best possible combination of nucleotides
based on their fitness assessed so far. We maintained the trade off be-
tween exploration and exploitation by introducing Normal Gaussian
Distribution. Normal distribution gives us lower numbers between 0 and
1 and rarely gives us higher numbers. We have used this technique so
that we can always be in the best part of the solution space and rarely we
give a big jump and go to totally different part of the solution space to
find if any other best solution exists (Fig. 2).

When we stay at the current part of the solution space, we tends to
move to better solution by only replacing the nucleotides which are not
most frequently present with the help of a list where the highest frequent
nucleotides so far at different positions are stored. And when we try to
move to other part of the solution space we randomly change the nu-
cleotides at all the positions and end up in different part of the candidate
motif space.

“Data st | Length=s Length =13
TEEETGICE | ITIICITCTT:
L ARARKAXA AR AASARAS
IBccspel | T GECT Tl
RSKRAGRA  sSeamiSicii
TEFITITET | qeTEITTITIERT
o || RARRAAAs || ARCARXARKARKA
- TTTTTT BEEGIG
;. RAZCAKCS | CR&EACRRESLA
Data set Length =18 Length =23
| REETIREERIEEETILTE | | - TIITTTEIITIATIATTS
| e RARGRIRA | il
. *TTTTT TETTTTETTTT . TT TTTTTTT TT(I T'|'T'|'TTTT
-] cC . c
Ik ARt | sl
[TITETTITITTAT ITTT T '|'T'|'TCTT
Nt CRARRARSRAaanins | - MRAsiRGsARGaRalasiis
ystUlr
R LTI TEA I TR SIET —TTTTEEvTTmTEm
| Mesiliskenaael| cditfiendiis
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Fig. 4. Accuracy of the motifs in different data set for different length.
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Fig. 5. Graph of accuracy vs length in different data set for different length.

3.2.4. Consensus of best individuals

This part of our proposed method calculates the frequency of each
nucleotide in each position and returns a matrix containing the proba-
bility of each nucleotide in each position. For example, if the listOfBest
contains the candidate solutions — {ATTCG, ACTGT, CGTAC, CGTTA}
then this method will return Table 3.

4. Result

The performance of our proposed evolutionary approach for
different instances is experimented using the benchmark data sets
available by M. Tompa et al. [26]. This data set contains DNA sequences
of fly, human, mouse and yeast. They contains three different kind of
benchmark data sets - Real data sets having binding sites in their real
genomic promoter sequences, Generic data sets having binding sites
planted in randomly chosen genomic promoter sequences and Markov
data sets having binding sites planted in sequences randomly generated

according to a Markov chain of order 3. Number of DNA sequences in
each of the data set varies from 5 to 35 and length of each sequence
varies from 1000 to 2500.

We have experimented data sets from Ref. [26] which contains DNA
sequences of different length. We ran our implemented algorithm on
these data sets for finding motif of different length and calculated the
accuracy which measures how much accurate our found motifs are ac-
cording to the definition of motif. This accuracy is calculated by that we
can confirm the validity of the found motif. For measuring accuracy,
firstly, we have calculated the average number of mismatch for the 1-mer
containing the highest occurring nucleotide in each position from the
motif matrix. We will use the formula in Equation (3) to calculates the
average mismatch for any l-mer in a given data set.

1 n
A Mismatch = — in(dg(M, S, 3
verage Mismatc 7 ;mln( H( ’ 1)) 3
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Table 6

Comparison with established methods based on Specificity of different data set.
Data set Our Method AlignACE ANN-Spec Consensus GLAM Improbizer MEME MEME3
dmO05g 0.9967302 1 0.9837875 0.9771117 0.9914169 0.9893733 0.9701635 0.9591281
dmO5r 0.9946866 - - - - - - -
dmO07m 0.9946667 1 0.982 1 0.99 0.984 0.9911111 0.9773333
hmoO3r 0.991091 0.9875274 0.992119 1 0.9869792 0.9882812 0.9853344 0.989926
hmo6g 0.9735593 1 1 1 0.9613559 0.9708475 1 1
hmo07r 0.9917915 - - - - - - -
hm1l4r 0.9864442 1 0.9655892 1 0.9885297 0.9791449 0.9708029 1
hm15r 0.9959545 1 0.987737 1 0.9903919 0.9878635 0.9903919 0.9575221
hm21r 0.9918484 - - - - - - -
hm24m 0.9856704 0.9344933 0.9467758 1 1 0.9631525 0.9836233 0.9959058
hm25g 0.9827957 1 0.9612903 1 0.9688172 0.9526882 0.9795699 0.9516129
mus01r 0.990106 0.9448763 0.9526502 0.9597173 1 0.9809187 0.9724382 0.9540636
mus02r 0.9925867 1 0.9673814 1 0.9897354 0.9759352 0.9849453 1
musO05r 0.9728033 1 0.9717573 1 0.9801255 0.95659 0.9497908 0.9314854
mus06g 0.9832519 0.9371947 0.9253315 0.9351012 0.9832519 0.9330077 0.923238 0.9351012
musl2m 0.9822878 1 0.9498155 0.9409594 0.9800738 0.9557196 1 0.9121771
ystOlg 0.9868214 0.9794999 0.988173 1 0.9858076 0.98164 1 0.9891868
yst04r 0.9918547 0.9855171 0.9809167 0.9853467 0.9831317 0.9672857 0.9868802 0.9853467
yst06g 0.9853293 1 0.9491018 1 0.9598802 0.9329341 1 1
yst07m 0.984 0.9733333 0.9486667 0.96 0.97 0.948 0.984 0.967

* - represents that the data set was not used for that specific algorithm.

Table 7

Comparison with established methods based on Specificity of different data set.
Data set Our Method MITRA MotifSampler oligodyad analysis QuickScore SeSiMCMC Weeder YMF
dmo05g 0.9967302 1 0.9916894 0.9852861 0.9877384 0.976158 1 0.9846049
dmO5r 0.9946866 - - - - - - -
dmO07m 0.9946667 1 0.9864444 0.9937778 0.9764444 0.96 0.992 0.9868889
hmO3r 0.991091 0.9924616 0.9908854 1 0.9909539 0.979852 1 0.9882127
hmo6g 0.9735593 0.9909605 0.9862147 1 0.9715254 0.9500565 0.9837288 0.9317514
hmo07r 0.9917915 - - - - - - -
hm14r 0.9864442 0.8800834 0.9807091 0.991658 1 0.911366 0.9843587 0.9885297
hm15r 0.9959545 0.9949431 0.9893805 1 0.9931732 0.9726928 0.9949431 0.9908976
hm21r 0.9918484 - - - - - - -
hm24m 0.9856704 0.988741 0.975435 1 1 0.9549642 0.9907881 0.9892528
hm25g 0.9827957 0.9569892 0.9591398 0.9645161 1 0.883871 14 0.9698925
mus01r 0.990106 0.9526502 0.9632509 1 0.9745583 0.8869258 0.9717314 0.9773852
mus02r 0.9925867 0.9887089 0.9828923 0.9944115 0.9852874 0.9671533 1 0.99099
musO05r 0.9728033 0.9769874 0.9722803 1 0.9780335 0.9241632 0.9790795 0.9048117
mus06g 0.9832519 0.9748779 0.9727844 0.9867411 0.961619 0.9064899 0.9720865 0.9832519
mus12m 0.9822878 0.9313653 0.9505535 1 1 0.896679 1 0.9830258
ystOlg 0.9868214 0.9911016 1 1 0.9891868 0.9720658 0.9945934 0.9788241
yst04r 0.9918547 0.9923326 0.9844948 0.991651 0.9918214 0.9759755 0.9923326 0.9959107
yst06g 0.9853293 0.9835329 0.9988024 0.9979042 0.9784431 0.9538922 0.997006 1
yst07m 0.984 0.976 1 1 0.9776667 0.928 0.984 0.992

* - represents that the data set was not used for that specific algorithm.

where.

M = Best combination of nucleotides from motif matrix

S; = ith sequence of the data set

n = number of sequences in the data set

dg (M, S;) = minimum mismatch of M comparing with all the 1-mer
from the sequence S;

After calculating average mismatch for the whole data set, we
calculate the accuracy of our result using Equation (4). It will give more
accuracy if the average mismatch is low which means we have found
better motif, which is present in all the sequences with a little mismatch.

x 100 @

Accuracy =

where.

L = Length of motif and
X = Average mismatch of best I-mer from motif matrix.

We have run our algorithm on data set of “humO1r” for finding motifs
of different length. Fig. 3 shows the found motif of length 8 from the
human sequences in the data set. We have experimented the data set for
finding motifs of different length and the results are shown in Table 4
which represents the accuracy of found best motif following our
approach. Later, we have represented the results in an Accuracy Vs
Length graph.

From Table 1, we see that our approach finds motif with 100% ac-
curacy for length of 8 and 13. We are getting 100% accuracy for shorter
length because “hmO01r” is a real data set of human DNA sequences and
in real sequence short repeating patterns are abundant. So, our heuristic
based approach finds the appropriate motif matrix for the data set. For
longer length motif, our approach finds motifs having accuracy above
91%. As in the real dataset motifs of longer length is not very high and it
is quite difficult to find motifs which are present in all the sequence with
no mismatch. In this case our goal is to fund the repeating patterns
which are repeated having the least possible number of mismatch and
our method has optimized the mismatch and found the motifs having
above 91% similarity.

We have applied our method to all the data set from Ref. [26] and



F.B. Ashraf and M.S.R. Shafi

1.01

Informatics in Medicine Unlocked 21 (2020) 100466

0.99 ~

0.98 f N

0.97 i \:/

0.96
0.95

=+=Fly

0.94

=@=Human

Specificity on different species

0.93

+=Mouse

Our Method
AlignACE
ANN-Spec
Consensus
GLAM
Improbizer
MEME
MEME3

§ ==mYeast
o

MITRA
MotifSampler
QuickScore
SeSiMCMC
Weeder

oligodyad-analysis

Methods

Fig. 6. Comparison with other methods for different species data.

Overall Specificity

0.995
0.99
0.985
0.98
0.975

Specificity

o
)
~

0.965
0.96
0.955
0.95

o

(9

9%
7 Q
2

(_)
e

Fig. 7. Overall comparison with other methods based on Specificity.

experimented how our proposed method performs for finding motifs of
different length. Found motifs of different length from different data sets
are shown in the form of motif logo in Table 5.

Fig. 4 and Fig. 5 shows the accuracy for found motifs of different
length in different data set. From the graph we see that for the data set
“mus04r” and “yst04r”, accuracy decreases as the length of motif in-
creases. These data sets contains DNA sequences which contains 1000
base pairs. On the contrary, other data sets contain sequences of length
more than 1000 and from these we get motifs having accuracy up to
100%. Whenever the length of sequence increases, the chances of
finding a sub-sequence of length 1 which has least number of mismatch
increases which is why we get more accurate motifs.

We have calculated the specificity of our found motifs for different
data sets and compared with some established motif finding methods.
We have compared our result with established methods available at
http://bio.cs.washington.edu/assess. It contains result of AlignACE
[27], ANN-spec [28], Consensus [29], GLAM [30], Improbizer [31],
MEME [32], MEME3 [32], MITRA [33], MotifSampler [34],
oligo/dyad-analysis [26], QuickScore [35], SeSIMCMC [36], Weeder
[37] and YMF [38].

We need to define some definitions before comparing the results.

e True Positives (TP): Number of positions in both known sites as well
as predicted sites.

e False Positives (FP): Number of positions in predicted sites which are
not present in known sites

e True Negatives (TN): Number of positions, which are neither in
known sites nor in predicted sites.

e False Negatives (FN): Number of positions that are in known sites but
not in predicted sites

Specificity of the found motifs are calculated based on the following
equation which gives us how accurately the algorithm performed to get
the real motifs.
nSP = ﬂ 5)

nTN + nFP

Tables 6 and 7 show the performance of our method with other
established method in terms of specificity. Our method is an evolu-
tionary method. These tables show that our method works better than
some of the existing methods for some specific data sets like mus05r,
hm25 g, hm06 g, musO1r etc. Further investigation confirms that, these
data sets have less amount of number of sequences. Our method works
close to other established methods for those data sets where the number
of sequences is high and performs better than others in those data sets
where the number of sequences is low.

Fig. 6 shows the specificity comparison of the algorithms according
to different species. We see that, our algorithms outperforms all other
methods for finding motifs for fly. It performs close to other established
algorithms for human, mouse and yeast. And Fig. 7 shows the overall
comparison with other algorithms in terms of specificity. Our proposed
algorithm matches the performance of the established methods. In
addition, our method can find large motifs from the data set.

We have tested our implemented method on different real data set
with different values of 1 and d. In the real data set, motifs of larger
length is rarely conserved. So, it is difficult to find motifs which is has
exactly length 1 and highest mismatch d. Still, our method finds the
optimal possible motifs of larger length and finds the accurate motifs for
comparatively smaller length.

5. Conclusion

In this work, we have proposed an evolutionary approach for finding
motifs in DNA sequences. We have built an initial candidate motif set
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and best candidates are filtered out from these. Performing mutation in
the best candidates tends to generate the optimal motif of the data set.
Our approach has performed well in different data set and matches the
specificity with established methods which validates the usefulness of
our method. Besides, this method ensures to find motifs of very large
length which is not easy to find using any other exhaustive method as it
takes even days to calculate. As we are using heuristic and selecting the
best candidates in every step of evolution, our method faces no difficulty
in finding motif of large length.

However, our approach can find motifs with higher accuracy and
specificity even for the longer length. Still there are rooms for
improvement of our proposed method by introducing new technique in
mutation step and modifying some of the knobs - distribution technique,
number of parents and child for next step of evolution, distance
measuring of DNA sequences etc. This approach can have a great impact
on the biologists who need to find motifs of different length with good
accuracy and specificity.
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