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Lecture8: Motif nding

Lecturer: Asst. Prof. Sung Wing Kin, Ken Scribe: Song Lina

8.1 Intro duction

First discoreredin 1961by FrancoisJacoband JacquesMonod in Paris, regula-
tion genesare a type of genethat providesthe instructions for creating proteins
which help control the expressionof other structural genes.Thesegenesplay a
key role in geneexpression.

From the DNA level to the protein level, we seethat the protein coding genes,
which occupy a small perceritage of the genome,are being regulated in three
levels.

Transcription control level: Determinesif the transcription can start.

Post transcription control level: Determinesif the transcription can success-
fully completethe whole process.For example,miRNA canstop the transcription

processand avoid the production of mMRNA.

Post translation control level: Control on protein level. For Eukaryotes,

commonly include glycosylation, acelylation, fatty acylation, disul de bond for-

mations.

All the above controls occur during the two stepsdescriked in certral dogma:
(Figure 8.1)

transcription translation

DNA . RNA _, Protein

Figure 8.1:

Transcription : synthesis of a single-strandedRNA molecule using the DNA
template (1 strand of DNA is transcribed).

8-1



Lecture 8: Motif nding 8-2

Translation : conversionof a messengeRNA sequenceanto the amino acid se-
guenceof a polypeptide (i.e., protein synthesis).

This lecture is focusedon transcription cortrol.

We already knew that our genomecortains protein coding genes;howewer, it
only coverslessthen 2% of the human genome. The remaining parts are non-
coding RNAs, regulatory sequencesalso called promoters), and "junk” region.

In this lecture, we will mainly focus on the regulatory sequences. The regu-
latory sequenceare stretchesof DNA sequencesvhich are binding sitesfor RNA
polymeraseand its accessorymolecules. They alsoinclude a wide variety tran-
scription factors. Together, the regulatory sequencesvith their bound proteins
act as molecularswitchesthat determinethe activity state of the genee.g. OFF
or FULL-ON or, more often, somethingin between. The structure of the regula-
tory sequencas in Figure 8.2 and 8.3.

Transcription factors

r——ﬁ RNA polymerase I1
Jun T Spl
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/

Regulatory region L “~Gene

start of transcription
Figure 8.2:

The useof it is listed as follows:

1. Controlling the time and phaseinformation of the geneexpressions:

Di erent genesare expressedn di erent phases. For example, the yeast
cell ssion cycleis divided into four phases:G1 phase,S phase,G2 phase
and M phase,where"G" standsfor "Gap", "S" represefs "Synthesis" and
"M" means"Mitosis".



Lecture 8: Motif nding 8-3

Trawscripiion faciors
r-——._‘:—-.\ RNA polywerase I
um @l
BNA
Regularery reghon ~ G

= AN /-

\J"]

,.\ AN

13-12 T”OEIB /

Position

'_1

Figure 8.3:

2. Controlling the locality of the geneexpressions:
One examplefor sud a caseis tissue speci ¢ genes.

3. Controlling the amourt of geneexpressions:
For example,with enhancersthe geneexpressionis higher.

Transcription factor binging in di erent context hasdi erent e ects on transcrip-
tion initiation activity. As decryptedin Figure 8.4:

Enhancers / Distal Proximal
Repressors Promoter Promoter
Ele ments Ele ments
-10,000 -1000 -150 -50
& end i 3" end
TS5
Figure 8.4:

TSS here meanstranscription start site.
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To start the transcription processfor a particular gene,oneor more transcription
factors have to be bound to seeral speci ¢ regions, called binding sites. These
binding sites are located in the regulatory region of the geneand a single tran-
scription factor can be bound to multiple binding sites. Howewer, they must have
similar length and DNA sequencepattern. We refer thesebinding sitesas motifs
in computer science.

Binding sites usually consist of 5-12 bases(up to 30 bp). Figure 8.5 give an
example.

AGCTAAACCACGTGBCATGGGACGTATGCCCAGTA
Binding site

Figure 8.5:

More over, Binding site sequencereferenceof protein factorsis not exact. There
may be somemismatdch. We canrepresenm it asa weight matrix asin Figure 8.6.

T USF
1 2 ) : 5 6 7
A 0.18 0 B w00 0
& 0.44 1 146 L 0.c
G 010 0. 0w { o7 0L 0
T 0.28 .00 £ 00 nna 0 00 1L 0.00
Figure 8.6:

Since the majority of the motifs are unknown to us, our task is to nd sud
motifs. The discovery of motifs will allow the biologist to understandthe com-
plex medanism that regulated geneexpression.Often, one transcription factor
is not enough,we may have a set of transcriptions factors for one gene. Also
di erent geneswill have di erent set of transcription factors. Figure 8.7 shavs
examplesof motifs, represeted by di erent shapesin the gure. Notice that
the generegionis in red and promoter region is in yellow. For example, the
transcription factor shavn in the rectanglewill interact with the motifs sud as
tataaa.
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Figure 8.7:

8.2 Motif

Motif is generally de ned as a recurring pattern in the sequenceof nucleotides
or amino acids. In the DNA sequenceit is usually a short segmen that occurs
frequenly, but not requiredto be an exact copy for eat occurrence.This prop-
erty of motif makesmotif mining very di cult. In fact, motif nding problemis
provento be NP-Complete.

The stepsof nding motifs are asfollows:

First, nd a setof promoterswhich cortain the samemotif. Here, we will
discusstwo methods: co-expressedjenesmethod and chromatin immuno-
precipitation data method.

Second,look for the motif by using somecomputational methods.

Finally, evaluate the motifs by experiment

This lecture talks more about the secondstep. We will rst descrite the rst
step and the last step rst, followed by the secondstep.

8.2.1 Finding co-expressed genes through microarra y

Co-expressedyenesare genesthat will be expressedogether. They are likely
to be regulated by the sametranscription factors. Co-expressedyenescan be
identi ed through clustering of microarray data, which is shovn in Figure 8.8

Microarray is an array which can have up to tens of thousandsof single stranded
DNA attached. It is basedon hybridization of a single-strandedDNA, labeled
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Figure 8.8:

with a uorescern tag to a complememary moleculeattached to the chip. Mi-
croarray is usedto detect the presenceor the absence,of a particular type of
DNA moleculein the test tube. We could usea microarray to nd co-expressed
genes. Basedon the microarray, we can nd genesthat are up-regulated and
down-regulated together (co-expressedjenes). These genesare expected to be
regulated by the sametranscription factor.

8.2.2 ChlIP

ChlIP, short for Chromatin immunoprecipitation, refersto a procedureto deter-
mine whether a given protein binds to a speci c DNA sequencen vivo. Figures
8.9 shaw the processto detect the interaction betweenprotein and DNA.

The rst stepin a ChIP experimert is to break open cellsand shearthe DNA into
small fragmerts. Then it binds antib odies speci ¢ to the DNA-binding protein
and isolatesthe complex by precipitation. Finally, it reversesthe cross-linking
to releasethe DNA and digest the proteins. The sequence®xtracted by ChIP
experimerts are expectedto be bound by the targeted proteins. In other words,
thesesequencesire expectedto cortain the binding sites.

8.2.3 Evaluate the motif by experiment

Biological experimerts to verify regulatory sitesare tediousand time-consuming.
One approad taken is to mutate di erent combinations of nucleotidesuntil its
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Figure 8.9:

functionality changes.Howe\er, this is very complexand time-consuming. Hence
a seriesof computational methods have beenproposedby computer scierists to
reducethe number of possiblecandidate motifs.

8.3 The motif nding problem

We de ne the motif nding problem as:

Input: A setof regulatory sequencehat possibly bind to the sameprotein fac-
tor that obtained using experimernt techniques sud as EMSA, ChlIP, or
orthologousgenesacrossvarious speciesor co-regulatedgenesderti ed by
micro array analysis.

Aim: We want to use a computational algorithm to seart for the common
binding site pattern called MOTIF. The (I;d)-motif model is a motif that
is of length | and hasat most d mutations. The next shavs an exampleof
a (6; 1)-motif TTGACA.

GCACGUGGTATCGTTAGCTTEGACAAT GAAGATUCCUCCGUTCGACAGGAAT
GCATACTTTGACACTGACTTCGCTTCTTTAATGTTTAATGARARCATGCG
CCCTCTGGARAT TAGTGCGGTCTCACARACCCGAGGAATGACCAAAGTTG
GTATTGARAGTAAGTAGATGGTGATCCCCATGACACCARAGATGCTAAG
CAACGCTCAGGC AACGTTEGACAGGTGACACGTTGACTGCGGCCTCCTGC
GTCTCTTEACCCCTTAATCCTARAGGGAGCTATTAGTATCCGCACATGT
GAACAGGAGCGUCGAGAAAGCAATTGAAGUGAAGTTGACACCTAATAACT
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Motif can be descriked in two ways basedon the binding sites discovered ac-
cording to the (I; d)-motif model: by consensusequenceor by position weigh
matrix. For both methods, we shall usethe following set of candidate binding
sitesasillustration in Figure 8.10:

TTGACA
TCGACA Consensus
TTGACA Pattern

TTGAAA » TTGACA

ATGACA

TTGACA Positional alignment position

GTGACA  Weight nucleotide (NN NN NG N SN S
. BEEEEEEN 01 0 O 1 01 08

TTGACT Matrix (PWM) —D 01 0 0 09 01

TTGACC " B o1 0o 1 0 0 0D

TTGACA B 08 09 0 0 0 01

Figure 8.10:

Here, the consensussequencehas been calculated using the following rules: if
the majority of symbols are a particular letter, then usethat letter; if equalnum-
bersof di erent residuesare presert, then shaw all the residuesin the consensus.

For the above example,we can nd that T is the majority symbol in location 1.
Thus the 1st position of the consensusequences T. We cando it in sameway
in position 2, 3, 4 and 5. Sowe obtain a consensusequencel TGACA.

The PWM gives the probability of ead nucleotide occurring at ead position
of the motif sequence.

Sincewe have known that motif motif is a prominent pattern comparedto ran-
dom patterns in the DNA sequencesowe can usea scoringfunction to measure
the motif's degreeof consenration, e.g. total distancescore.

8.4 Metho ds of nding motifs

We already know that motif nding problem is NP-hard. Sothere are a lot of
peopledoing researt on this aspect. Nowadays, there are two main methods for
nding motifs in a set of sequencesThe rst is to scanfor known motifs in the
biology literature. The secondway is to usestatistical or combinatorial methods
to nd motifs.
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In biology sense,we also use expressionlevel to guide the motif nding. E.g.
REDUCER, GMEP, MDscan, Motif Regressor.In higher eukaryotes, motifs may
work in combination. Soit is good to discover composite motifs, e.g. compara-
tive genomic.We try to nd motifs which are consened acrossspecies.Another
approad is basedon phylogeneticfoot-printer. Another direction isto nd motif
with the knowledge of protein structure, e.g. Cys2His2ZincFinger (RECOMB
2005).

8.4.1 Scanning for known motifs

The biology literature has someknown transcription factor binding sites, for ex-
ample, the TRANSFAC database.

The TRANSFAC database]WCFO01]is a collection of known transcription factors
as well astheir DNA binding sites and pro les, and is bundled together with a
number of useful program routines for identifying potertial transcription factor
binding sitesor for localizing individual componerts in the regulatory network of
a cell.

Information in TRANSFAC is preserted in six at les. The largest les are
SITE and FACTOR, which cortain information on transcription factor binding
sitesin eukaryptoc genesand transcription factors respectively. The other four
les are GENE, CELL, CLASS and MATRIX, with MATRIX having particular
importance, sinceit represems DNA binding pro les for individual or groups of
transcription factors.

A list of known binding sitesis shown in Figure 8.11.

Given the set of input sequencesywe can scanfor the known experimertal tran-
scription factor binding sitesin the input sequences.

8.4.2 Statistical and combinatorial approac hes

If we want to discover new binding sites, we cannot usethe previous method of
scanningthe known motifs from the databases.Hence,we needto useeither the
statistical or the combinatorial approad to nd new motifs.

Some statistical approades include the Gibbs sampler and expectation maxi-
mization. Somecomnbinatorial approadesinclude SP-STAR, random projection
and WINNOWER. Thesewill be descrilked in more detail in the subsequehsec-
tions.
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Figure 8.11:

8.5 Planted motif problem

In this section,we rst de ne the planted motif problem. All the statistical and
combinatorial approadesaim to solve this problem.

Next, we descrike the exhaustive pattern driven algorithm, which is a brute force
algorithm that solvesthe planted motif problemin exponertial time.

8.5.1 De nition

The planted motif problemis de ned asfollows:

Input :
A set S of m sequencesgad of length n.

Two integersl and d, with d< | < n.

Output :

A pattern M, sud that ewvery sequencen S cortains a length | substring
which can be transformedto M after at most d substitutions.
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Sud a pattern M is known asa (l; d)-motif of the setS of sequences.

As an example,we considerthe following four sequences:

Then a (15; 2)-motif for the above sequencess AGGT CGGGCTCGCAT.
In 2000,Pevznerand Szeissuedthe challengeproblem, stated as follows:

Find a signalin a sampleof sequencesead 600 nucleotideslong and eat con-
taining an unknown signal (pattern) of length 15 with 4 mismatces. [PS00]

This highlights the dicult y in the motif nding problem, for example, the
planted (15;4)-motif problem in 20 sequences.Howewer, in 2001, Buhler and
Tompaclaimedthat for the planted motif problemwith the sameparameters(20
sequencesead 600 nucleotideslong), nding (14;4), (16;5) and (18; 6) motifs
are considerablymore di cult [BTO1].

8.5.2 Exhaustiv e pattern driv en algorithm

For a length | pattern M, de ne (S;; M) to be the minimum number of substi-
tutions betweenS; and M.

Note that (S;;M) Gain be computedin O(nd) time.

Dene Score(M) =7, (S;M)

As an example,supposewe have

Si = TACGCGCCAAAGGC GGGGCTCGCATCCGGC
and M = AGGTCGGGCTCGCAT. Then (S;;M) = 2.
As the previousexample,supposeS = S;; S;; Ss; Sy

and M = AGGTCGGGCTCGCAT. Then we have (S;;M) = 2; (S;;M) =
2; (S3;M); (S4;M). Thus,score(M) = 2+ 2+ 2+ 2= 8.
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In the exhaustive pattern driven algorithm proposedby Waterman, the objective
isto nd the bestmotif M which minimizesscore(M ). The bruteforce algorithm
is as follows:

1. SetMgy = AA 1A,
2. For ewvery length | pattern M from AA...Ato TT. .. T:
(@) Fori=1tom:
I Compute (Si;M).
i If (Si;M) > d, then try the next M.
(b) Compute score(M).
(c) If score(M) < score(M ), then setMgp = M.

3. Return M gp.

The time and spaceanalysisfollows:

There are 4 dierent patterns for M. (I position ead with 4 possible
characterA, C, G, T).

For ead item M, we needto compute (S;;M) for m sequences.Since
computation of eatr (Sj; M) takesO(nd) time, the time takento compute
(Si;M) for m sequencess O(mnd).

In total, the time complexity is O(mnd4').

The spacecomplexity is O(mn), for storing the m sequences.

Unfortunately, the exhaustive pattern driven algorithm is only of theoretical in-
terest becausethe time complexity is exorbitantly large.

8.6 Statistical approac hes

This section describes two statistical approades for solving the planted motif
problem, namely MEME and Gibbs sampler.
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8.6.1 MEME

MEME [BE94]is oneof the most popular software for nding motifs. It is based
on expectation maximization.

The ideais to nd an initial motif, and then repeat the expectation and maxi-
mization stepsto improve the motif until it cannotbe improved beyond a certain
threshold or a certain number of iterations have beenreaded.

In the algorithm, we have a parameter that is the probability that a sequence
is a motif and a motif model that is usedto represem the motif, aswell asa
badkground model 4 that is usedto represen the distribution of the sequences
involved. Both the motif model and the badkground model can be represeted
using PWMs, asin the following examples:

Expectation: The expectation step computesthe probability of nding the site
at every position in every sequencéasedon the given PWM.

As an example, suppose we have the sequencel GAT AT AAC GAT C and the
PWMs for and o asabove. This sequencéasthe following possiblepositions
for motifs:

For the rst segmeh TGAT A, we compute p;, usingthe PWM asfollows:

Maximization: In the maximization step, we re ne the PWM of the motif given
the probabilities for every position and every sequence.

With the probability we get from the expectation step, we can have the new
— C p)

9

The re nement of the PWM is done as follows: for ead position, and for
ead nucleotide, the ertry in the PWM for is the probabilities for the segmets
having that nucleotide. The ertries of the PWM are then normalized sud that
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the sum of the ertries for ead columnis 1.
Using the sameexample as above, the ertry for nucleotide T at position 1 of
the re ned PWM for will be:

Pr+ P2+ Pe
Prt P2t Pst Pat Ps+ Pst Pr+ Pst Po

8.6.2 Gibbs sampler

The Gibbs samplerusesa randomizedapproad to iteratively improve a motif.
Initially , a motif, represeted as a PWM, is created by choosing one random
length | word per sequencee.g. in Figure 8.12.

Then the Gibbs samplerwill repeatedly perform the following 4 stepsto iter-
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Figure 8.12:

atively improve the motif.

Step 1: Randomly choosea sequence and delete its length | word, e.g. in
Figure 8.13

Figure 8.13:

Step 2: We de ne the PWM  basedon the blue words and the badkground
PWM basedon the non-motif regions.

Step 3: For ewery length | word x from sequence (the sequencehat we delete

a length | word in step 1), we de ne a likelihood scoreto be Ff’rr((;jj O))

Step 4: We choosethe length | word with the maximize likelihood score. Then
we can get an improved set of motifs. As shown in Figure 8.14
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Figure 8.14:

When using the Gibbs sampler, di erent runs will give di erent results. Nor-
mally, the motif is chosenfrom the best out of a number of runs.

Also, there are various variants of the standard Gibbs samplingapproad. These
include the Gibbs motif sampler, AlignA CE and BioProspector.

8.7 Combinatorial approac hes

We will descrike three combinatorial approates SP-STAR, WINNOWER and
random projection in detail which prove to give better performancethan someof
the most popular signal nding algorithms mertion earlier, suc as Gibbs Sam-
pler and MEME, when applied to simulated sampleswith uniform badground
distribution.

8.7.1 SP-STAR

SP-STAR [PSO00]is proposedby Pevznerand Sze. First, it choosesa suitable
scoring function to accessthe goodnessof a motif. Then, for ead |-mer ap-
pearing in the sample, nd its bestinstancein eat sequenceand collect these
instancestogetherto form aninitial motif. Employ alocal improvemert heuristic
to improve ead initial motif.

De nitions

Considera set of length-l sequencesvy;w,;:::;wWy. De ne

SPscore(Wy; Wo;:::;Wy) = (wi;w;)

where (x;y) is the hamming distancebetweenx andy.

Algorithm
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2. For any length-l word w 2 W:

(b) Get the consensusword, by courting the most frequertly appearing
word in ead column. Let w be the consensusvord.

ther improved.

E.g. Givena string v, locate the string w; which is closestto v in ead sequence
(Figure 8.15).

Figure 8.15:

Use the most frequert letter in ead position to de ne a new majority string
(Figure 8.16).

Figure 8.16:

Repeat until there are no more changesin the string v.

The main reasonwhy SP scoreis chosenover STAR is that it is able to give
a better initial estimate of the goodnessof a string. For subtle signals, typical
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distance between signal instancesis lessthan or equalto 2d, while typical dis-
tance betweentwo random best instancesfrom v can be aslarge as 4d, whered
is the number of mismatches,as shown in Figure 8.17.

Figure 8.17:

8.7.2 WINNO WER

WINNOWER [PSO00]is a graph-theoretic approad which represets a motif as
a large clique (complete subgraph) and attempt to solve the clique probleme -
ciertly by Itering.

Problem Reduction

(I; d)-motif. We construct a graph G as follows:
Every vertex in G correspndsto a length-l word in S.

Considertwo words x and y appear in two di erent sequencesn S. x and
y are connectedby an edgeif their hamming distanceis at most 2d. 2d
is chosento cater for all possible(l; d)-motif, that \sits" in the middle in
terms of distance betweenthe two vertex that hasdistance 2d.

Note that G is a m-partite graph. An exampleof a 3-cliqueis shown in Figure
8.18.

Notice that the problem of nding a (I;d)-motif correspndsto nding a clique
of sizem, wherem is the number of strings. Thus, the problem of nding motifs
is reducedto the problem of nding large cliques. Howewer, nding cliquesis
a NP-complete problem. Therefore WINNOWER proposesa method to lter
edgeswhich de nitely do not belongto any large cliques.
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Figure 8.18:

De nitions

A vertex v is a neighbor of a clique C if it is connectedto every vertex in this
clique (i.e., C[ fvgis aclique).

A clique is called extendableif it has at least one neighbor in ewery part of
the multipartite graph G.

An edgeis called spuriousif it doesnot belongto any extendableclique of size
K.

WINNOWER is an iterativ e algorithm that cornvergesto a collection of extend-
able cliquesby lItering out spuriousedges.

Algorithm

1. ConstructagraphG by: Considertwowordsx andy appearin two di erent
sequence S. x andy are connectedoy an edgeif their hamming distance
is at most 2d.

2. Filtering of spuriousedges:
(a) Filtering weak vertices: Verticesthat are not supported by a neighbor
in every part of G are Itered out.
(b) Filtering weak edges:Unsupported edgesare removed.
(c) Filtering weaktriangles.
(d) If the computation allow, Iter more.

An exampleis showvn in Figure 8.19 and the result after Itering is shown in
Figure 8.20.
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Figure 8.19:

Figure 8.20:

8.7.3 Random pro jection

The random projection [BTO01] algorithm choosesa projection by selectingk out
of | positions at random, then ead length-l string is hashedinto budkets based
on thesek positions. The algorithm is basedon Random Graph Theory.

Someinstancesof a motif agreeon a subsetof positions. With appropriate k,
theseinstanceswill be groupedtogether. Considerthe following three sequences:

The sequencesire actually (10; 2)-motifs. Ideally, if we are able to chooseposi-
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tions 1, 3, 5, 6, 9 and 10, then we can actually hashthe strings into the same
bucket and concludethat the strings which are in the bucket to be candidate
motifs.

Motif re nemen t

We expect real motif instancesare put together asa large group (called enriched
buckets), sowetry to look for motif for every enriched bucket. For ead enriched
bucket, the selectedk positions are already xed. Useinformation in the other
C[ positions as a starting point of an iterative motif nding algorithm sud as
the Gibbs sampleror MEME. Thesealgorithms typically work much better when
givena good starting point. For example,random projection provides suc good
starting points.

Parameter selection

It is very important to choosean appropriate projection sizek. Howeer, there
are somecon icting goals: k hasto be small sothat a signi cant number of motif
instancesare grouped together under the projection. k cannot be so small that
non-motif instancesare grouped together as motif instances.

The random projection algorithm can be run multiple times. The best motif
from theseruns is takento be the answer.

8.7.4 Finding motif using sux tree

Assumption: Every (l; d)-motif occursin at leastonesequencavithout mismatch.

Detailed algorithm is asfollow:

2. For ewery length-l substring p[1:::1] of S,

(@) Let PSbe a setof paths. Initially , PS cortains only one path r, which
Is a path with the root nodeonly. r is ass@iated with an error distance
which is setto be 0.

(b) Fori=1tol,

I Extend all pathsin PS by one symbol.
ii If the symbol is not p[i], increasethe error by 1.
lii If the number of error is more than d, discard this path.
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(c) Compute the number of distinct terminal symbols under the subtrees
of all pathsin PS. If the number g, report p.

Next, we will give an examplefor su x-tree basedmotif nding problem.

Problem: Given 3 sequencesS1 = aacg$, S2 = acge#, S3 = cctv, nd (3;1)-
motif occurring in the 3 sequences.

Execution of the algorithm:

1. Build ageneralizedsu x tree T in O(n) time, asillustrated in Figure 8.21.
Supposewe are now working on the substring p[1::3] = cgt.

Figure 8.21:

2. As we extend the path from the root, attach to eat path the accunulated
error. As illustrated in Figure 8.22 by the subscript digit attached to the
path.

3. Prune the path when the accunulated error is larger than the speci ed
error threshold, herein (3; 1)-motif, threshold is 1. Also prune pathesthat
prematurely reac the end. Pathesin Figure 8.23are crossedafter pruned.

4. Finally we have the result, asin Figure 8.24. Sincethe string \cgt" occurs
in all the 3 sequencesvith maximum error 1, it is a (3; 1)-motif.

Su x tree approad can be generalizedto many other approades.
E.g. Sagot1998,Marsan & Sagot2000,Weeder2001.
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Figure 8.22:

Figure 8.23:

According to Tompa testing [Nature genetic 2005], Weederis one of the best
motif nder.

8.7.5 Other combinatorial approac hes

Besidesthe three algorithms mentioned earlier, there are alsoa number of other
algorithms which have beendewelopedto tackle the problem of motif nding. We
will mertion them briey here.

Multipro ler
Basedon the (l;d)-motif model, use the neighborhood of a candidate pattern

to nd \spelling" errors which prevert it from being the correct motif. It is a
heuristic which starts from strings in the sample.
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Figure 8.24:

Pattern branc hing

Use a branching heuristic basedon the (I; d)-motif model, starting from strings
that appearin the sampleand changingoneletter at atime to seard for a correct
motif.

Finding proles instead of patterns

Represeh a motif as a pro le (where ead position is represeted as a proba-
bility distribution of letters from f A; C; G; Tg rather than a simple pattern.

There are other recert methods apart from those mertioned above. Two ex-
amplesare [SLCO04]and [EO4].

8.7.6 General problems of combinatorial approac hes

Most of the recent combinatorial approatesdo not consider statistical signi -
canceof motifs very carefully. Although thesenew approatesconrm to have
better performanceover older approaheson simulated samples,it hasnot been
shown that they have signi cant advantageson real biological samples.

In practice, motif nding algorithms have to take into accourt characteristics
of real input samples.Theseinclude:

1. Motifs with unknown length.

2. Sampleswith biasednucleotide composition.
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3. Corrupted samples(not every sequencecontains a motif).

4. Regulatory sitescan lie on either DNA strand.
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