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Abstract— In this paper, we study the problem of motif dis-
coveries in unaligned DNA and protein sequences.The problem
of motif identi�cation in DNA and protein sequenceshas been
studied for many years in the literatur e. Major hurdles at this
point include computational complexity and reliability of the
search algorithms. We proposea self-organizing neural network
structur e for solving the problem of motif identi�cation in DNA
and protein sequences.Our network contains several layers with
each layer performing classi�cations at differ ent levels. The top
layer divides the input space into a small number of regions
and the bottom layer classi�es all input patterns into motifs and
non-motif patterns. Depending on the number of input patterns
to be classi�ed, several layers between the top layer and the
bottom layer are neededto perform intermediate classi�cations.
We maintain a low computational complexity thr ough the use
of the layered structur e so that each pattern's classi�cation is
performed with respectto a small subspaceof the whole input
space.Our self-organizing neural network will grow as needed
(e.g., when more motif patterns are classi�ed). It will give the
sameamount of attention to each input pattern and it will not
omit any potential motif patterns.Finally, simulation resultsshow
that our algorithm outperforms existing algorithms in certain
aspects.In particular , simulation resultsshow that our algorithm
can identify motifs with more mutations than existing algorithms
and our algorithm works well for long DNA sequencesas well.

Index Terms— DNA sequences,motif �nding, neural networks,
protein sequences,self-organization, subtle signals.

I . INTRODUCTION

DNA, RNA and proteins are important molecules that
supportlife onEarth.Thereare4 differentkindsof nucleotides
(A, C, G andT) that make up the DNA of all the organisms.
Thesearethe four baselettersthat constitutethe alphabetsof
DNA. Thefour baselettersof RNA areA, C, G andU, where
the T in DNA is replacedby U in RNA. On the otherhand,
proteinsof all theorganismsaremadeup of 20 differentkinds
of aminoacids(letters).

DNA, RNA and protein sequencescan be thought of as
being composedof motifs interspersedin relatively uncon-
strainedsequence.A motif is a short stretchof a molecule

Manuscriptreceived Oct. 19, 2004; revised Sept.22, 2005. B. DasGupta
was supportedin part by NSF grantsCCR-0296041,CCR-0206795,CCR-
0208749andIIS-0346973.

D. Liu andX. Xiong arewith the Departmentof ElectricalandComputer
Engineering,University of Illinois at Chicago, Chicago, IL 60607, USA
(email: dliu@ece.uic.edu,xxiong@cil.ece.uic.edu).B. DasGuptais with the
Departmentof ComputerScience,University of Illinois at Chicago,Chicago,
IL 60607,USA (email: dasgupta@cs.uic.edu).H. Zhangis with the School
of InformationScienceandEngineering,NortheasternUniversity, Shenyang,
Liaoning 110004,P. R. China(email: hgzhang@ieee.org).

Digital Object Identi�er 10.1109/TNN.2006.123456

that forms a highly constrainedsequence[2]. The expression
of a motif canbe in oneof the following forms.

1) Use an actual sequenceas the descriptionof a motif.
Such a sequenceis also called a consensussequence
[13], [28], [56]. Each position of the consensusse-
quenceis the letter that appearsmost frequently in all
known examplesof that motif, e.g.,AC TTAT AA and
AGT TAT AA aretwo examplesof consensussequence
of a motif.

2) Use a so-called “degenerate”expressionto show all
possibleletters for eachposition of a motif [18], [26].
For example,the expression

A � [CG] � T � T � [AC ] � [TCG] � A � A (1)

indicatesthatAGT TCTAA andAC TTAGAA aretwo
of the possibleoccurrences;see,for example, [40] for
similarconceptsusedin thedesignof degenerateprimers
[33].

3) Use a more biologically plausible representationto
describe a motif. In this case, a probability matrix
can be used to assigna different probability to each
possible letter at each position in the motif [4], [5],
[21]. For example,Table I shows a probability matrix
representationof the motif given by (1). This matrix
representationnot only gives the possibility of which
letter canappearin eachpositionof the motif, but also
shows theprobabilityof their appearances.For example,
the sixth position of this motif will have lettersC, G,
and T appearingwith probabilitiesof 20%, 30%, and
50%, respectively.

TABLE I

FREQUENCY OF EACH LETTER APPEARING IN EVERY POSITION OF A

MOTIF

1 2 3 4 5 6 7 8
A 1.0 0.0 0.0 0.0 0.67 0.0 1.0 1.0
C 0.0 0.5 0.0 0.0 0.33 0.2 0.0 0.0
G 0.0 0.5 0.0 0.0 0.0 0.3 0.0 0.0
T 0.0 0.0 1.0 1.0 0.0 0.5 0.0 0.0

4) Hidden Markov model (HMM) can also be used to
describemotifs [15], [22]. An HMM is obtainedby
a slight modi�cation of the Markov model. Basedon
HMM algorithm,an outputmatrix � canbe formedby
the statetransitionmatrix and the probability vector of
A, G, C, and T associatedwith eachstate[36], [49].
It is a probabilistic model for motifs when we have



prealignedsequences[55] thatareknown to sharesome
commonblocks.

Understandingwhatmotifs meanis a majorpartof research
in bioinformatics.In orderto understandmotifs,oneneeds�rst
to identify and locate them in DNA and protein sequences.
By oneway or another, biologistshave identi�ed somemotifs
[57]. They canexplain their structures,commonlocationsand
certainfunctions.They areusuallythebeginningof translation
of DNA to protein [44]. A protein binds optimally to places
with somespeci�c patterns(e.g.,motifs) and it canstill bind
effectively even if one or more positionsin the binding site
sequencedeviate from its ideal binding site sequence[1],
[23], [34]. This meansthata motif mayhave slightly different
appearancesat differentlocations[41]. The goal of this paper
is to develop algorithmsthat canidentify andlocatemotifs, if
any, given a setof DNA or proteinsequences.

Generallyspeaking,the motif �nding problemin DNA se-
quencescanbedescribedasfollows: Givena setof unaligned
DNA or protein sequences,project the length of motifs and
locateall motifs with theprojectedlengththatthesesequences
hold [6]. It is not necessaryfor all the sequencesto have
the samemotif. Some sequencesmay have more than one
repetition of a motif and somemotifs may not show up in
every sequence.The appearancesof the samemotif in the
sequencesare not necessarilythe same.A subsequence1 is
determinedto be a motif if it matchesa possibleappearance
indicatedby (1) or by the matrix representationin Table I.
Obviously, information provided in Table I is more than that
in (1). Here the frequency or probability of letters in each
position of a motif is in [0; 1]. Usually the frequency of the
letter thatappearedmostfrequentlyshouldbelarger than40%
[32], [48].

References[16], [35], [45] presentedanunsupervisedlearn-
ing methodfor �nding contiguousmotifs. This kind of motifs
has some biological properties of interest such as being
DNA binding sites for a regulatory protein. The work in
[16], [35], [45] showed that unsupervisedlearning method
is a good approachfor dealing with the problem of �nding
motifs. An algorithmcalledMEME is proposedin [2], [3] for
identifying contiguousmotifs. This algorithm is an extension
to the expectationmaximizationalgorithm for motif �nding.
The Gibbs samplingalgorithm [38], [46], [56] usesa Monte
Carloprocedureandit assumesmotifs areungappedsequence
blocks.Thealgorithmtriesto convergeto a conservedblock if
it exists.Experimentalresultsshowedthat theGibbssampling
methodmissesmotifs when the numberof mutationsis rela-
tively large [55]. In this paper, we will develop an algorithm
basedon a new structureof self-organizing neuralnetworks
[19] and we will comparethe performanceof our algorithm
with that of [2] and [38]. For motif identi�cation, we will
project the lengthof motifs aswell as the maximumnumber
of letters that can be mismatchedin a pattern [48]. In this
case,the target patternsto be found aredescribedby a given
lengthandby how many lettersthat canbe mismatched.

1By subsequencewe meana contiguouspart of the sequence;this is more
commonlycalled“substring”in thestringmatchingresearchcommunity(e.g.,
see[24], [47]).

  Original DNA sequence:    GAGAATGCTATTC ......  AGTTCGATCCA
Input pattern #1:

Input pattern #3:
Input pattern #2:

Input pattern #4:

GAGAATG
AGAATGC

GAATGCT
AATGCTA....

Input pattern #W-M+1: CGATCCA

Fig. 1. An illustration on how to obtain input patterns(M = 7) from a
given DNA sequence

Multiple sequencealignmentmethodsuchasCLUSTALW
[51], ITERALIGN [7] andPROBE[43] canalsoserveasmotif
identi�cation tools. CLUSTALW aligns multiple sequences
by calculatingthe global similarity amongsequences.ITER-
ALIGN andPROBE producealignedblocksthatareseparated
by variable-lengthunalignedsegments.Sequenceblocksin the
alignmentresultsof thesemethodscanbetreatedasmotif sets
[43]. Usually thesemethodswork on prealignedsequences
andthe conserved blocks they �nd have somelimits, suchas
that the blocksmustbe in alignablepositionandat mostone
patternfrom eachsequencecanbe includedin a motif set.

I I . SELF-ORGANIZING NEURAL NETWORKS FOR MOTIF

IDENTIFICATION

A. Subsequencesand Encoding

We considerthe casewhereall motifs to be identi�ed from
a givensetof DNA or proteinsequenceshave thesamelength
[42]. In general,the consensussequenceof a motif and the
motif itself are not known a priori and we have to obtain
themby usingidenti�cation algorithms.Whatoneobtainsafter
the use of identi�cation algorithmsare speci�c appearances
of a motif, usually with a few mismatchedletter positions
comparingto the motif consensussequence.For a given set
of DNA or protein sequences,in order to identify motifs in
thesesequences,we have to specify the maximum number
of letter mismatchesthat can be tolerated(comparingto the
consensusform) in additionto projectingthe lengthof motifs
to be found.

Test patterns, which we call input sequencesor input
patterns[30], can be obtainedfrom the given set of DNA or
proteinsequencesoncetheprojectedlengthof motifs is given.
Fig. 1 showsasketchof how inputpatternsareobtainedfrom a
DNA sequence.In the �gure, theprojectedlengthof motifs is
M = 7. All subsequencesof seven connectedlettersobtained
using a sliding window (seeFig. 1) from the given DNA or
protein sequenceswill form the set of input patterns.For a
DNA sequenceof lengthW , we canobtainW � M + 1 input
patternsif the projectedlengthof motifs is M .

Lettersusedin DNA or proteinsequenceswill be encoded
using binary numbers[20]. All letterswill be encodedusing
binary code with the same length, for example, four for
DNA and RNA sequencesand 20 for protein sequences.
TableII shows anexampleof binarycodesdesignedfor DNA
sequences.Thereare four letters in this caseand eachletter
is encodedby �ipping onebit of the standardcode`1 1 0 0.'
Letterscodedthis way will have exactly the sameHamming
distancebetweenany pair of letters [17], [52]. Also, the
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TABLE II

ENCODER TABLE FOR DNA LETTERS

Standard 1 1 0 0
A 1 1 0 1
C 1 1 1 0
G 1 0 0 0
T 0 1 0 0

schemeshown in Table II canalsoguaranteethat 1's and0's
will appearon averagethesamenumberof times.Thecoding
schemewe usedin the presentpaperis similar to [29] even
thoughin reality certainpairsof lettersmayappearcloserthan
others,e.g., in protein sequences,L and I are more similar
thanL andR [50].

B. A New Structure of Self-OrganizingNeural Networks

This subsection describes the structure of our self-
organizing neural networks for subtle signal discovery. The
basic structure forms the subnetworks used in our self-
organizing neural networks and containstwo layers, i.e., an
input layer and an output layer [8]–[12]. The number of
output neuronsof a subnetwork is the sameas the number
of categories classi�ed by this subnetwork and the number
of input neuronsequalsthe projectedlength of motifs. The
input patternsare obtainedfrom the given DNA or protein
sequencesby taking all subsequenceswith the samelengthas
the length of projectedmotifs (often in termsof the number
of binary digits after encoding) [54]. Each output neuron
representsa category thathasbeenclassi�ed by a subnetwork
and each output category is representedby the connection
weights from all input neuronsto the correspondingoutput
neuron.Subnetworks perform functionsof classi�cation in a
hierarchicalmanner. The �rst subnetwork is placedat the top
layer and it performsa very rough classi�cation, e.g.,divide
the input spaceinto 4–8 categories.The secondsubnetwork
is placedat the next layer and it usually divides the input
spaceinto 16–32 categories which indicatesa slightly more
detailedclassi�cationof the input space.The last subnetwork
in our self-organizing neural network will be placedat the
lowest layer and it classi�es all the input patternsinto either
a motif or a non-motif category with one or a few patterns
[37]. Typically, thenumberof outputneuronswill be largefor
the last subnetwork andgraduallyreducedto a small number
for the �rst subnetwork. Fig. 2 shows the structureof our
self-organizingneuralnetwork with threesubnetworks. In the
structureshown in the �gure, therearefour input neuronsand
threesubnetworks.The �rst subnetwork has3 outputneurons,
the secondsubnetwork has 5 output neurons,and the third
subnetwork has10 outputneurons.Eachof theoutputneurons
representsacategory thathasbeencreatedandit is represented
by the connectionweights to the output neuron.The output
category � of the �rst subnetwork containstwo patterns(a
and b), the output category � containstwo patterns(c and
d), and the output category 
 containsone pattern(e). The
output category a of the secondsubnetwork containsthree
patterns(1, 2, and 3), the output category b containsone
pattern (4), the output category c containstwo patterns(5
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Fig. 2. Structureof the presentself-organizingneuralnetwork

and6), the outputcategory d containstwo patterns(7 and8),
and the output category e containstwo patterns(9 and 10).
The output categories1, 2, 4 and 7 of the third subnetwork
representmotifs while categories3, 5, 6, 8–10arenot motifs
(if we desireto have at leastthreeappearancesfor eachmotif
identi�ed).

We canalsoillustratethe structurein Fig. 2 usinga treeof
sortingbinsasshown in Fig. 3. In the �gure, therearesorting
bins at each level of the tree. From one level down to the
next, the numberof bins increases.At the lowest level, bins
will be divided into motifs and non-motif categories.Fig. 3
also shows an exampleof how a new input patternis sorted
into a category. Thenew input patternis �rst sortedby thebin
at the top level. Then it is distributed to a suitablebin at the
next level, andthis processcontinuesuntil the patternreaches
the lowest level where it is classi�ed into a motif category
or a non-motif category. By using the presentneuralnetwork
structure,the identi�cation of motifs canbe completedin one
cycle of sorting(presentingall input patternsto the network).
Multiple categories (at the lowest level) as shown in Fig. 3
will be generatedin one cycle. On the other hand,existing
methodsfor motif discoveries, such as MEME and Gibbs
samplingmethods,only sort the input patternsin eachcycle
into two groups:a motif category and a group containingall
other patterns,as shown in Fig. 4. Using thesealgorithms,
multiple trials will have to beemployedsothatmultiplemotifs
canbe discovered.

C. Rulesfor Weight Updateand OutputNodeCreation

When an input pattern is applied to our self-organizing
neural network, it will be classi�ed to an output category
by every subnetwork. An output category of a lower layer
subnetwork is saidto belongto anoutputcategory of a higher
layersubnetwork if oneor moreinput patternsareclassi�ed to
belongto thesetwo outputcategories.Theconnectionweights
for eachcategory of the last subnetwork (at the lowest layer)
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arecalculatedasthecenterof thecategory, i.e., thegeometric
centerof all input patternsthat are currently classi�ed into
thecategory associatedwith thecorrespondingoutputneuron.
The connectionweights for an output category of all other
subnetworks (except the last subnetwork) are calculatedas
the geometriccenterof all categories from the lower layer
subnetwork that belongsto this category.

When a new input pattern is applied to a subnetwork,
its classi�cation to an output category of every subnetwork
involves the following two steps.

1) The distancebetweenthe input patternandeachoutput
category is calculatedby comparingthe input pattern
with the connectionweights from the input neurons
to that category. The minimum of thesedistancesis
determinedand thus a winning category is also deter-
mined. This step works similarly to the winner-take-
all networks [25]. Thesewinning neuronsform the tree
of classi�cation as in Fig. 2. For the examplenetwork
shown in Fig. 2, an input patternwill be �rst compared
to the three categories f � g, f � g and f 
 g at the �rst

layer. At the next layer, it will be either comparedto
f a;bg, f c;dg or f eg dependingon which of the three
outputcategoriesat the �rst layer becomesthe winning
category.

2) Within thewinningcategory, thesimilarity of all patterns
in this category including thenew patternwill becalcu-
latedandcomparedto a thresholdvalue.If thesimilarity
value is lessthanthe threshold,the new patternwill be
classi�ed into thewinning category. Otherwise,thenew
patterncannotbe classi�ed into the winning category.

Assumethat there are a total of L subnetworks for l =
1; 2; � � � ; L . Assumethat thereare M input neuronsand the
lth subnetwork has N l output neurons.The input patterns
obtainedfrom the given DNA or protein sequencesare used
as motif candidatesand are provided to eachsubnetwork of
our self-organizing neural network. The outputs of the last
subnetwork correspondto classi�cationsof all input patterns
into motifs andnon-motif categories.The projectedlengthof
motifs possiblyexisting in the input sequencesis the sameas
M .

We denotethe input patternsas x i , i = 1; 2; � � � : Suppose
that t input patternshave beenpresentedto the network and
have been classi�ed. When a new input pattern, i.e., the
(t + 1)st patternx t +1 , is introducedto the lth subnetwork,
the distancesfrom the new input patternto thosecategories
of the lth subnetwork that belong to the (l � 1)st winning
category W l � 1

q is calculatedas

yl
n =

MX

m =1

jx t +1
m � wl

mn j; for n 2 W l � 1
q

wherex t +1
m is the mth componentof the input patternx t +1

and wl
mn is the connectionweight of the l th subnetwork

from the mth input neuronto the nth outputneuronafter the
presentationof the tth input pattern.Denote

yl
q = min

n 2 W l � 1
q

f yl
n g

i.e., the qth output category of the lth subnetwork is the
winning category that has the smallestdistanceto the new
input pattern.Assumethat the qth output category of the lth
subnetwork containspl

q patternsfrom the(l + 1)st subnetwork.
Within thiswinningcategoryq, wewill calculatethesimilarity
valueof all thepl

q + 1 patternsincludingthenew input pattern.
Thesimilarity valueof a groupof patternsis calculatedasthe
maximumof the pairwisedistance[27] betweenall pairs of
patternsin the group.

For the winning category q determinedabove, we calculate
the distancesfrom the new input patternto all other patterns
in the category as

dl
j =

MX

m =1

�
�x t +1

m � el +1
mj

�
� ; j = 1; 2; � � � ; pq;

where

el +1
mj =

8
>><

>>:

x j
m ; if l = L andx j

m belongsto the
category q of the (l � 1)st layer

wl +1
mj ; if 1 � l < L andwl +1

mj belongs
to the category q of the lth layer:

(2)
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We thenperformthe following thresholdtests.If

max
1� j � pq

f dl
j g < � l (3)

thenthis new input patternwill be classi�ed into the category
q of the lth subnetwork. Otherwise,the new input pattern
cannotbe classi�ed into any existing category at this layer.
The thresholdvalue � l in (3) will be determinedlater and it
takesdifferentvaluesfor differentsubnetworks. We note that
all pairwise distancesin this category will be less than the
threshold� l if (3) is satis�ed for the new input patternsince
all other patternsare previously classi�ed into this category
using the samethresholdtest.

We describein the following somemore detailsaboutour
calculationprocedure.

a) We start from the top layer, i.e., the �rst subnetwork,
andwork down the layersoneby one,whenclassifying
a new input pattern.After a winning category hasbeen
determinedat the lth layer, the input patternwill only
be comparedto thosepatternsat the (l + 1)st layer that
are classi�ed to belong to the winning category at the
lth layer and the winning category is denotedby W l

q.
b) If the threshold tests in (3) are successfulfor l =

1; 2; � � � ; L , we perform the following updatesfor the
L th subnetwork:

wL
mq : =

1
pL

q + 1

pL
q +1X

j =1

x j
m

=
1

pL
q + 1

�
pL

q � wL
mq + x t +1

m

�
;

m = 1; 2; � � � ; M ;

pL
q : = pL

q + 1;

where xpL
q +1 indicatesthe new input patternx t +1 for

convenience.We performthe following updatesfor the
restof subnetworks:

wl
mq :=

1
pl

q

pl
qX

j =1

wl +1
mj ;

m = 1; 2; � � � ; M ; l = L � 1; L � 2; � � � ; 2; 1:

c) If the threshold tests in (3) are successfulfor l =
1; 2; � � � ; L 1, where L 1 < L, we will add an output
neuron to subnetworks L 1 + 1; L 1 + 2; � � � ; L . Each
of thesenewly addedcategorieswill containonly one
patternandtheweightsof thenew categoriesarechosen
as

wl
mn = x t +1

m ;

m = 1; 2; � � � ; M ; n = N l + 1;

l = L 1 + 1; L 1 + 2; � � � ; L:

We alsoupdatethe numberof outputneuronsfor these
subnetworks as

N l := N l + 1; pl
N l

= 1; l = L 1 + 1; L 1 + 2; � � � ; L:

In this case,it is not necessaryto perform threshold
testsfor subnetworksL 1+ 1; L 1+ 2; � � � ; L anymore.For

subnetworks1; 2; � � � ; L 1, wewill performthefollowing
updates:

pL 1
q := pL 1

q + 1

wl
mq :=

1
pl

q

pl
qX

j =1

wl +1
mj ;

m = 1; 2; � � � ; M ; l = L 1; L 1 � 1; � � � ; 2; 1:

D. Order Randomizationand Recyclingof Input Patterns

After one cycle of the motif identi�cation procedure,our
neural network is able to identify most of the patternsbe-
longing to somemotifs. However, theremight still be some
missingones.Thatis becausethattheclassi�cationof aninput
patternto a category using the presentself-organizing neural
network will be affectedby the order in which input patterns
arepresentedto the network. The new input patternwill only
be testedin existing categoriesin the network. If the pairwise
testwins in anearliercategory, thepatternwill not beincluded
in categoriesbuilt later. Fig. 5(a)shows a casewherean input
patternis placedin a non-motif category A (e.g., a category
with lessthantwo members).After that,thesamepatternmay
not be consideredto belong to a motif category B that is
createdafter. In Fig. 5(b), the sameinput patternis classi�ed
to the motif category B since in this casethe category B is
createdbeforeA.

B

Classified into a strong categoryClassified into a weak category

B

(b)(a)

A

CC

A

Fig. 5. (a) A new input patternfails to beclassi�ed into category B. (b) The
classi�cation succeededin a different trial.

To avoid the problem shown in Fig. 5(a), we use the
following procedure.After the�rst trial, we keepall motif cat-
egoriesandrecycleall inputpatternsin non-motifcategoriesto
determinewhetherwe have misclassi�edany patternsduring
the �rst trial. (1) Initial trial: We randomly select the order
of presentationof all input patterns,andrun our algorithmto
identify motif categories.(2) Recycling input patterns:Keep
all motif categories including all patternsbelongingto these
categories, remove all non-motif categories, randomly select
the order of presentationof input patternsfrom non-motif
categories,andrun our algorithm.After the secondtrial with
recycledinput patterns,theproblemshown in Fig. 5(a),if any,
will be resolved. Thus,it is likely somemotif categorieswill
getnew membersto join. It is alsolikely thatsomemoremotif
categorieswill be created.

In our simulationstudies,we have used3 as the threshold
to determinewhethera category is a motif or not, i.e., if a
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category containsthreemembersor more,it is classi�ed asa
motif category andotherwise,it is not. Our simulationresults
also indicate that two trials are enoughto identify all motif
categoriessinceadditional trials have not producedanything
new.

I I I . SIMULATION RESULTS

We will compareour algorithm with existing algorithms
in the presentsimulationstudies.We will useboth randomly
generatedand real DNA sequencesto test our algorithm. In
each example, input patternsto our self-organizing neural
network will be obtainedfrom DNA or protein sequencesas
describedin Section2.1.

OTC2_ECOLI  SDLYKKHFLKLLDFTPAQFTSLLTLAAQLKADKKNGKEVQKLTGKNIALIFEKDSTRTRCSFEVAAFDQGARVTYL
OTC1_PSESH  NARHFLSMMDYTPDELLGLIRRGVELKDLRIRGELFEPLKNRVLGMIFEKSSTRTRLSFEAGMIQLGGQAIFLSHR
OTC1_ECOLI  SGFYHKHFLKLLDFTPAELNSLLQLAAKLKADKKSGKEEAKLTGKNIALIFEKDSTRTRCSFEVAAYDQGARVTYL
OTC1_LACLA  MFQGRSFLKEIDFSKDELLYLIDFAIHLKKLKKEHIQHKYLLDKNIALIFEKTSTRTRAAFTTAAVDLGAHPEFLG
OTC2_LACLA  MVTTNKRDFITTEDYTKEEILDIVTLGLKIKAAIKNGYYPPLLKNKSLGMIFQQTSTRTRVSFETAMTQLGGHAEY
OTC2_PSESF  KITSLKNRNLLTMNEFNQSELSHLIDRAIECKRLKKDRIFNLGLNHLNICGIFLKPSGRTSTSFVVASYDEGAHFQ
OTC_BACAN   MSTVQVPKLNTKDLLTLEELTQEEIISLIEFAIYLKKNKQEPLLQGKILGLIFDKHSTRTRVSFEAGMVQLGGHGM
OTC_ANASP   MAALLGRDLLSLADLTPTELQELLQLATQLKSQQLKLRCNKVLGLLFSKASTRTRVSFTVAMYQLGGQVIDLNPNV
OTC_AQUAE   MKRDFVDLWDLSPKEAWEIVKKTLKVKKGEEELGKPLSGKTIALLFTKPSTRTRVSFEVGIYQLGGNSLFFQEKEL

OTC2_ECOLI  GPSGSQIGHKESIKDTARVLGRMYDGIQYRGHGQEVVETLAQYAGVPVWNGLTNEFHPTQLLADLMTMQEHLPGKA
OTC1_PSESH  DTQLGRGEPIADSAKVMSRMLDAVMIRTYAHSNLTEFAANSRVPVINGLSDDLHPCQLLADMQTFLEHRGSIKGKT
OTC1_ECOLI  GPSGSQIGHKESIKDTARVLGRMYDGIQYRGYGQEIVETLAEYASVPVWNGLTNEFHPTQLLADLLTMQEHLPGKA
OTC1_LACLA  PNDIQLGKKESISDTAKVLGSMFDGIEFRGFKQSDVEILAKDSGRPVWNGLTDVWHPTQMLADFMTIKEHFGHLQD
OTC2_LACLA  LAPGQIQLGGHETIEDTSTVLSRLLDIIMARVDRHESVNNLAKHTTIPVLNGMSDYNHPTQEVGDLTTMIEHLPAG
OTC2_PSESF  FFPADNIRFGHKESIKDFARVVGRLFDGIAFRGFEHEVAEELAKHSGIPVWNALTDTHHPTQVLADVMTVKEEFGR
OTC_BACAN   FLNGKEMQMGRGETVSDTAKVLSHYIDGIMIRTFSHADVEELAKESSIPVINGLTDDHHPCQALADLMTIYEETNT
OTC_ANASP   TQVSRGEPVQDTARVLERYLDVLAIRTFEQQELATFAEYAKIPVINALTDLEHPCQILADLLTVQECFDSISGLTL 
OTC_AQUAE   QVSRGEDVRDTARTLSKYVDGVIVRNHSHTWLKEFANFASVPVINALTNMSHPCQILSDVFTLYEHYGEELKNLKV

OTC2_ECOLI  FNEMTLVYAGDARNNMGNSMLEAAALTGLDLRLLAPKACWPEESLVAECSALAEKHGGKITLTEDVAAGVKGADFI
OTC1_PSESH  VAWIGDGNNMCNSYIEAAIQFDFQLRVACPAGYEPNPEFLALAGERVTIVRDPKAAVAGAHLVSTDVWTSMGQEEE
OTC1_ECOLI  FNEMTLVYAGDARNNMGNSMLEAAALTGLDLRLVAPQACWPEAALVTECRALAQQNGGNITLTEDVAKGVEGADFI
OTC1_LACLA  LTLAYVGDGRNNVANSLLVTGAILGVNITIISPESLQPALEIQKLARKYAMKSRSKISIRTDLNGLENADIVYTDV
OTC2_LACLA  KKLEDCKVVFVGDATQVCFSLGLIATKMGMHFVHFGPKGYQLNEEHQAKLAANCEVSGGTYEVTDDEESIVGADFL
OTC2_PSESF  IEGVTIAYVGDGRNNMVTSLAIGALKFGYNLRIIAPNALHPTDAVLAGIYEQTPERNGSIEIFTEVAAGVHQADVI
OTC_BACAN   FKGIKLAYVGDGNNVCHSLLLASAKVGMHMTVATPVGYKPNEEIVKKALAIAKETGAEIEILHNPELAVNEADFIY

OTC_AQUAE   AYVGDGNNVCNTLMVGAGMFGLKLFVATPEGYEPNSYYYKKALEFSKENGGSVELTNNPVESVKDADVVYTDVWVS

OTC2_ECOLI  YTDVWVSMGEAKEKWAERIALLRGYQVNAQMMALTDNPNVKFLHCLPAFHDDQTTLGKQMAKEFDLHGGMEVTDEV
OTC1_PSESH  TARRMALFAPFQVTRASLDLAEKDVLFMHCLPAHRGEEISVDLLDDSRSVAWDQAENRLHAQKALLEFLVAPSHQR
OTC1_ECOLI  YTDVWVSMGEAKEKWAERIALLREYQVNSKMMQLTGNPEVKFLHCLPAFHDDQTTLGKKMAEEFGLHGGMEVTDEV
OTC1_LACLA  WVSMGEEAQTAKRIKLLKSYQINQKVVEKIINKNFIFMHCLPSFHDLNTEVMKEIKENYNLNELEVTDEVFNSKNS
OTC2_LACLA  YTDVWYGLYDAELSEEERLAIFFPKYQVTPEMMAKAGAHTKFMHCLPASRGEEVVDAVIDGPNSICFDEAENRLTS
OTC2_PSESF  YTDVWISMGESVSVEERIALLKPYKVTEKMMALTGKADTIFMHCLPAFHDLDTEVARETPDLVEVEDSVFEGPQSR
OTC_BACAN   TDVWMSMGQEGEEEKYTLFQPYQINKELVKHAKQTYHFLHCLPAHREEEVTGEIIDGPQSIVFEQAGNRLHAQKAL
OTC_ANASP   GQEAEADDRFPIFQPYQISEQLLSLAEPNAIVLHCLPAHRGEEITEEVIEGSQSRVWQQAENRLHVQKALLASILG
OTC_AQUAE   MGEENKNIEAFLPYQVNEKLLSFAKSSVKVMHCLPAKKGQEITEEVFEKNADFIFTQAENRLHTQKTLMEFLFREP

OTC2_ECOLI  FESAASIVFDQAENRMHTIKAVMMATLGE
OTC1_PSESH  A
OTC1_ECOLI  FESAASIVFDQAENRMHTIKAVMVATLSK
OTC1_LACLA  VVFEQAENRMHTIKEVMAATLGDLFIPKI
OTC2_LACLA  IRALLVWLMSDYAEKNPYDLKAQAKAKAELEAYLAK
OTC2_PSESF  VFDQGENRMHTIKALMLETVVP
OTC_BACAN   LVSLFKNVEELS
OTC_ANASP   AE
OTC_AQUAE   QA

Motif consensus form:

Motif 4:  WNGLTDDHHPTQLLADL      Motif 8:  VKFMHCLPAFHDDETTE

Motif 3:  QFGHKESIKDTARVLGR      Motif 7:  EEEKRIALFRPYQVNKK

Motif 1:  PDELLHLIDRAIELKRL      Motif 5:  GLTLAYVGDGRNNMNNS

Motif 2:  NKNIGLIFEKPSTRTRV      Motif 6:  KGADVIYTDVWVSMGEE

OTC_ANASP   TYVGDGNNVANSLMLGCALAGMNVRIATPSGYEPNPQVVAQAQAIADGKTEILLTNDPDLATKGASVLYTDVWASM

              153

      1

      77

      305

      229

   

Fig. 6. The motif discovery resultsin OTCasefamily proteins

Example1: In this example,we will apply our algorithm
to motif discoveries in Ornithine Carbamoyltransferasefam-
ily protein sequences(OTCasefamily). We choose9 OTC
samplesfrom SwissProtgene library. The lengths of these
sequencesarebetween305and340letters.Theaveragelength
is 322.We project the lengthof the target motif to be 17 and
themaximumnumberof mismatchedlettersto be4. A total of
2754input patternsareobtainedfrom the9 proteinsequences.
We chooseto usethreelevelsof subnetworkswith oneoutput
neuroninitially ateachlevel. After thepresentationof all input
patternsin randomorderto thenetwork, weobtain8 motif sets
eachhasat least5 appearances.Resultsareshown in Fig. 6.
Themotif setsaremarkedwith differentunderlinesor blocks.
The consensusforms of the motif setsareusedto summarize
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TABLE III

COMPARISON OF THE MOTIF SETS FROM SELF-ORGANIZING NEURAL

NETWORK METHOD AND MEME METHOD, NOS = NUMBER OF SAMPLES

IN THE MOTIF SET.

ID
Our Result MEME Result

Consensus NOS Consensus NOS
1 GTACAGTTTGTTTATAC 9 GTACAGTTTGTTTATAC 9
2 ACCTTCCACTCAGGATG11 ACCTTCCACTCAGGATG11
3 CAAAAGAACAATAATCA 8 CAACATATTCATAGTCT 7
4 CACAGAGGCACCAATTT 7 CACACCCCGAGCATTCT 6
5 CTTCTTGGAATCCTCTG 7 CTTCTTGGAATCCTCTG 7
6 TTCTAATATTTATTGCT 7 TTCTAATATTTATTGCT 4
7 TGGACTTGGAACCTATA 7 GACTCGCAACCTACAAA 4
8 AGCTTTCTGAATAAAAG 7 ACTTTCTGAATAAAAGA 6
9 TACAATAACAATACCTT 7 TACAGGAAAGATACCTT 5
10 GGTGAGTCTGTGCATTT 7 AATGAGTCTGTGCATAT 7
11 TTCCAATACATTAATAT 7 CCCTTTTCTCTACATTT 7
12 CCATCGATCGAACGATT 7 CGATCAATCGAACGATT 4
13 CCCCCACCTCTCATCAG 7 CATCTCCCATCAGTCAT 4
14 ACTTTCTGAATAAAAGA 6 GACAATCAAAGGAAACA 5
15 GGGTTCGGCAGATGTTT 6 GGGTGGGGCAGTTGTTT4
16 TTTGTGGTTCAAAATAT 13
17 AGGAATTTAAAACAAAT 11
18 AATAATAAAGTAAAAAA 11
19 ATATTTTTTTTCTTCAG 10
20 ACCTTTCGGATAAAACC 6

the results.

Example2: In this example, we will test our algorithm
on a group of DNA sequencesthat sharestrong and weak
motifs [31], [39]. The target samplesare ancientconserved
untranslatedsequences(ACUTS). The DNA samplesare ob-
tained from the ACUTS database[58]. The ACUTS DNA
sequencesare usually used in identifying new regulatory
elementsin untranslatedregionsof protein-codinggenes[14].
We pick the ACTAC 3UT entrieswhich included7 piecesof
sequences.The lengthsof the sequencesare between98 and
1866 residuesand the averagelength is 525. The projected
length of target motifs is 17 and the maximum numberof
mismatchedletters is 6. A total of 3225 input patternsare
obtainedfrom the7 DNA sequences.After applyingthe input
patternsto our neuralnetwork, we obtaina total of 20 motif
sets.In order to compareour algorithmwith MEME method,
we apply the same DNA sequencesto the MEME online
server (http://meme.sdsc.edu/meme/website/meme.html).The
MEME method�nds 15 motif sets.Table III shows a com-
parisonbetweenthe motif setswe found andMEME results.
In the tablewe list the consensussequenceof eachmotif set
obtainedby both self-organizing neuralnetwork methodand
MEME method.We list the numberof patternsthatarefound
for eachmotif set. The �rst 15 motif sets are those found
by both our algorithm and MEME method.Comparedwith
MEME method,our algorithm�nds morepatternsfor mostof
thesemotif sets.Motif sets16 to 20 arefound by our method
only.

Example3: In this example, following [53], we generate
i.i.d. samplesof DNA sequenceswith certainlengths.Motifs
with randommismatchletters at randomly chosenpositions
are implanted in thesesequences.The performanceof the

algorithmis de�ned as follows:

Per f =
jR \ T j
jR [ T j

(4)

whereR is themotif setgenerated,T is themotif setidenti�ed,
andj � j indicatesthecardinalityof a set.Thenumeratorof the
performancerepresentsthe numberof motifs we found that
arereally motifs. Thedenominatorrepresentsthewholesetof
any motifs that are generatedor found. In the �gures shown
in this example,the horizontalaxis representsthe percentage
of mismatchof the motifs (i.e., �=M , where� is the number
of letters that is tolerableas the representationof a motif),
and the vertical axis indicatesthe performanceaveragedover
8 suchsimulations.A resultthat is closerto 1 impliesa better
performance.

Fig. 7 to 9 show the performanceof the systemon �nding
motifs of lengths 13, 15 and 17. From the �gures we can
seethat the using the presentself-organizingneuralnetwork,
resultsare still acceptableeven with the mismatchlettersup
to 30%.After that, theperformancedropssharply. Thereason
of the sharpdrop is that for the 4 letter DNA case,the total
numberof randomlygeneratedsequencesis not largeenough,
which makes the generatedpatternsto be often similar to
noise.Comparingto the resultsobtainedusingMEME in [2]
andusingGibbsin [38], our simulationresultscan�nd motifs
with at least one more mismatchletter than the other two
algorithms.For example,for motif lengthof 15, our algorithm
achieved 100% performance(i.e., identi�ed all motifs) when
there are four letter mismatchesallowed, while MEME and
Gibbs algorithmsboth achieved less than 20% performance.
We canconcludethat in this aspectour algorithmoutperforms
the MEME andGibbsalgorithms.In this simulationexample,
we generated10 DNA sequenceswith 200 letters in each
sequence.Thecomputationtime of our algorithmis 3 minutes
on a SUN Ultra 60 workstation.Comparedwith MEME (15
minutes)andGibbs(12 minutes),our algorithmdemandsless
computationtime.
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Fig. 7. Comparisonresultsfor motif length= 13
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Fig. 9. Comparisonresultsfor motif length=17

Example4: In this example,we study the performanceof
our algorithm with respectto protein sequences.We usethe
samestrategy asde�ned in the lastexample.We generatei.i.d
samplesof protein sequencesand certainnumberof protein
motifs with mismatchletters.Fig. 10 shows performancesof
ouralgorithmfor bothDNA andproteinsequences.Thelength
of themotif patternsin bothcasesis chosenas15.We cansee
that theperformanceof our algorithmfor proteinsequencesis
betterthan that for DNA sequences.One reasonfor this im-
proved performanceis the large numberof randomsequences
that canbe generatedin the caseof proteinsequencesdueto
large alphabet.

Example5: Existing algorithmssuchasMEME andGibbs
do not perform well for long DNA sequences.Basedon the
work in [48], the performancesof thesetwo algorithmsare
not good enoughwhen the length of the sequencehits 500.
In this example,we make a comparisonfor performanceof
motif identi�cation usinglong DNA sequences.In thepresent
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Fig. 10. Comparisonresults for DNA and protein sequenceswith motif
length= 15

example, we generate20 DNA sequenceseachwith length
of 1000. A total of 30 patternsof (15, 4) are implantedat
randomlocationsin thesesequences,where15 indicatesthe
motif lengthand4 representthetolerablenumberof mismatch
letters.We performa total of 8 simulationruns.The average
performanceof our algorithmof the8 runsis 90%.Compared
with MEME (0.00) and Gibbs (12%), we can see that our
algorithmsigni�cantly outperformsboththeMEME andGibbs
algorithmsfor long DNA sequences.

IV. CONCLUSIONS

In this paper, we studiedtheproblemof motif discoveriesin
unalignedDNA and protein sequences.We developeda self-
organizing neural network structurefor solving the problem
of motif identi�cation in DNA and protein sequences.Our
network containsseveral layers with each layer performing
classi�cationsat different level. We maintaina low computa-
tional complexity throughthe useof the layeredstructureso
thateachpattern's classi�cationis performedwith respectto a
small subspaceof the whole input space.We alsomaintaina
high reliability usingour self-organizingneuralnetwork since
it will grow asneededto make surethat all input patternsare
consideredandaregiven the sameamountof attention.Sim-
ulation resultsshow that our algorithm outperformsexisting
algorithmsMEME andGibbsin certainaspects.Ouralgorithm
works well for long DNA sequencesaswell.
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