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10.1 Regulatory element detection using corre-
lation with expression

For this part, pleaserefer to the paper [HO1]. Microarray allows us to monitor
MRNA expressionof many genes. These expressiondata provide a global view
of transcriptional regulation. The DNA sequenceelemerts that act as binding
sites for transcription factors coordinate the expressionof genes. Hence, there
are closerelationship betweenmotif and the expressionof genes.

In the previouspart, we suggestedo group genesinto disjoint clustersbased
on similarity in expressionpro le over a large number of di erent conditions.
Those genesin the same cluster are called co-expressedyenes. The upstream
regionsof the genesn the cluster canthen be analyzedfor the presenceof shared
sequenceanotifs.

Motif nding utilizing expression pro le
First: partition the genesinto disjoint clusters;

Afterw ard: perform motif nding on ead cluster basedon method sug-
gestedin previouslecture.

But the correlation betweengenecluster and motifs is imprecisein both direc-
tions: there are genesin the cluster without the motif, and many geneswith the
motif do not respond. If genecortrol is multifactorial, groupsof genesde ned by
a commonmotif will not be mutually disjointed(SeeFigure:10.1for illustration),
and partitioning the data into disjoint clusterswill causelossof information.

In order to avoid the problem we facedabove, we abandonclustering expres-
sion pro le. Instead, Bussemakr et al [HO1] suggestedo model the algorithm
of the expressionlevel of a geneasthe weighted sum of the motifs appearingin
the promoter of a gene. Precisely the model is as follows.

Let E be the expressionlevel of the gene.

Let N; be the number of occurrencesof the motif m; in the promoter of the
gene.

10-1
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Figure 10.1: Groupsof Genescontrolled by di er ent motifs

Assumeadditivit y of the cortributions from di erent motifs.
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Figure 10.2: Model

De nition of the Full Mo del

The model we useto t the expressiondata assumesadditivit y of the cortri-
butions from di erent regulatory factorsfor all genesand is de ned for eat gene
g as:

X
Ag=C+ F Ng;
2M

Here A, is the logarithm basetwo of the expressionevel of geneg (expressed
asthe ratio of mMRNA abundancedetweentwo cell populations for geneg). The
integerN ¢4 equalsthe number of occurrencesof motif  in the regulatory region.
The model parametersC and F are the samefor eat gene: C represems a
baselineexpressionlevel when no motifs are presen in the upstream sequence,
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whereasF is the increase/decreasén expressionlevel causedby the presence
of motif . The sign of F determineswhether the putativ e protein factor that

binds to sequenceslement  acts as an activator or as an inhibitor. Here +ve

meansactivator and -ve meansinhibitor.
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Figure 10.3: Full Model

Fitting the model

If there is no motif, the model is

1. For any geneg, Ay = C.

P
( 4Ag)

2. In this case,to minimize the error, wesetC = A = 7 of genes-

If there is only singlemotif , the model is asfollows.

1. Forany geneg, A = C+ F Nyg.

2. We would like to estimate C and F which minimize sum of square
error, that is,

(A; C F Ng)*
9

By di erentiation with respectto C,

P
1. Wehave 4(A; C FNg)=0

P
( gNg)
# of genes *

2. Hence,C=A F N ,whereN =
Substitute C into the formula and di erentiate with respectto F ,

gPs ANg N )
(Ng N )?

{ WehaveF =

9
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In general,F canbe computedby solving the following linear equations.

_ X X _ _
(Ag AINg N)=  F( (Ng N)Ng N)
9 9

C can be computed by X

Normalized error of a motif

, : - . P —
For amodel with no motif, the minimum sumof squareerroris 4 (Aq A)2
For a model with onemotif , the minimum sum of squareerror is

(Pg(gg ANy N )2
J(Ng N )2

(A A)?
g

The normalizederror is 2

Colag AINg N

1 p _p
g(Ag A2 4(Ng N )2

2 is in fact the reduction in error by motif

Algorithm:

Iterativ e pro cedure for nding signican t motifs
1. Rank all possiblemotifs by 2
2. Selectthe largestone.
3. SetM=f qg.
4. Repeat until the selectedmotif is not signi cant:

(@) By lIting linear equationsin step 1,2, we
computeF forall 2 M.

(b) Let A= A-" L, FN .

(c) Let 2 M bethe motif with the biggest ° 2

(d) SetM=M][ f ¢
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In orderto nd the signi cant motifs, we usethe iterativ e algorithm shown
above. We rank all possiblemotifs usingthe error © 2, and selectthe biggest
oneto make an initial setM, and then we usethe iterativ e step(Step4) to include
more motifs that are signi cant into M.

10.2 Predicting Transcription Factor Binding Sites
Using Structural Kno wledge

For this part, pleaserefer to the paper [TO5].
Motif nding with knowledge from protein structure

Previousmethod nd motif by scanningthe DNA sequencesCan we nd motif
through the Transcription Factor(TF)?

In cortrast with the problemof nding binding motif/sites givena setof DNA
sequencesOur aim hereis that, given a transcription factor, we want to predict
its potertial binding site on DNA.

Background knowledge

To addressthe challengeof pro ling the binding sites of novel transcription
factor, Kaplan et al [TO5] proposedan approad that builds on structural in-
formation and on the known binding sites of proteins from the same family.
Given known protein-DNA complexesthey determine the exact architecture of
interactions between nucleotidesand amino acids at the DNA-binding domain.
Although sharing the samestructure, di erent proteins from a structural family
obtain di erent binding speci cities due to the presenceof di erent residuesat
the DNA-binding positions. To predict their binding site motifs, they needto
identify the residuesat these key positions and understand their DNA-binding
preferences.To estimate the cortext-speci ¢ DNA-recognition preferencesthey
needto determinethe appropriate context of eat residue,which may depend on
its relative position and orientation with respect to the nucleotide and needto
collect statistics about the DNA-binding preferencesat this cortext. Howewer,
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su cient data of a large ensenble of solved protein-DNA complexesfrom the

samefamily are currently unavailable. To overcomethe obstacle,they propose
to estimate context-speci ¢ DNArecognition preferencedrom available sequence
data using statistical estimation procedures.

Solution

The input of their learning algorithm are pairs of transcription factors and
their target DNA sequences.They then recognizethe speci ¢ residuesand nu-
cleotidesthat participate in protein-DNA interaction, and collect statistics about
the DNA-binding preferencesf residuesat di erent cortexts of the binding do-
main. Thesepreferencesan then be usedto predict binding sites of other tran-
scription factors from the samefamily, for which no known targets are available.

The Canonical Cys;His; Zinc Finger DNA-Binding Family

In the paper, they apply their approad to the Cys2His2Zinc Finger DNA-
binding family. This family is the largest known DNA-binding family in multi-
cellular organismsand hasbeenstudied extensively. Many menbersof this family
bind DNA targets accordingto a stringert binding model, which mapsthe exact
interactions between speci ¢ residuesin the DNA-binding domain along with
nucleotidesat the DNA site. In addition, Zinc Finger proteins whose DNA-
binding domains are similar to those that bind through this model are termed
canonical. According to the canonicalbinding model the residuesinvolved in
binding are located at positions 6, 3, 2, and -1 relatively to the beginning of the
-helix in eadr nger. Their goalis to extract position-speci ¢ amino acid-base
binding preferencedor eat of these positions. Figure 10.4 illustrates how the
zinc nger protein interact with the DNA.

Fig.1. The canonical CysaHisa Zinc

Finger DNA-binding model, based on
solved protein-DNA complexes [13, 20].
A protein with three fingers is shown

In each finger, residues at positions 6, 3,
2, and -1 (relatively to the beginning of
the a-helix) interact with adjacent nu-
cleotides in the DNA molecule. (Figure
adapted from Prof. Aaron Klug, with

Finger 1 Finger2 Finger 3

permission)

Figure 10.4: Cys,His, Zinc Finger
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The basic idea underlying in this paper is that for any amino acid a and
nucleotide n, we aim to learn Pg(nja), Pz(nja), P>(nja), P 1(nja) where P;(nja)
is the probability if the nucleotide on the binding site is n, given the residueat
position i relative to the beginning of the -helix is a. Figure 10.5 graphically
represeis P;(nja).
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Figure 10.5: Four setsof position-speci ¢ DNA-recognition preferenesfor canon-
ical Cys,His, Zinc Fingers.

Identi cation of Zinc Finger

Given the protein-DNA pairs, we rst needto identify the (Zinc) ngers in
the protein that bind to the DNA. We idertify theseresiduesusing relative po-
sitioning of thesepositionsin the Cys,His, consenred pattern: CX(2-4)CX(11-
13)HX(3-5)H. Seean examplein Figure 10.6.

Although theoretically there canbe 20* di erent conbinations of amino-acids
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CHIQCCGKVYGKTSHLRAHLRWH

Figure 10.6: The identi e d (Zinc) ngers in the protein

at the four interacting positions, they found only 80di erent combinations among
the 1320 ngers in their database.

Probabilistic Mo del for Protein-DNA interaction

We now considerhow to model the DNA binding preference®f a protein given
its amino acid sequenceln a probabilistic framework, a model is descriked that
assignsprobabilities for any sequencef nucleotidesat the binding site, giventhe
residuesthey interact with. For a canonicalZinc Finger protein with k ngers, we

candenoteby A = fa;,, 1 1= f1;:::;kg, p2f 1,2 3; 699 the setof interacting
residuesin the di erent four positions of the k ngers (ordered from the N- to
the C-terminus). Let N4, :::, N_ be a target DNA sequence.

P(N jA)is the product of
Pec(ny) :::Pec(n; 2)
P2(n; 1jag;2)
P i(njjay 1)Ps(njejags)l Pe(njezjans) + (1 )Pa(njs2jaz2)]
P 1(njssjaz 1)Pa(njsjazs)[ Pe(njisjazs) + (1 )P2(n;.sjas>)]
P 1(njssjas 1)Ps(nj+7jas3)Pe(nj+gjass)

Pec(Nj+9) :::Pea(ny)

Learning DNA-Recognition Preferences from Sequence Data

We usethe sequence®f the proteins and their target DNA sites, and esti-
mate four sets of position-speci c DNA-recognition preferencesthat maximize
the likelihood of the DNA given the binding proteins. As stated above, although
the DNA seguencef our databasewerereported asbound by their correspnd-
ing proteins, the exact binding locations are not documerted. Thus, we needto
simultaneouslyidentify the exact binding locations and optimize the parameters
of DNA-recognition. For this, we usethe iterative ExpectationM aximiz ation



Lecture 10: Motif Finding

N=n 0.0 0 N0 on o dn o n g 0

2 19
T'a

d-

1
2
3

Finger 1 Finger 2 Finger 3

Figure 10.7: Probkabilistic Model
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(EM) algorithm. We start with someinitial choice of DNA-recognition prefer-
ences(possiblechoicesare discussedelow). The algorithm proceedsiterativ ely,

by carrying out thesetwo steps,asillustrated in Figure 10.8.
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Figure 10.8: EM Algorithm: Estimating the DNA-recognition preferenes.

The recognition preferencesare estimated from unaligned pairs of transcrip-
tion factorsand their DNA targets from the TRANSFAC database[WO01](shavn
on top). The EM algorithm is usedto simultaneously assesghe exact binding
positions of eat protein-DNA pair (bottom-right), and to estimate four sets of

position-speci ¢ DNA-recognition preferencegbottom-left).
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Algorithm:

Iterativ e pro cedure for Exp ectation Maximization( EM)
1. Input: A setof protein-DNA pairs.

2. Initial:  start with certain o (e.g. random starting point):
PG(nja)1 P3(nja)1 PZ(nja)1 P l(nja)'

3. E-step: For ewery protein-DNA pair, we computethe expected
posterior probability that the binding beginsin position j, using
the current setsof DNArecognition preferences.

P (NJATT)
i P(NJAST)

P(GJAIN) =

4. M-step:

(@) Compute +; to maximize the likelihood of the current
binding positions| s for all protein-DNA pairs.

(b) Preciselylet Sy(nja)=  (an ) P(jjA; N)jthe amino acid
a at position p bindsto the nucleotiden in the binding site
starting at j g.

(c) Then, Py(nja) = B—Seltla)

n2AC,GT Sp (nja) '

For example:
Result of the EM algorithm

The EM algorithm is proved to corverge, since eat of thesetwo stepsin-
creaseghe likelihood of the data.

Basedon a set of protein-DNA families, We learn the generalprotein-DNA
recognition preference.

Predicting the binding site model for novel protein

We now turn to evaluate the ability of the estimated DNA-recognition pref-
erencedo identify the binding sites of novel proteins within genomicsequences.
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Figure 10.9: An examplefor EM algorithm

Figure 10.10: Predicting the DNA binding site motifs of novel transcription fac-
tors.

The gure predicts the DNA binding site motifs of novel transcription fac-
tors. Given the sequenceof a novel protein (shovn on left), its DNA-binding
domains (in blue) are identied using the Cys,His, consened pattern. The
residuesat the key positions (6, 3, 2 and -1) of each nger (marked in red in
the middle-bottom panel) are then assignedonto the canonical binding model
(on right), and the setsof position-speci c DNA-recognition preferencegmiddle-
top panel) are usedto construct a probabilistic model of the DNA binding site
(right). For example,position 1 in the binding site is determinedby the binding
preferenceof the lysine (K) at the sixth position of the third nger (dotted red
and black lines). We predict the nucleotide probabilities at this position using
the appropriate recognition preferencegdotted black line). A web-senrer for pre-
dicting the binding sites of Cys,His, Zinc Finger proteins can be accessedt
http://compbio.cs.h uji.ac.il/predictBS
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10.3 Discovery of Regulatory Elements by a Com-
putational Metho d for Phylogenetic Foot-
prin ting

The approad of phylogeneticfootprinting deducegegulatory elemens by consid-
ering orthologousregulatory regionsof a singlegenefrom seeral species[TB02].
The simple premiseunderlying phylogeneticfootprinting is that selective pressure
causedunctional elemerts to ewlve at a slower rate than that of nonfunctional
sequences.This meansthat unusually well consered sites among a set of or-
thologous regulatory regions are excellen candidatesfor functional regulatory
elemertts..

The major advantage of phylogenetic footprinting over the single genome,
multigene approad mertioned earlier is that it avoids nding coregulatedgenes.
Givena singlegene,aslong asthe regulatory elemerts of the genesare su cien tly
consered acrossmany of the speciesconsidered,phylogenetic footprinting can
identify them accurately

String Parsimony Problem

The phylogenetic footprinting problem can be modeled as a substring parsi-
mony problem asfollows. Givenn orthologousinput sequencesnd the phyloge-
netic tree T relating them, the problem is to produce a set of k-mers, one from
ead input sequencethat have parsimory scoreat most d with respectto T,
wherek is the length of motif and d is the parsimory threshold are parameters
that can be speci ed by the user. Figure:10.11shavs an exampleof a set of 5
orthologoussequencesind the correspnding phylogenetictree.

Figure 10.11: Orthologousseguen@s and the phylayenetictree

Supposethe sizeof motif is 4 and the parsimory threshold (d) is 1, the target
set of 4-mersis shavn in Figure 10.12,which hasparsimory scorel.
Solution:
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Figure 10.12: With motifs

The Exact Algorithm

The string parsimory problemis NP-hard. Below we presern a dynamic pro-
gramming algorithm similar to one presened by Sanko and Rousseau(1975);
which computesthe parsimory scoreof a xed setof aligned sequenceg$whereas
what we seekis the most parsimoniouschoice of k-mer from ead of the input
sequences)The inputs to the algorithm are n homologoussequences$;, S, ...,
Sh; the phylogenetic tree T relating them; the length k of the motifs sough;
and the maximum parsimory scored allowed. The algorithm proceedsfrom the
leavesof T to its root. At ead node u of T, it computesa table W, cortaining
4% ertries, onefor eath possiblek-mer. For eah sud k-mer s, let W,[s] be the
best parsimory scorethat can be achieved for the subtreeof T rooted at u, if the
ancestralsequencet u wasforcedto be s. The table W, is computedaccording
to the following recurrence:

( e . : :
W = 0 if uis aleafand sis a substring of the orthologoussequencen u ;
Y7 +inf inity otherwise

For ewery internal node u in T, ewery length-k substring s,

We= O min(Wf+ d(sit)

v: child t of u

whered(s,t) is the number of mutations betweens and t.
Figure 10.13 shavs an example of applying the recurrenceto compute the
answer for the exampleinput of Figure 10.11.

Time Analysis

BaseCase:
1. There are n leaves.

2. Preprocessingtime for the n leavesis O(n4X + |) wherel is the total length
of all orthogonal sequences.
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Figure 10.13:

Recursiwe Case:

1. For eact node u, there are 4 possiblelength-k strings s
2. Hence,we needto Il-in 4% di erent W,[s] ertries.

3. If u hasx children, ead entry takesO(xk4¥) time.

Sincethe total number of children is O(n), the recursive casetakes O(nk4<)
time. Hence,the running time is O(k4%n + 1) time.

10.4 Automated Motif Discovery from Protein
Interaction Network

What are Protein Sequence Motifs?

Theseare short recurring linear string patterns which are supposedto be con-
sened for performing functions sud as binding and catalytic sites.

For example,
Proline-rich motifs

{ PxxP (bind by SH3domains)
{ PPxY (bind by WW domains)
FL PPPP (bind by EVH1 domain)

Leucine-rich motifs

{ LxxLL (bind nuclearreceptors)
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Figure 10.14: Common motifs in proteins

{ LDxLLxxL (bind by Paxillin protein family)

Imp ortance of Motifs

Sequencenotifs can be usedto identify interacting and functional sites. Also
they help in predicting protein functions. Somemotifs have beenfound to be
directly responsible in causingsomeof the seerest of diseasedike Alzheimer,
Muscular Dystrophy, Huntington's disease Malaria etc.
Discovering Motifs

Experimental techniqueslike Phage Display, Site-Directed Mutagenesisare
usedin the laboratories but unfortunately these methods are very slow, tedious
and expensiwe. Sothere arisesthe needfor computational discovery of motifs.

Computational Motif Finding

The predominart approad canbe de ned as:

Figure 10.15:

The biologistsannotate the sequencethey have and then they comeup with a
group of sequence$or motif discovery. Thereafter motif discovery algorithms like
MEME or PRATT are usedto nd out motifs. The problem with this approac
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is that it is dependert on manual functional groupings of proteins. And the
functional information of the proteinsis limited. Sothe latest solution to handle
this problemis Protein-Protein  Interaction Data for Sequence Grouping

. [THSNOB6].

Why Protein Interaction Data?

Most proteins perform biological roles by interacting with other proteins. So
by exploiting the functional assaiations of interacting protein pairs, we can au-
tomatically group proteins for motif discovery. Also interaction data of proteins
is now increasingly available. One more advantage is that interaction data is
more readily available than information about function of proteins. Developmen
of high throughputs detection methods has given us a rich data sourcefor motif
mining.

How to use interaction data to nd motifs?

Given a set of protein-protein interaction data, binding motifs can be discov-
ered computationally as follows: (i) group protein sequenceshat interact with
the sameprotein, (OTM-One to Many) and (ii) for eat set of protein sequences
grouped, extract the motifs using motif discovery algorithms (MTM-Many to
Many).

Figure 10.16: One-to-Many Approach

The OTM approad is e ective only when the protein we start with have
enough number of interacting partners for motif extraction. In reality, many
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proteins have limited interacting partners. On an averagethere are 4 interacting
partners for ead protein. This meansthat for many of the proteins, the signals
of the motif would be too weak for detection by the existing motif discovery
algorithms. The scenariois actually worse when we further considerthe high
noiselevelsin interaction data [SSMO03]and the inherert heterogeneiy of protein
interactions -not all the real interacting partners of a protein necessarilycarry
the samebinding motif. In the extreme casesof proteins having only one known
interacting partner, it is impossibleto extract binding motifs using the OTM
approad.

Figure 10.17: Many-to-Many Approach

The MTM approad assumesnteration betweena pair of motifs (say Sy and
Sy). Supposewe know all proteins cortaining motif S,. Then proteins binding to
proteins with Sx are grouped and this forms the input to the MTM algorithms.
But this approat alsohasmany shortcomings. The MTM will not be applicable
if prior knowledgeon the protein group is not available. Evenif the knowledgeis
available, they might be incomplete, erroneousor just too generic. As a result,
nding motifs from the interacting partners of sud a group might often yield less
satisfactory results.

To resole the problem, one approad is to exploit the occurrencesof mo-
tif pairs in interacting proteins and nd both of them at the sametime. The
advantagesof this approad are:

1. It simultaneously nds two motifs that are interaction-correlatedinstead of
one motif.
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Figure 10.18: Finding motifs in pairs

2. It simultaneously nds two motifs that areinteraction-correlatedinstead of
one motif.

3. It does not require any prior knowledge for protein grouping (although,
when available, sud information would still be useful), resting on the as-
sumption that membersof a protein group shouldsharefunctionally related
substringsthat can be extracted by our approad as one of the motifs.

4. By nding pairs of correlatedmotifs in the interaction data instead of single
motifs in protein sequencalata, our approad is more stringent and hence
more resiliert against noise since it is lesslikely for two spurious noise
induced motifs to co-accur in the interaction data more frequertly than the

true ones.

D-ST AR ALGORITHM

This algorithm requiresa set of protein sequnceqP), an interaction set of
thesesequencegl PXP ), the motif length (1), the distancethreshold (d), the
minimum number of proteins with ead motif and the minimum number of inter-
actions.

Steps:

For every pair of length-l substrings(X,Y) in ewery interacting protein pair
in I,



Lecture 10: Motif Finding 10-19

1. Go through ewery interacting protein pairsto nd the (I,d)-star of X
andY in P

2. Then nd the d-neighborhoods of X and Y (all positionsin X which
has a neighbor of distance2d in Y); then scorethe (I,d)-star

Report all the (I,d)-stars ranked by the scores.

Figure 10.19: D-STAR Algorithm

Scoring Function

Chi-Squarescoringis usedto quartify interactions occurring more than ex-
pected by random betweenproteins in d-neighborhoods of X and Y.

(I Epopy)?

Score =
E(Px iPy)

whereEp, p,) = expectedinteraction betweenPy, and Py by random
Evaluation: Articial Interaction Data

Objective: To evaluate the e ect of spuriousinteractions on motif nding.

For this purposearti cial (l,d) motifs wereplanted into real protein sequences.
Then sequenceswith planted motifs were paired up to simulate interactions.
Therafter semi-syrhetic interaction datasetswere createdwith it with di erent
combination of n "true" interactions and m "false" interactions per sequence
with planted motif.

DataSet Creation

1. For a particular | and d, insert instancesof (I,d) motif S, and S, into 5
yeastproteins ead to createprotein setsP, and Py.

2. "True" interactions are stimulated by pairing every sequencen Py to n
sequencesn Py and vice versa.
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Figure 10.20: Finding motifs in pairs

3. "False" interaction are stimulated by pairing every sequences P, and Py
to m randomly selectedyeast proteins (those without planted motif).

Exp erimen t

MEME motif discovery program and D-STAR algorithm were applied on the
arti cial datasets. For MEME, the assumptionof prior knowledgeon sequences
with either S, or Sy to nd the other was made (the MTM approad). D-STAR
was applied directly on the arti cial datasetswithout any prior grouping.

C e TPx+ TPy
Precision= TPy + TPy +FP+FPy

_ TPx+ TPy
Recall = TPx+TPy+FNx+FNy

— 2 Precision Recall
F-Measure= Precision + Recall
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Result: (7,2 motifs)

The overall performanceof MEME and D-STAR on (7, 2) planted motif
interaction datasetswith di erent number of "true” (n) and "false" interactions
(m) is shovn below in the table. The result was averagedover ten pairs of (7, 2)
motifs.

Algorithm Precision | Recall | F-Measure
MEME 0.37 0.37 0.37
D-STAR(Chi-Square) 0.92 0.94 0.93

Result: (6,2 motifs)

Averageperformanceof MEME and D-STAR on (6, 2) planted motif inter-
action datasetswith di erent number of "true" (n) and "false" interactions (m)
per sequencewith planted motifs was also calculated. The result was averaged
over ten pairs of (6, 2) motifs.

Algorithm Precision | Coverage | F-Measure
MEME 0.22 0.22 0.22
D-STAR(Chi-Square) 0.52 0.56 0.54

We can seethat D-STAR outperforms MEME in both simulated experimerts
by a considerablemargin.

Evaluation: Real Data

SH3-PxxP dataset (reported by [TONGO02] was usedin the experimert. It
has around 233 protein-protein interactions data for 146 yeast proteins. 23 pro-
teins cortained SH3 domains. SH3 domain proteins are known to bind to PxxP,
PxxPx[KR], [KR]xxPxxP. We apply MEME and D-STAR to this dataset. For
MEME, 130sequencethat bind to proteinswith SH3domainweregivenasinput
to MEME (the MTM approad).

Result

Rank of output of ead algorithm that cortains the motif

PxxP | PxxPX[KR] | [KR]xxPxxP
MEME 1 - -
D-STAR(Chi-Square) 1 2 -
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Figure 10.21: Motifs in the two sequenes

Figure 10.22: Motif Veri c ation through Structure

D-STAR wasableto nd PxxP and PxxPx[KR]motifs bind by SH3 domain.
It can potentially extract biological relevant motif pairs sud as those found in
interacting interfaces. The Figure 10.22shows the motifs found in S and S;.

Structural Veri cation
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