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10.1 In tro duction

One of the big challengesin molecular biology is to understand the regulation
of geneexpression;which is the processin which a segment of DNA is being
decoded to form a protein. From the DNA level to the protein level, we seethat
the protein coding genes,which occupy a small percentage of the genome,are
being regulated in three levels. They are the transcription control level, the post
transcription control level and the post translation control level. Transcription
control determineswhen the protein transcription can start. Post transcription
control determinesif the transcription is successfulor not (e.g. RNA silencing)
and the types of RNA generated(e.g. splicing). And the control on protein
level is coveredin post translation control. All theseabove controls occur in the
following two-stepprocess:

1. Transcription: synthesisof a single-strandedRNA moleculeusingthe DNA
template (1 strand of DNA is transcribed).

2. Translation: conversionof a messengerRNA sequenceinto the amino acid
sequenceof a polypeptide (i.e., protein synthesis).

In this lecture, we will focus on transcription control, which is highlighted
in Figures 10.1 and 10.2. We shall �rst understand the functions of the protein
coding sequenceand regulatory sequences.From our earlier knowledge,we know
that every geneconsistsof a protein coding sequence,which might be contiguous
or broken up, forming of a seriesof exonsand introns. They normally begin with
a START codon (ATG) and endswith a STOP codon (TAA, TAGor TGA). Apart
from this, a genemust also have regulatory sequencesassociated with it. The
useof regulatory sequencesis listed as follows:

1. Controlling the time and phaseinformation of the geneexpressions:

Di�eren t genesare expressedin di�eren t phases. For example, the yeast
cell �ssion cycle is divided into four phases:G1 phase,S phase,G2 phase
and M phase.

10-1
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Figure 10.1: Transcriptional Control I

Figure 10.2: Transcriptional Control II

2. Controling the locality of the geneexpressions. One example for such a
caseis tissuespeci�c genes.

3. Controling the amount of geneexpressions.For example,with enhancers,
the geneexpressionis higher.

Theseregulatory sequencesarestretchesof DNA sequenceswhich arenot pro-
teins sequencesbut binding sitesfor RNA polymeraseand its accessorymolecules.
They also include a wide variety transcription factors. Together, the regulatory
sequenceswith their bound proteinsact asmolecularswitchesthat determinethe
activit y state of the gene- e.g. OFF or FULL-ON or, more often, somethingin
between. To start the transcription processfor a particular gene,one or more
transcription factors have to be bound to several speci�c regions,called binding
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sites. Thesebinding sites are located in the regulatory region of the geneand a
singletranscription factor canbe bound to multiple binding sites. However, they
must havesimilar length and DNA sequencepattern. Werefer thesebinding sites
as motifs.

Sincethe majorit y of the motifs are unknown to us, our task is to �nd such
motifs. The discovery of motifs will allow the biologist to understandthe varied
and complex mechanism that regulated geneexpression.Figure 10.3 shows ex-
amplesof motifs, represented by the di�eren t shapes in the �gure. Notice that
the generegion is in red and promoter region is in yellow. For example, the
transcription factor shown in the rectangle will interact with the motifs such
as tataaa . (Note that binding sites are short, whoselength may be up to 30
nucleotides.)

Figure 10.3: Transcriptional control III

10.2 Motif

A motif is de�ned to bea short segment that occursfrequently in a DNA sequence,
but it is not required to be an exact copy. This property of motif makesmotif
mining very di�cult. In fact, motif �nding problemis provento beNP-Complete.

The stepsof �nding motifs are as follows:

� First, �nd a set of promoters which contain the samemotif. Here, we will
discusstwo methods: co-expressed genesmethod and chromatin immuno-
precipitation data method.

� Next, evaluate the motifs by experiment.

� Finally, look for the motif by using somecomputational methods.
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10.2.1 Finding co-expressed genes through microarra y

Co-expressedgenesare genesthat will be expressedtogether. They are likely
to be regulated by the sametranscription factors. Co-expressedgenescan be
identi�ed through clustering of microarray data, which is shown in Figure 10.4.

http://www.sri.com/pharmdisc/cancer_biology/laderoute.html

Figure 10.4: Microarray

Microarray is an array which can have up to tens of thousands of single-
stranded DNA attached. It is basedon hybridization of a single-strandedDNA,
labeledwith a 
uorescent tag to a complementary moleculeattached to the chip.
Microarray 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-expressedgenes). Thesegenesare expected to be
regulatedby the sametransciption factor.

10.2.2 Chromatin imm unoprecipitation exp erimen t

Chromatin immunoprecipitation, or ChIP, refers to a procedure to determine
whether a given protein binds to a speci�c DNA sequencein vivo. Figures 10.5
and 10.6 show the processto detect the interaction betweenprotein and DNA.
The �rst step in a ChIP experiment is to breakopencellsand shearthe DNA into
small fragments. Then it binds antib odies speci�c to the DNA-binding protein
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and isolatesthe complex by precipitation. Finally, it reversesthe cross-linking
to releasethe DNA and digest the proteins. The sequencesextracted by ChIP
experiments are expectedto be bound by the targeted proteins. In other words,
thesesequencesare expectedto contain the binding sites.

Figure 10.5: Chromatin immunoprecipitation experiment I

Figure 10.6: Chromatin immunoprecipitation experiment II
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10.2.3 Evaluate the motif by exp erimen t

Biological experiments to verify regulatory sitesare tediousand time-consuming.
One approach taken is to mutate di�eren t combinations of nucleotidesuntil its
functionality changes.However, this is very complexand time-consuming.Hence
a seriesof computational methods have beenproposedby computer scientists to
reducethe time required for motif discovery.

10.3 Represen ting motifs

There are two commonways of representing motifs: by consensussequence and
by position weightmatrix.

For both methods, we shall usethe following set of candidatebinding sitesas
illustration:

TATGAT
TATAAA
TATAAT
TAATAA
TATAAT
TATAAA
TATTAT
GATAAA
GATACT
TACGAA
GATACT
TAAGAT
TATAAA

The matrix below shows the frequencyof occurrenceof A, C, Gand T in the
di�eren t positions:

1 2 3 4 5 6
A 0 12 2 8 11 6
C 0 0 1 0 2 0
G 3 0 0 3 0 0
T 10 0 10 2 0 7

10.3.1 Consensus sequence

Here,the consensussequencehasbeencalculatedusing the following rules: if the
majorit y of symbols are a particular letter, then usethat letter; if equalnumbers
of di�eren t residuesare present, then show all the residuesin the consensus.
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For the above example,we can �nd that T is the majorit y symbol in location
1. Thus the 1st position of the consensussequenceis T. We can do it in same
way in position 2, 3, 4 and 5. In position 6, we �nd that the number of symbol A
and symbol T is nearly the same.Sowe obtain a consensussequenceTATAA[AT],
which implies that the consensussequencecan be either TATAAAor TATAAT.

10.3.2 Positional weight matrix

The positional weight matrix (PWM) can be generatedfrom the matrix above
by normalizing every column so that the sum of each column equalsone:

1 2 3 4 5 6
A 0 1 0.15 0.62 0.85 0.46
C 0 0 0.08 0 0.15 0
G 0.23 0 0 0.23 0 0
T 0.77 0 0.77 0.15 0 0.54

E�ectiv ely, the PWM gives the probability of each nucleotide occurring at
each position of the motif sequence.

10.4 Metho ds of �nding motifs

There are two main methods for �nding motifs in a set of sequences.The �rst
is to scanfor known motifs in the biology literature. The secondway is to use
statistical or combinatorial methods to �nd motifs.

10.4.1 Scanning for known motifs

The biology literature has some known transcription factor binding sites, for
example,the TRANSFAC database.

Given the set of input sequences,we can scanthe known experimental tran-
scription factor binding sites in the input sequences.However, the databaseis
not exhaustive.

A list of known binding sites is shown in Table 10.1.

10.4.2 The TRANSF A C database

The TRANSFAC database[WCF01] is a collectionof known transcription factors
as well as their DNA binding sites and pro�les, and is bundled together with a
number of useful progam routines for identifying potential transcription factor
binding sitesor for localizing individual components in the regulatory network of
a cell. It is accessibleat the following URL: http://www.gene-regul at io n. de/
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SITE ID FACTOR(S) SITE SYSTEM SEQUENCE
S00655 BPV-E2 (E2)-EI IaE1 MAMM GACGTAGTTTTCGCGC
S00906 (GR) (GR)-Mo-MuL V MAMM AGAACAGATG
S01822 (My ogenin) (My ogenin) CS MAMM TTGCACCTGTTNNTT
S00610 (SRF) (SRF)-actin MAMM/AMPHI AAGATGCGGATATTGGCGAT
S00857 (Sp1) (Sp1)-MT-I.1 MAMM GGGGGCGG
S00859 (Sp1) (Sp1)-MT-I.2 MAMM TGCACTCCGCCC
S01187 (Sp1) (Sp1)-TK.1 MAMM CCCCGCCC
S01188 (Sp1) (Sp1)-TK.2 MAMM GGGGCGGCGCGG
S01026 (Sp1) (Sp1)-U2snR.1 MAMM GGGCGG
S01027 (Sp1) (Sp1)-U2snR.2 MAMM ACGCCC
S01028 (Sp1) (Sp1)-U2snR.3 MAMM GGGCGG
S00783 (TFI ID/TBF) (TFI ID/TBF)-RS MAMM TATAAA
S00739 (TFI ID/TBP) (TFI ID/TBP)-H2B1 ECHINO TATAAATAG
S01171 unknown 16S/32S rRNA.1 PROK TTTATATG
S01765 unknown 21-boxAl PROK GGCTCTTTA
S01763 unknown 21-boxAr PROK TGCTCTTTA
S01206 TT factor 28S RNA termination CS MAMM AGGTCGACCAGWWNTCCG
S01172 unknown 30S rRNA.IF3 PROK AGGT
S01927 unknown 3MC-inducible-GST-Y a site MAMM CGTCAGGCATGTTGCGTGCA
S00845 60k-protein 60k-protein RS1 PLANT GAATTTAATTAA

Table 10.1: Someknown binding sites

Information in TRANSFAC is presented in six 
at �les. The largest �les are
SITE and FACTOR, which contain information on transcription factor binding
sites in eukaryptoc genesand transcription factors respectively. The other four
�les are GENE, CELL, CLASS and MATRIX, with MATRIX having particular
importance, sinceit represents DNA binding pro�les for individual or groupsof
transcription factors.

10.4.3 Statistical and combinatorial approac hes

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

Somestatistical approachesinclude the Gibbs samplerand expectation max-
imization.

Some combinatorial approaches include SP-STAR, random projection and
WINNOWER.

Thesewill be described in more detail in the subsequent sections.

10.5 Plan ted motif problem

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

Next, we describe the exhaustivepattern driven algorithm, which is a brute-
forcealgorithm that solvesthe planted motif problem in exponential time.
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10.5.1 De�nition

The planted motif problem is de�ned as follows:

Input:

� A set S of m sequences,each of length n.

� Two integersl and d, with d < l < n.

Output:

� A pattern M , such that every sequencein S contains a length l substring
which can be transformed to M after at most d substitutions.

Such a pattern M is known as a (l; d)-motif of the set S of sequences.
As an example,we considerthe following four sequences:

TAGTACTAGGTCGGACTCGCGTCTTGCCGC
CAAGGTCCGGCTCTCATATTCAACGGTTCG
TACGCGCCAAAGGCGGGGCTCGCATCCGGC
ACTCTGTGACGTCTCAGGTCGGGCTCTCAA

Then a (15; 2)-motif for the above sequencesis AGGTCGGGCTCGCAT.

In 2000,Pevznerand Szeissuedthe challengeproblem, stated as follows:

Find a signal in a sample of sequences,each 600 nucleotides long
and each containing an unknown signal (pattern) of length 15 with 4
mismatches. [PS00]

This highlights the di�cult y in the motif �nding problem, for example, the
planted (15; 4)-motif problem in 20 sequences.However, in 2001, Buhler and
Tompaclaimedthat for the planted motif problem with the sameparameters(20
sequences,each 600nucleotideslong), �nding (14; 4)-, (16; 5)- and (18; 6)-motifs
are considerablymore di�cult [BT01].

10.5.2 Exhaustiv e pattern driv en algorithm

Let S = f S1; S2; : : : ; Smg be a set of sequences.
For a length l pattern M , de�ne � (Si ; M ) to be the minimum number of substi-
tutions betweenSi and M .
Note that � (Si ; M ) can be computed in O(nd) time.
De�ne score(M ) =

P m
i=1 � (Si ; M ).

As an example,supposewe have
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Si = TACGCGCCAAAGGCGGGGCTCGCATCCGGC

and M = AGGTCGGGCTCGCAT. Then � (Si ; M ) = 2.

As another example,supposeS = f S1; S2; S3; S4g, where

S1 = TAGTACTAGGTCGGACTCGCGTCTTGCCGC
S2 = CAAGGTCCGGCTCTCATATTCAACGGTTCG
S3 = TACGCGCCAAAGGCGGGGCTCGCATCCGGC
S4 = CCTCTGTGACGTCTCAGGTCGGGCTCTCAA

and M = AGGTCGGGCTCGCAT. Then we have � (S1; M ) = 2, � (S2; M ) = 2,
� (S3; M ) = 2 and � (S4; M ) = 2. Thus, score(M ) = 2 + 2 + 2 + 2 = 8.

In the exhaustivepattern driven algorithm proposedby Waterman, the ob-
jective is to �nd the best motif M which minimizes score(M ). The brute-force
algorithm is as follows:

1. Set M opt = AA: : : A.

2. For every length l pattern M from AA: : : A to TT: : : T:

(a) For i = 1 to m:

i. Compute � (Si ; M ).
ii. If � (Si ; M ) > d, then try the next M .

(b) Compute score(M ).

(c) If score(M ) < score(M opt), then set M opt = M .

3. Return M opt.

The time and spaceanalysisfollows:

� There are 4l di�eren t patterns for M .

� For each item M , we need to compute � (Si ; M ) for m sequences.Since
computation of each � (Si ; M ) takesO(nd) time, the time taken to compute
� (Si ; M ) for m sequencesis O(mnd).

� In total, the time complexity is O(mnd4l ).

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

Unfortunately, the exhaustive pattern driven algorithm is only of theoretical
interest becausethe time complexity is exhorbitantly large.
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10.6 Statistical approac hes

This section describes two statistical approaches for solving the planted motif
problem, namely Gibbssampler and MEME.

10.6.1 Gibbs sampler

The Gibbssampler [LAB93] usesa randomizedapproach to iterativ ely improve
a motif. Initially , a motif, represented as a PWM, is generatedby selectingone
random length l segment (substring) from each of the m sequencesinvolved.
Then the Gibbs samplerwill repeatedly perform a predictive update step and a
samplingstep to iterativ ely improve the motif.

Predictiv e up date step. In the predictive update step, one of the selected
length l segment, choseneither at random or by somepredeterminedorder, is
removed from the selection.

Sampling step. Supposethat the removed segment is from sequenceSi . In the
samplingstep, we add a length l segment from Si to the list of selectedsegments,
which we will describe in more detail.

Firstly, from the remaining m � 1 selectedsegments, we compute the PWMs
for the motif model � (which is usedto represent the motif ) as well as the back-
ground model � 0 (which is usedto represent the background distribution of the
sequences).The PWM for � 0 will be computed basedon the nucleotidesin the
sequencesthat are outside the selectedsegments, and every column of the PWM
for � 0 will be the same.

Let Si;j be the length l segment at position j in Si . We de�ne W� to be the
PWM for the model � and W� (j ) to be the value of the nucleotide at position j
in W� . Also, we de�ne

P(Si;j j� ) =
lY

k=1

W� (Si;j [k]; k);

and P(Si;j j� 0) is de�ned analogously.
For each segment Si;j , we computea weight A i;j , de�ned to be

A i;j =
P(Si;j j� )
P(Si;j j� 0)

:

The weight A i;j , after normalization, gives the probability of choosing segment
Si;j for addition into the set of selectedsegments. In other words, the probability
of choosingSi;j is A i;jP

j
A i;j

.

When using the Gibbs sampler,di�eren t runs will give di�eren t results. Nor-
mally, the motif is chosenfrom the best out of a number of runs.
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Also, there are various variants of the standard Gibbs sampling approach.
Theseinclude the Gibbs motif sampler,AlignACE and BioProspector.

10.6.2 MEME

MEME [BE94] is one of the most popular software for �nding motifs. It is
implemented using the MM algorithm, which is an extensionof the expectation
maximization technique for �nite mixture models.

The idea of the MM algorithm is to �nd an initial motif, and then iterativ ely
executesthe expectation and maximization steps to improve the motif until it
cannot be improved beyond a certain threshold or a certain number of iterations
hasbeenreached.

In the MM algorithm, we have a motif model � that is usedto represent the
motif, aswell asa background model � 0 that is usedto represent the distribution
of the sequencesinvolved. Both the motif model and the background model can
be represented using PWMs, as in the following examples:

� 1 2 3 4 5
A 0.2 0.8 0.1 0.7 0.8
C 0 0.1 0.2 0 0.1
G 0.1 0.1 0.1 0.2 0.1
T 0.7 0 0.6 0.1 0

� 0 1 2 3 4 5
A 0.25 0.25 0.25 0.25 0.25
C 0.25 0.25 0.25 0.25 0.25
G 0.25 0.25 0.25 0.25 0.25
T 0.25 0.25 0.25 0.25 0.25

Note that all the columnsin the PWM of � 0 are the same.

Exp ectation. The expectation step computes the probability of �nding the
actual motif at every position in every sequence.

For every sequenceSi , a sliding window of length l is used. For every length l
contiguous segment (substring) Si;j in the sequence,we computeP(Si;j j� ) aswell
as P(Si;j j� 0) from the PWMs. If we de�ne W� to be the PWM for the model �
and W� (i; j ) to be the entry for nucleotide i at position j in W� , then

P(Si;j j� ) =
lY

k=1

W� (Si;j [k]; k):

Then we compute the likelihood ratio pi;j for Si;j :

pi;j =
P(Si;j j� )
P(Si;j j� 0)

:
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As an example,supposewe have the sequenceS1 = TGATATAACGATCand the
PWMs for � and � 0 as above. This sequencehas the follwing possiblepositions
for motifs:

TGATATAACGATC
TGATA p1;1

GATAT p1;2

ATATA p1;3

TATAA p1;4

ATAAC p1;5

TAACG p1;6

AACGA p1;7

ACGAT p1;8

CGATC p1;9

For the �rst segment TGATA, we computep1;1 using the PWM as follows:

� 1 2 3 4 5
A 0.2 0.8 0.1 0.7 0.8
C 0 0.1 0.2 0 0.1
G 0.1 0.1 0.1 0.2 0.1
T 0.7 0 0.6 0.1 0

p1;1 =
0:7 � 0:1 � 0:1 � 0:1 � 0:8

0:25� 0:25� 0:25� 0:25� 0:25
:

Maximization. In the maximization step,were�ne the PWM of the motif given
the probabilities for every position and every sequence.

The re�nement is doneas follows: for each position, and for each nucleotide,
the entry in the PWM for � is the of the probabilities for the segments having
that nucleotide. The entries of the PWM are then normalizedsuch that the sum
of the entries for each column is 1.

More formally, let

qi;j (x; k) =

(
pi;j if Si;j [k] = x;
0 otherwise:

We then update W� as follows:

W� (x; k) =
P

i;j qi;j (x; k)
P

i;j pi;j
:

Using the sameexampleas above, the entry for nucleotideT at position 1 of
the re�ned PWM for � will be

p1;1 + p1;4 + p1;6

p1;1 + p1;2 + p1;3 + p1;4 + p1;5 + p1;6 + p1;7 + p1;8 + p1;9
:
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10.7 Com binatorial approac hes

We will describe three combinatorial approaches SP-STAR, WINNOWER and
randomprojection in detail which prove to give better performancethan someof
the most popular signal �nding algorithms mention earlier, such as Gibbs Sam-
pler and MEME, when applied to simulated sampleswith uniform background
distribution.

10.7.1 SP-STAR

SP-STAR [PS00] is proposedby Pevzner and Sze. First, it choosesa suitable
scoring function to accessthe goodnessof a motif. Then, for each l-mer ap-
pearing in the sample, �nd its best instance in each sequenceand collect these
instancestogether to form an initial motif. Employ a local improvement heuristic
to improve each initial motif.

De�nitions

� Considera set of length-l sequencesw1; w2; : : : ; wm . De�ne

SPscore(w1; w2; : : : ; wm ) =
X

i;j

� (wi ; wj );

where� (x; y) is the hamming distancebetweenx and y.

Algorithm

1. Let W be the set of length-l words in all m sequencesS1, S2, ..., Sm .

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

(a) Find the best match w1, w2, ..., wm in each of the m sequences.

(b) Get the consensusword, by counting the most frequently appearing
word in each column. Let w be the consensusword.

(c) Repeat steps (a) and (b) until SPscore(w1; w2; : : : ; wm ) cannot be
further improved.

Example

� Given a string v, locate the string wi which is closestto v in each sequence
(Figure 10.7).

� Usethe most frequent letter in each position to de�ne a newmajorit y string
(Figure 10.8).

� Repeat until there are no more changesin the string v.
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Figure 10.7: Mapping of the most similar strings

Figure 10.8: Getting consensusfrom strings

Figure 10.9: Il lustration of distance between strings



Lecture 10: Motif Finding 10-16

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
distancebetweensignalinstancesis lessthan or equalto 2d, while typical distance
betweentwo random best instancesfrom v can be as large as 4d, whered is the
number of mismatches,as shown in Figure 10.9.

10.7.2 WINNO WER

WINNOWER [PS00] is a graph-theoretic approach which represents a motif as
a large clique (completesubgraph)and attempt to solve the clique problem e�-
ciently by �ltering.

Problem Reduction

Given a set of sequencesS = f S1; S2; : : : ; Sm g and supposewe are looking
for a (l ; d)-motif. We construct a graph G as follows:

{ Every vertex in G correspondsto a length-l word in S.

{ Considertwo words x and y appear in two di�eren t sequencesin S. x
and y are connectedby an edgeif their hamming distanceis at most
2d.

Note that G is a m-partite graph. An exampleis shown in Figure 10.10.

Figure 10.10: 3-clique

Notice that the problem of �nding a (l; d)-motif corresponds to �nding a
clique of sizem, where m is the number of strings. Thus, the problem of
�nding motifs is reducedto the problem of �nding large cliques. However,
�nding cliques is a NP-complete problem. Therefore WINNOWER pro-
posesa method to �lter edgeswhich de�nitely do not belong to any large
cliques.
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De�nitions

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

� A clique is called extendableif it hasat least oneneighbor in every part of
the multipartite graph G.

� An edgeis called spurious if it doesnot belongto any extendableclique of
sizek.

WINNOWER is an iterativ e algorithm that convergesto a collection of ex-
tendablecliquesby �ltering out spuriousedges.

Algorithm

1. Construct a graph G by:

� Considertwo words x and y appear in two di�eren t sequencesin S. x
and y are connectedby an edgeif their hamming distanceis at most
2d.

2. Filtering of spuriousedges:

(a) Filtering weak vertices:

� Verticesthat are not supported by a neighbor in every part of G
are �ltered out.

(b) Filtering weak edges:

� Unsupported edgesare removed.

(c) Filtering weak triangles.

(d) If the computation allow, �lter more.

Example

� An exampleis illustrated in Figure 10.11and Figure 10.12.
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Figure 10.11: Picture showingcliquesin a string

Figure 10.12: After �ltering

10.7.3 Random pro jection

The randomprojection [BT01] algorithm choosesa projection by selectingk out
of l positions at random, then each length-l string is hashed into buckets based
on thesek positions.

In tuition

Someinstancesof a motif agreeon a subsetof positions. With appropriate
k, theseinstanceswill be grouped together.

Considerthe following three sequences:

ATAATTCGCT
ACACTTCTCT
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ACAGTTATCT

The sequencesare actually (10; 2)-motifs. Ideally, if we are able to choose
positions 1, 3, 5, 6, 9 and 10, then we can actually hash the strings into
the samebucket and concludethat the strings which are in the bucket to
be candidatemotifs.

Motif re�nemen t

Sincereal motif instancesare likely to be put together asa large group, we
can consideronly largegroups. Within each group, the selectedk positions
are already �xed. Use information in the other

�
l
k

�
positions as a starting

point of an iterativ e motif �nding algorithm such as the Gibbs sampleror
MEME. Thesealgorithms typically work much better when given a good
starting point. For example,randomprojection providessuch good starting
points.

Parameter selection

It is very important to choosean appropriate projection sizek. However,
there are somecon
icting goals:

{ k has to be small so that a signi�cant number of motif instancesare
grouped together under the projection.

{ k cannot be sosmall that non-motif instancesare grouped together as
motif instances.The random projection algorithm canbe run multiple
times.

{ The best motif from theseruns is taken to be the answer.

In the paper, Buhler and Tompa suggestedsetting k = l � d � 1.

10.7.4 Other approac hes

Besidesthe three algorithms mentioned earlier, there are alsoa number of other
algorithms which have beendeveloped to tackle the problem of motif �nding. We
will mention them brie
y here.

Multipro�ler

Basedon the (l; d)-motif model, usethe neighborhood of a candidatepat-
tern to �nd \spelling" errorswhich prevent it from being the correct motif.
It is a heuristic which starts from strings in the sample.

Pattern branc hing
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Use a branching heuristic basedon the (l; d)-motif model, starting from
strings that appear in the sample and changing one letter at a time to
search for a correct motif.

Finding pro�les instead of patterns

Represent a motif as a pro�le (where each position is represented as a
probability distribution of letters from f A; C; G; Tg) rather than a simple
pattern.

There are other recent methods apart from those mentioned above. Two
examplesare [SLC04]and [E04].

10.7.5 General problems of combinatorial approac hes

Most of the recent combinatorial approachesdo not considerstatistical signi�-
canceof motifs very carefully. Although thesenew approachescon�rm to have
better performanceover older approacheson simulated samples,it hasnot been
shown that they have signi�cant advantageson real biological samples.

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

1. Motifs with unknown length.

2. Sampleswith biasednucleotidecomposition.

3. Corrupted samples(not every sequencecontains a motif ).

4. Regulatory sitescan lie on either DNA strand.
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