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Lecture 10: Motif Finding
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10.1 Regulatory element detection using corre-

lation with expression

For this part, please refer to the paper [H01]. Microarray allows us to monitor
mRNA expression of many genes. These expression data provide a global view
of transcriptional regulation. The DNA sequence elements that act as binding
sites for transcription factors coordinate the expression of genes. Hence, there
are close relationship between motif and the expression of genes.

In the previous part, we suggested to group genes into disjoint clusters based
on similarity in expression profile over a large number of different conditions.
Those genes in the same cluster are called co-expressed genes. The upstream
regions of the genes in the cluster can then be analyzed for the presence of shared
sequence motifs.

Motif finding utilizing expression profile

� First: partition the genes into disjoint clusters;

� Afterward: perform motif finding on each cluster based on method sug-
gested in previous lecture.

But the correlation between gene cluster and motifs is imprecise in both direc-
tions: there are genes in the cluster without the motif, and many genes with the
motif do not respond. If gene control is multifactorial, groups of genes defined by
a common motif will not be mutually disjointed(See Figure:10.1 for illustration),
and partitioning the data into disjoint clusters will cause loss of information.

In order to avoid the problem we faced above, we abandon clustering expres-
sion profile. Instead, Bussemaker et al [H01] suggested to model the algorithm
of the expression level of a gene as the weighted sum of the motifs appearing in
the promoter of a gene. Precisely, the model is as follows.

� Let E be the expression level of the gene.

� Let Ni be the number of occurrences of the motif mi in the promoter of the
gene.

10-1
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Figure 10.1: Groups of Genes controlled by different motifs

Assume additivity of the contributions from different motifs.

log2 E = C +
∑

FiNi,

– where Fi is the contribution of motif mi.

Figure 10.2: Model

Definition of the Full Model

The model we use to fit the expression data assumes additivity of the contri-
butions from different regulatory factors for all genes and is defined for each gene
g as:

Ag = C +
∑

µ∈M

FµNµg,

Here Ag is the logarithm base two of the expression level of gene g (expressed
as the ratio of mRNA abundances between two cell populations for gene g). The
integer Nµg equals the number of occurrences of motif µ in the regulatory region.
The model parameters C and Fµ are the same for each gene: C represents a
baseline expression level when no motifs are present in the upstream sequence,
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whereas Fµ is the increase/decrease in expression level caused by the presence
of motif µ. The sign of Fµ determines whether the putative protein factor that
binds to sequence element µ acts as an activator or as an inhibitor. Here +ve
means activator and -ve means inhibitor.

Figure 10.3: Full Model

Fitting the model

� If there is no motif, the model is

1. For any gene g, Ag = C.

2. In this case, to minimize the error, we set C = A =
(
∑

g
Ag)

#ofgenes
.

� If there is only single motif µ, the model is as follows.

1. For any gene g, Ag = C + Fµ Nµg.

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

∑

g

(Ag − C − FµNµg)
2.

� By differentiation with respect to C,

1. We have
∑

g (Ag − C − FµNµg) = 0

2. Hence, C = A − Fµ Nµ, where Nµ =
(
∑

g
Nµg)

#ofgenes
.

� Substitute C into the formula and differentiate with respect to Fµ,

– We have Fµ =

∑

g
(Ag−A)(Nµg−Nµ)
∑

g
(Nµg−Nµ)2
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� In general, Fµ can be computed by solving the following linear equations.

∑

g

(Ag − A)(Nηg − N η) =
∑

µ

Fµ(
∑

g

(Nµg − Nµ)(Nηg − N η))

� C can be computed by
C = A −

∑

µ

FµNµ.

Normalized error of a motif µ

� For a model with no motif, the minimum sum of square error is
∑

g (Ag − A)2

� For a model with one motif µ, the minimum sum of square error is

∑

g

(Ag − A)2 −
(
∑

g (Ag − A)(Nµg − Nµ))2

∑

g (Nµg − Nµ)2

� The normalized error is χ2

1 −
(
∑

g (Ag − A)(Nµg − Nµ))2

∑

g (Ag − A)2
∑

g (Nµg − Nµ)2
= 1 − ∆χ2

µ

� ∆χ2
µ is in fact the reduction in error by motif µ.

Algorithm:

Iterative procedure for finding significant motifs

1. Rank all possible motifs µ by ∆χ2
µ

2. Select the largest one.

3. Set M={µ}.

4. Repeat until the selected motif is not significant:

(a) By filting linear equations in step 1,2, we
compute Fµ for all µ ∈ M.

(b) Let A′ = A -
∑

µ∈M FµNµ.

(c) Let η /∈ M be the motif with the biggest ∆′χ2
µ

(d) Set M = M ∪ {η}
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In order to find the significant motifs, we use the iterative algorithm shown
above. We rank all possible motifs using the error ∆′χ2

µ, and select the biggest
one to make an initial set M, and then we use the iterative step(Step 4) to include
more motifs that are significant into M.

10.2 Predicting Transcription Factor Binding Sites

Using Structural Knowledge

For this part, please refer to the paper [T05].

Motif finding with knowledge from protein structure

Previous method find motif by scanning the DNA sequences. Can we find motif
through the Transcription Factor(TF)?

In contrast with the problem of finding binding motif/sites given a set of DNA
sequences. Our aim here is that, given a transcription factor, we want to predict
its potential binding site on DNA.

Background knowledge

To address the challenge of profiling the binding sites of novel transcription
factor, Kaplan et al [T05] proposed an approach that builds on structural in-
formation and on the known binding sites of proteins from the same family.
Given known protein-DNA complexes, they determine the exact architecture of
interactions between nucleotides and amino acids at the DNA-binding domain.
Although sharing the same structure, different proteins from a structural family
obtain different binding specificities due to the presence of different residues at
the DNA-binding positions. To predict their binding site motifs, they need to
identify the residues at these key positions and understand their DNA-binding
preferences. To estimate the context-specific DNA-recognition preferences, they
need to determine the appropriate context of each residue, which may depend on
its relative position and orientation with respect to the nucleotide and need to
collect statistics about the DNA-binding preferences at this context. However,
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sufficient data of a large ensemble of solved protein-DNA complexes from the
same family are currently unavailable. To overcome the obstacle, they propose
to estimate context-specific DNArecognition preferences from 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 recognize the specific residues and nu-
cleotides that participate in protein-DNA interaction, and collect statistics about
the DNA-binding preferences of residues at different contexts of the binding do-
main. These preferences can then be used to predict binding sites of other tran-
scription factors from the same family, for which no known targets are available.

The Canonical Cys2His2 Zinc Finger DNA-Binding Family

In the paper, they apply their approach to the Cys2His2 Zinc Finger DNA-
binding family. This family is the largest known DNA-binding family in multi-
cellular organisms and has been studied extensively. Many members of this family
bind DNA targets according to a stringent binding model, which maps the exact
interactions between specific residues in the DNA-binding domain along with
nucleotides at 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 canonical binding model the residues involved in α
binding are located at positions 6, 3, 2, and -1 relatively to the beginning of the
-helix in each finger. Their goal is to extract position-specific amino acid-base
binding preferences for each of these positions. Figure 10.4 illustrates how the
zinc finger protein interact with the DNA.

Figure 10.4: Cys2His2 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 P6(n|a), P3(n|a), P2(n|a), P−1(n|a) where Pi(n|a)
is the probability if the nucleotide on the binding site is n, given the residue at
position i relative to the beginning of the α-helix is a. Figure 10.5 graphically
represents Pi(n|a).

Figure 10.5: Four sets of position-specific DNA-recognition preferences for canon-
ical Cys2His2 Zinc Fingers.

Identification of Zinc Finger

Given the protein-DNA pairs, we first need to identify the (Zinc) fingers in
the protein that bind to the DNA. We identify these residues using relative po-
sitioning of these positions in the Cys2His2 conserved pattern: CX(2-4)CX(11-
13)HX(3-5)H. See an example in Figure 10.6.

Although theoretically there can be 204 different combinations of amino-acids
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Figure 10.6: The identified (Zinc)fingers in the protein

at the four interacting positions, they found only 80 different combinations among
the 1320 fingers in their database.

Probabilistic Model for Protein-DNA interaction

We now consider how to model the DNA binding preferences of a protein given
its amino acid sequence. In a probabilistic framework, a model is described that
assigns probabilities for any sequence of nucleotides at the binding site, given the
residues they interact with. For a canonical Zinc Finger protein with k fingers, we
can denote by A = {ai,p : i = {1, . . . , k}, p ∈ {−1, 2, 3, 6}} the set of interacting
residues in the different four positions of the k fingers (ordered from the N- to
the C-terminus). Let N1, . . . , NL be a target DNA sequence.

P(N|A)is the product of

� PBG(n1) . . . PBG(nj−2)

� P2(nj−1|a1,2)

� P−1(nj |a1,−1)P3(nj+1|a1,3)[αP6(nj+2|a1,3) + (1 − α)P2(nj+2|a2,2)]

� P−1(nj+3|a2,−1)P3(nj+1|a2,3)[αP6(nj+5|a2,3) + (1 − α)P2(nj+5|a3,2)]

� P−1(nj+6|a3,−1)P3(nj+7|a3,3)P6(nj+8|a3,3)

� PBG(nj+9) . . . PBG(nL)

Learning DNA-Recognition Preferences from Sequence Data

We use the sequences of the proteins and their target DNA sites, and esti-
mate four sets of position-specific DNA-recognition preferences that maximize
the likelihood of the DNA given the binding proteins. As stated above, although
the DNA sequences in our database were reported as bound by their correspond-
ing proteins, the exact binding locations are not documented. Thus, we need to
simultaneously identify the exact binding locations and optimize the parameters
of DNA-recognition. For this, we use the iterative ExpectationMaximization
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Figure 10.7: Probabilistic Model

(EM) algorithm. We start with some initial choice of DNA-recognition prefer-
ences (possible choices are discussed below). The algorithm proceeds iteratively,
by carrying out these two steps, as illustrated in Figure 10.8.

Figure 10.8: EM Algorithm: Estimating the DNA-recognition preferences.

The recognition preferences are estimated from unaligned pairs of transcrip-
tion factors and their DNA targets from the TRANSFAC database [W01](shown
on top). The EM algorithm is used to simultaneously assess the exact binding
positions of each protein-DNA pair (bottom-right), and to estimate four sets of
position-specific DNA-recognition preferences (bottom-left).
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Algorithm:

Iterative procedure for Expectation Maximization(EM)

1. Input: A set of protein-DNA pairs.

2. Initial: start with certain θ0 (e.g. random starting point):
P6(n|a), P3(n|a), P2(n|a), P−1(n|a).

3. E-step: For every protein-DNA pair, we compute the expected
posterior probability that the binding begins in position j, using
the current sets of DNArecognition preferences θt.

P (j|A,N) =
Pθt

(N |A, j)
∑

j Pθt
(N |A, j)

4. M-step:

(a) Compute θt+1 to maximize the likelihood of the current
binding positions j s for all protein-DNA pairs.

(b) Precisely, let Sp(n|a)=
∑

(A,N){
∑

P (j|A,N)|the amino acid
a at position p binds to the nucleotide n in the binding site
starting at j }.

(c) Then, Pp(n|a) = Sp(n|a)
∑

n∈A,C,G,T
Sp(n|a)

.

For example:

Result of the EM algorithm

The EM algorithm is proved to converge, since each of these two steps in-
creases the likelihood of the data.

Based on a set of protein-DNA families, We learn the general protein-DNA
recognition preference.

Predicting the binding site model for novel protein

We now turn to evaluate the ability of the estimated DNA-recognition pref-
erences to identify the binding sites of novel proteins within genomic sequences.
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Figure 10.9: An example for EM algorithm

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

The figure predicts the DNA binding site motifs of novel transcription fac-
tors. Given the sequence of a novel protein (shown on left), its DNA-binding
domains (in blue) are identified using the Cys2His2 conserved pattern. The
residues at the key positions (6, 3, 2 and -1) of each finger (marked in red in
the middle-bottom panel) are then assigned onto the canonical binding model
(on right), and the sets of position-specific DNA-recognition preferences (middle-
top panel) are used to construct a probabilistic model of the DNA binding site
(right). For example, position 1 in the binding site is determined by the binding
preferences of the lysine (K) at the sixth position of the third finger (dotted red
and black lines). We predict the nucleotide probabilities at this position using
the appropriate recognition preferences (dotted black line). A web-server for pre-
dicting the binding sites of Cys2His2 Zinc Finger proteins can be accessed at
http://compbio.cs.huji.ac.il/predictBS
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10.3 Discovery of Regulatory Elements by a Com-

putational Method for Phylogenetic Foot-

printing

The approach of phylogenetic footprinting deduces regulatory elements by consid-
ering orthologous regulatory regions of a single gene from several species [TB02].
The simple premise underlying phylogenetic footprinting is that selective pressure
causes functional elements to evolve at a slower rate than that of nonfunctional
sequences. This means that unusually well conserved sites among a set of or-
thologous regulatory regions are excellent candidates for functional regulatory
elements..

The major advantage of phylogenetic footprinting over the single genome,
multigene approach mentioned earlier is that it avoids finding coregulated genes.
Given a single gene, as long as the regulatory elements of the genes are sufficiently
conserved across many of the species considered, phylogenetic footprinting can
identify them accurately.

String Parsimony Problem

The phylogenetic footprinting problem can be modeled as a substring parsi-
mony problem as follows. Given n orthologous input sequences and the phyloge-
netic tree T relating them, the problem is to produce a set of k-mers, one from
each input sequence, that have parsimony score at most d with respect to T ,
where k is the length of motif and d is the parsimony threshold are parameters
that can be specified by the user. Figure:10.11 shows an example of a set of 5
orthologous sequences and the corresponding phylogenetic tree.

Figure 10.11: Orthologous sequences and the phylogenetic tree

Suppose the size of motif is 4 and the parsimony threshold (d) is 1, the target
set of 4-mers is shown in Figure 10.12, which has parsimony score 1.

Solution:
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Figure 10.12: With motifs

The Exact Algorithm

The string parsimony problem is NP-hard. Below we present a dynamic pro-
gramming algorithm similar to one presented by Sankoff and Rousseau (1975);
which computes the parsimony score of a fixed set of aligned sequences (whereas
what we seek is the most parsimonious choice of k-mer from each of the input
sequences). The inputs to the algorithm are n homologous sequences S1, S2, . . . ,
Sn; the phylogenetic tree T relating them; the length k of the motifs sought;
and the maximum parsimony score d allowed. The algorithm proceeds from the
leaves of T to its root. At each node u of T, it computes a table Wu containing
4k entries, one for each possible k-mer. For each such k-mer s, let Wu[s] be the
best parsimony score that can be achieved for the subtree of T rooted at u, if the
ancestral sequence at u was forced to be s. The table Wu is computed according
to the following recurrence:

Wu =

{

0 if u is a leaf and s is a substring of the orthologous sequence in u ,
+infinity otherwise.

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

Wu =
∑

v: child t of u

min(Wv[t] + d(s, t))

where d(s,t) is the number of mutations between s and t.
Figure 10.13 shows an example of applying the recurrence to compute the

answer for the example input of Figure 10.11.

Time Analysis

Base Case:

1. There are n leaves.

2. Preprocessing time for the n leaves is O(n4k + l) where l is the total length
of all orthogonal sequences.



Lecture 10: Motif Finding 10-14

Figure 10.13:

Recursive Case:

1. For each node u, there are 4k possible length-k strings s

2. Hence, we need to fill-in 4k different Wu[s] entries.

3. If u has x children, each entry takes O(xk4k) time.

Since the total number of children is O(n), the recursive case takes O(nk42k)
time. Hence, the running time is O(k42kn + l) time.

10.4 Automated Motif Discovery from Protein

Interaction Network

What are Protein Sequence Motifs?

These are short recurring linear string patterns which are supposed to be con-
served for performing functions such as binding and catalytic sites.

For example,

� Proline-rich motifs

– PxxP (bind by SH3 domains)

– PPxY (bind by WW domains)

FL PPPP (bind by EVH1 domain)

� Leucine-rich motifs

– LxxLL (bind nuclear receptors)
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Figure 10.14: Common motifs in proteins

– LDxLLxxL (bind by Paxillin protein family)

Importance of Motifs

Sequence motifs can be used to identify interacting and functional sites. Also
they help in predicting protein functions. Some motifs have been found to be
directly responsible in causing some of the severest of diseases like Alzheimer,
Muscular Dystrophy, Huntington’s disease, Malaria etc.

Discovering Motifs

Experimental techniques like Phage Display, Site-Directed Mutagenesis are
used in the laboratories but unfortunately these methods are very slow, tedious
and expensive. So there arises the need for computational discovery of motifs.

Computational Motif Finding

The predominant approach can be defined as:

Figure 10.15:

The biologists annotate the sequences they have and then they come up with a
group of sequences for motif discovery. Thereafter motif discovery algorithms like
MEME or PRATT are used to find out motifs. The problem with this approach
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is that it is dependent on manual functional groupings of proteins. And the
functional information of the proteins is limited. So the latest solution to handle
this problem is Protein-Protein Interaction Data for Sequence Grouping
. [THSN06].

Why Protein Interaction Data?

Most proteins perform biological roles by interacting with other proteins. So
by exploiting the functional associations 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. Development
of high throughputs detection methods has given us a rich data source for motif
mining.

How to use interaction data to find motifs?

Given a set of protein-protein interaction data, binding motifs can be discov-
ered computationally as follows: (i) group protein sequences that interact with
the same protein, (OTM-One to Many) and (ii) for each 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 approach is effective 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 average there are 4 interacting
partners for each protein. This means that for many of the proteins, the signals
of the motif would be too weak for detection by the existing motif discovery
algorithms. The scenario is actually worse when we further consider the high
noise levels in interaction data [SSM03] and the inherent heterogeneity of protein
interactions -not all the real interacting partners of a protein necessarily carry
the same binding motif. In the extreme cases of proteins having only one known
interacting partner, it is impossible to extract binding motifs using the OTM
approach.

Figure 10.17: Many-to-Many Approach

The MTM approach assumes interation between a pair of motifs (say Sx and
Sy). Suppose we know all proteins containing motif Sx. Then proteins binding to
proteins with Sx are grouped and this forms the input to the MTM algorithms.
But this approach also has many shortcomings. The MTM will not be applicable
if prior knowledge on the protein group is not available. Even if the knowledge is
available, they might be incomplete, erroneous or just too generic. As a result,
finding motifs from the interacting partners of such a group might often yield less
satisfactory results.

To resolve the problem, one approach is to exploit the occurrences of mo-
tif pairs in interacting proteins and find both of them at the same time. The
advantages of this approach are:

1. It simultaneously finds two motifs that are interaction-correlated instead of
one motif.
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Figure 10.18: Finding motifs in pairs

2. It simultaneously finds two motifs that are interaction-correlated instead of
one motif.

3. It does not require any prior knowledge for protein grouping (although,
when available, such information would still be useful), resting on the as-
sumption that members of a protein group should share functionally related
substrings that can be extracted by our approach as one of the motifs.

4. By finding pairs of correlated motifs in the interaction data instead of single
motifs in protein sequence data, our approach is more stringent and hence
more resilient against noise since it is less likely for two spurious noise
induced motifs to co-occur in the interaction data more frequently than the
true ones.

D-STAR ALGORITHM

This algorithm requires a set of protein sequnces (P), an interaction set of
these sequences (I⊂PXP), the motif length (l), the distance threshold (d), the
minimum number of proteins with each motif and the minimum number of inter-
actions.

Steps:

� For every pair of length-l substrings (X,Y) in every interacting protein pair
in I,
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1. Go through every interacting protein pairs to find the (l,d)-star of X
and Y in P

2. Then find the d-neighborhoods of X and Y (all positions in X which
has a neighbor of distance 2d in Y); then score the (l,d)-star

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

Figure 10.19: D-STAR Algorithm

Scoring Function

Chi-Square scoring is used to quantify interactions occurring more than ex-
pected by random between proteins in d-neighborhoods of X and Y.

Score =
(I − E(Px,Py))

2

E(Px,Py)

where E(Px,Py) = expected interaction between Px and Py by random

Evaluation: Artificial Interaction Data

Objective: To evaluate the effect of spurious interactions on motif finding.
For this purpose artificial (l,d) motifs were planted into real protein sequences.

Then sequences with planted motifs were paired up to simulate interactions.
Therafter semi-synthetic interaction datasets were created with it with different
combination of n ”true” interactions and m ”false” interactions per sequence
with planted motif.

DataSet Creation

1. For a particular l and d, insert instances of (l,d) motif Sx and Sy into 5
yeast proteins each to create protein sets Px and Py.

2. ”True” interactions are stimulated by pairing every sequence in Px to n
sequences in Py and vice versa.
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Figure 10.20: Finding motifs in pairs

3. ”False” interaction are stimulated by pairing every sequences in Px and Py

to m randomly selected yeast proteins (those without planted motif).

Experiment

MEME motif discovery program and D-STAR algorithm were applied on the
artificial datasets. For MEME, the assumption of prior knowledge on sequences
with either Sx or Sy to find the other was made (the MTM approach). D-STAR
was applied directly on the artificial datasets without any prior grouping.

� Precision = TPx+TPy

TPx+TPy+FPx+FPy

� Recall = TPx+TPy

TPx+TPy+FNx+FNy

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

The overall performance of MEME and D-STAR on (7, 2) planted motif
interaction datasets with different number of ”true” (n) and ”false” interactions
(m) is shown below in the table. The result was averaged over 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)

Average performance of MEME and D-STAR on (6, 2) planted motif inter-
action datasets with different number of ”true” (n) and ”false” interactions (m)
per sequence with 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 see that D-STAR outperforms MEME in both simulated experiments
by a considerable margin.

Evaluation: Real Data

SH3-PxxP dataset (reported by [TONG02] was used in the experiment. It
has around 233 protein-protein interactions data for 146 yeast proteins. 23 pro-
teins contained 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, 130 sequences that bind to proteins with SH3 domain were given as input
to MEME (the MTM approach).

Result

Rank of output of each algorithm that contains 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 sequences

Figure 10.22: Motif Verification through Structure

D-STAR was able to find PxxP and PxxPx[KR]motifs bind by SH3 domain.
It can potentially extract biological relevant motif pairs such as those found in
interacting interfaces. The Figure 10.22 shows the motifs found in Sx and Sy.

Structural Verification
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