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8.1 Introduction

First discovered in 1961 by Francois Jacob and Jacques Monod in Paris, regula-
tion genes are a type of gene that provides the instructions for creating proteins
which help control the expression of other structural genes. These genes play a
key role in gene expression.

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

Transcription control level: Determines if the transcription can start.

Post transcription control level: Determines if the transcription can success-
fully complete the whole process. For example, miRNA can stop the transcription
process and avoid the production of mRNA.

Post translation control level: Control on protein level. For Eukaryotes,
commonly include glycosylation, acetylation, fatty acylation, disulfide bond for-
mations.

All the above controls occur during the two steps described in central dogma:
(Figure 8.1)

Figure 8.1:

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

8-1
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Translation: conversion of a messenger RNA sequence into the amino acid se-
quence of a polypeptide (i.e., protein synthesis).

This lecture is focused on transcription control.

We already knew that our genome contains protein coding genes; however, it
only covers less then 2% of the human genome. The remaining parts are non-
coding RNAs, regulatory sequences (also called promoters), and ”junk” region.

In this lecture, we will mainly focus on the regulatory sequences. The regu-
latory sequences are stretches of DNA sequences which are binding sites for RNA
polymerase and its accessory molecules. They also include a wide variety tran-
scription factors. Together, the regulatory sequences with their bound proteins
act as molecular switches that determine the activity state of the gene e.g. OFF
or FULL-ON or, more often, something in between. The structure of the regula-
tory sequence is in Figure 8.2 and 8.3.

Figure 8.2:

The use of it is listed as follows:

1. Controlling the time and phase information of the gene expressions:

Different genes are expressed in different phases. For example, the yeast
cell fission cycle is divided into four phases: G1 phase, S phase, G2 phase
and M phase, where ”G” stands for ”Gap”, ”S” represents ”Synthesis” and
”M” means ”Mitosis”.
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Figure 8.3:

2. Controlling the locality of the gene expressions:

One example for such a case is tissue specific genes.

3. Controlling the amount of gene expressions:

For example, with enhancers, the gene expression is higher.

Transcription factor binging in different context has different effects on transcrip-
tion initiation activity. As decrypted in Figure 8.4:

Figure 8.4:

TSS here means transcription start site.
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To start the transcription process for a particular gene, one or more transcription
factors have to be bound to several specific regions, called binding sites. These
binding sites are located in the regulatory region of the gene and a single tran-
scription factor can be bound to multiple binding sites. However, they must have
similar length and DNA sequence pattern. We refer these binding sites as motifs
in computer science.

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

Figure 8.5:

More over, Binding site sequence preference of protein factors is not exact. There
may be some mismatch. We can represent it as a weight matrix as in Figure 8.6.

Figure 8.6:

Since the majority of the motifs are unknown to us, our task is to find such
motifs. The discovery of motifs will allow the biologist to understand the com-
plex mechanism that regulated gene expression. Often, one transcription factor
is not enough, we may have a set of transcriptions factors for one gene. Also
different genes will have different set of transcription factors. Figure 8.7 shows
examples of motifs, represented by different shapes in the figure. Notice that
the gene region 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.
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Figure 8.7:

8.2 Motif

Motif is generally defined as a recurring pattern in the sequence of nucleotides
or amino acids. In the DNA sequence, it is usually a short segment that occurs
frequently, but not required to be an exact copy for each occurrence. This prop-
erty of motif makes motif mining very difficult. In fact, motif finding problem is
proven to be NP-Complete.

The steps of finding motifs are as follows:

• First, find a set of promoters which contain the same motif. Here, we will
discuss two methods: co-expressed genes method and chromatin immuno-
precipitation data method.

• Second, look for the motif by using some computational methods.

• Finally, evaluate the motifs by experiment

This lecture talks more about the second step. We will first describe the first
step and the last step first, followed by the second step.

8.2.1 Finding co-expressed genes through microarray

Co-expressed genes are genes that will be expressed together. They are likely
to be regulated by the same transcription factors. Co-expressed genes can be
identified through clustering of microarray data, which is shown in Figure 8.8

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

with a fluorescent tag to a complementary molecule attached to the chip. Mi-
croarray is used to detect the presence or the absence, of a particular type of
DNA molecule in the test tube. We could use a microarray to find co-expressed
genes. Based on the microarray, we can find genes that are up-regulated and
down-regulated together (co-expressed genes). These genes are expected to be
regulated by the same transcription factor.

8.2.2 ChIP

ChIP, short for Chromatin immunoprecipitation, refers to a procedure to deter-
mine whether a given protein binds to a specific DNA sequence in vivo. Figures
8.9 show the process to detect the interaction between protein and DNA.

The first step in a ChIP experiment is to break open cells and shear the DNA into
small fragments. Then it binds antibodies specific to the DNA-binding protein
and isolates the complex by precipitation. Finally, it reverses the cross-linking
to release the DNA and digest the proteins. The sequences extracted by ChIP
experiments are expected to be bound by the targeted proteins. In other words,
these sequences are expected to contain the binding sites.

8.2.3 Evaluate the motif by experiment

Biological experiments to verify regulatory sites are tedious and time-consuming.
One approach taken is to mutate different combinations of nucleotides until its
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Figure 8.9:

functionality changes. However, this is very complex and time-consuming. Hence
a series of computational methods have been proposed by computer scientists to
reduce the number of possible candidate motifs.

8.3 The motif finding problem

We define the motif finding problem as:

Input: A set of regulatory sequence that possibly bind to the same protein fac-
tor that obtained using experiment techniques such as EMSA, ChIP, or
orthologous genes across various species or co-regulated genes identified by
micro array analysis.

Aim: We want to use a computational algorithm to search for the common
binding site pattern called MOTIF. The (l, d)-motif model is a motif that
is of length l and has at most d mutations. The next shows an example of
a (6, 1)-motif TTGACA.
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Motif can be described in two ways based on the binding sites discovered ac-
cording to the (l, d)-motif model: by consensus sequence or by position weight
matrix. For both methods, we shall use the following set of candidate binding
sites as illustration in Figure 8.10:

Figure 8.10:

Here, the consensus sequence has been calculated using the following rules: if
the majority of symbols are a particular letter, then use that letter; if equal num-
bers of different residues are present, then show all the residues in the consensus.

For the above example, we can find that T is the majority symbol in location 1.
Thus the 1st position of the consensus sequence is T . We can do it in same way
in position 2, 3, 4 and 5. So we obtain a consensus sequence TTGACA.

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

Since we have known that motif motif is a prominent pattern compared to ran-
dom patterns in the DNA sequence, so we can use a scoring function to measure
the motif’s degree of conservation, e.g. total distance score.

8.4 Methods of finding motifs

We already know that motif finding problem is NP-hard. So there are a lot of
people doing research on this aspect. Nowadays, there are two main methods for
finding motifs in a set of sequences. The first is to scan for known motifs in the
biology literature. The second way is to use statistical or combinatorial methods
to find motifs.
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In biology sense, we also use expression level to guide the motif finding. E.g.
REDUCER, GMEP, MDscan, Motif Regressor. In higher eukaryotes, motifs may
work in combination. So it is good to discover composite motifs, e.g. compara-
tive genomic. We try to find motifs which are conserved across species. Another
approach is based on phylogenetic foot-printer. Another direction is to find motif
with the knowledge of protein structure, e.g. Cys2His2Zinc Finger (RECOMB
2005).

8.4.1 Scanning for known motifs

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

The TRANSFAC database [WCF01] is a collection of known transcription factors
as well as their DNA binding sites and profiles, and is bundled together with a
number of useful program routines for identifying potential transcription factor
binding sites or for localizing individual components in the regulatory network of
a cell.

Information in TRANSFAC is presented in six flat files. The largest files are
SITE and FACTOR, which contain information on transcription factor binding
sites in eukaryptoc genes and transcription factors respectively. The other four
files are GENE, CELL, CLASS and MATRIX, with MATRIX having particular
importance, since it represents DNA binding profiles for individual or groups of
transcription factors.

A list of known binding sites is shown in Figure 8.11.

Given the set of input sequences, we can scan for the known experimental tran-
scription factor binding sites in the input sequences.

8.4.2 Statistical and combinatorial approaches

If we want to discover new binding sites, we cannot use the previous method of
scanning the known motifs from the databases. Hence, we need to use either the
statistical or the combinatorial approach to find new motifs.

Some statistical approaches include the Gibbs sampler and expectation maxi-
mization. Some combinatorial approaches include SP-STAR, random projection
and WINNOWER. These will be described in more detail in the subsequent sec-
tions.
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Figure 8.11:

8.5 Planted motif problem

In this section, we first define the planted motif problem. All the statistical and
combinatorial approaches aim to solve this problem.

Next, we describe the exhaustive pattern driven algorithm, which is a brute force
algorithm that solves the planted motif problem in exponential time.

8.5.1 Definition

The planted motif problem is defined as follows:

Input:

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

• Two integers l and d, with d < l < n.

Output:

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



Lecture 8: Motif finding 8-11

Such a pattern M is known as a (l, d)-motif of the set S of sequences.

As an example, we consider the following four sequences:

Then a (15, 2)-motif for the above sequences is AGGTCGGGCTCGCAT .

In 2000, Pevzner and Sze issued the challenge problem, stated as follows:

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

This highlights the difficulty in the motif finding problem, for example, the
planted (15, 4)-motif problem in 20 sequences. However, in 2001, Buhler and
Tompa claimed that for the planted motif problem with the same parameters (20
sequences, each 600 nucleotides long), finding (14, 4), (16, 5) and (18, 6) motifs
are considerably more difficult [BT01].

8.5.2 Exhaustive pattern driven algorithm

Let S = S1, S2, . . . , Sm be a set of sequences.
For a length l pattern M , define δ(Si,M) to be the minimum number of substi-
tutions between Si and M .
Note that δ(Si,M) can be computed in O(nd) time.
Define Score(M) =

∑m

i=1 δ(Si,M)

As an example, suppose we have
Si = TACGCGCCAAAGGCGGGGCTCGCATCCGGC

and M = AGGTCGGGCTCGCAT . Then δ(Si,M) = 2.

As the previous example, suppose S = S1, S2, S3, S4

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



Lecture 8: Motif finding 8-12

In the exhaustive pattern driven algorithm proposed by Waterman, the objective
is to find the best motif M which minimizes score(M). The bruteforce algorithm
is as follows:

1. Set Mopt = AA . . . A.

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

(a) For i = 1 to m:

i Compute δ(Si,M).

ii If δ(Si,M) > d, then try the next M .

(b) Compute score(M).

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

3. Return Mopt.

The time and space analysis follows:

• There are 4l different patterns for M . (l position each with 4 possible
character A, C, G, T ).

• For each item M , we need to compute δ(Si,M) for m sequences. Since
computation of each δ(Si,M) takes O(nd) time, the time taken to compute
δ(Si,M) for m sequences is O(mnd).

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

• The space complexity is O(mn), for storing the m sequences.

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

8.6 Statistical approaches

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

MEME [BE94] is one of the most popular software for finding motifs. It is based
on expectation maximization.

The idea is to find an initial motif, and then repeat the expectation and maxi-
mization steps to improve the motif until it cannot be improved beyond a certain
threshold or a certain number of iterations have been reached.

In the algorithm, we have a parameter λ that is the probability that a sequence
is a motif and a motif model θ that is used to represent the motif, as well as a
background model θ0 that is used to represent the distribution of the sequences
involved. Both the motif model and the background model can be represented
using PWMs, as in the following examples:

Expectation: The expectation step computes the probability of finding the site
at every position in every sequence based on the given PWM.

As an example, suppose we have the sequence TGATATAACGATC and the
PWMs for θ and θ0 as above. This sequence has the following possible positions
for motifs:

For the first segment TGATA, we compute p1, using the PWM as follows:

Maximization: In the maximization step, we refine 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
λ = (

P

pi)
9

.

The refinement of the PWM θ is done as follows: for each position, and for
each nucleotide, the entry in the PWM for θ is the probabilities for the segments
having that nucleotide. The entries of the PWM are then normalized such that
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the sum of the entries for each column is 1.

Using the same example as above, the entry for nucleotide T at position 1 of
the refined PWM for θ will be:

p1 + p2 + p6

p1 + p2 + p3 + p4 + p5 + p6 + p7 + p8 + p9

8.6.2 Gibbs sampler

The Gibbs sampler uses a randomized approach to iteratively improve a motif.
Initially, a motif, represented as a PWM, is created by choosing one random
length l word per sequence, e.g. in Figure 8.12.

Then the Gibbs sampler will repeatedly perform the following 4 steps to iter-
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Figure 8.12:

atively improve the motif.

Step 1: Randomly choose a sequence i and delete its length l word, e.g. in
Figure 8.13

Figure 8.13:

Step 2: We define the PWM θ based on the blue words and the background
PWM based on the non-motif regions.

Step 3: For every length l word x from sequence i (the sequence that we delete

a length l word in step 1), we define a likelihood score to be Pr(x|θ)
Pr(x|θ0)

Step 4: We choose the length l 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, different runs will give different results. Nor-
mally, the motif is chosen from the best out of a number of runs.

Also, there are various variants of the standard Gibbs sampling approach. These
include the Gibbs motif sampler, AlignACE and BioProspector.

8.7 Combinatorial approaches

We will describe three combinatorial approaches SP-STAR, WINNOWER and
random projection in detail which prove to give better performance than some of
the most popular signal finding algorithms mention earlier, such as Gibbs Sam-
pler and MEME, when applied to simulated samples with uniform background
distribution.

8.7.1 SP-STAR

SP-STAR [PS00] is proposed by Pevzner and Sze. First, it chooses a suitable
scoring function to access the goodness of a motif. Then, for each l-mer ap-
pearing in the sample, find its best instance in each sequence and collect these
instances together to form an initial motif. Employ a local improvement heuristic
to improve each initial motif.

Definitions

Consider a set of length-l sequences w1, w2, . . . , wm. Define

SPscore(w1, w2, . . . , wm) =
∑

i,j

δ(wi, wj)

where δ(x, y) is the hamming distance between x and y.

Algorithm

1. Let W be the set of length-l words in all m sequences S1, S2, . . . , Sm.
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2. For any length-l word w ∈ W :

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

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

(c) Repeat steps (a) and (b) until SPscore(w1, w2, . . . , wm) cannot be fur-
ther improved.

E.g. Given a string v, locate the string wi which is closest to v in each sequence
(Figure 8.15).

Figure 8.15:

Use the most frequent letter in each position to define a new majority string
(Figure 8.16).

Figure 8.16:

Repeat until there are no more changes in the string v.

The main reason why SP score is chosen over STAR is that it is able to give
a better initial estimate of the goodness of a string. For subtle signals, typical
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distance between signal instances is less than or equal to 2d, while typical dis-
tance between two random best instances from v can be as large as 4d, where d
is the number of mismatches, as shown in Figure 8.17.

Figure 8.17:

8.7.2 WINNOWER

WINNOWER [PS00] is a graph-theoretic approach which represents a motif as
a large clique (complete subgraph) and attempt to solve the clique problem effi-
ciently by filtering.

Problem Reduction

Given a set of sequences S = {S1, S2, . . . , Sm} and suppose we are looking for a
(l, d)-motif. We construct a graph G as follows:

• Every vertex in G corresponds to a length-l word in S.

• Consider two words x and y appear in two different sequences in S. x and
y are connected by an edge if their hamming distance is at most 2d. 2d
is chosen to cater for all possible (l, d)-motif, that “sits” in the middle in
terms of distance between the two vertex that has distance 2d.

Note that G is a m-partite graph. An example of a 3-clique is shown in Figure
8.18.

Notice that the problem of finding a (l, d)-motif corresponds to finding a clique
of size m, where m is the number of strings. Thus, the problem of finding motifs
is reduced to the problem of finding large cliques. However, finding cliques is
a NP-complete problem. Therefore WINNOWER proposes a method to filter
edges which definitely do not belong to any large cliques.
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Figure 8.18:

Definitions

A vertex v is a neighbor of a clique C if it is connected to every vertex in this
clique (i.e., C ∪ {v} is a clique).

A clique is called extendable if it has at least one neighbor in every part of
the multipartite graph G.

An edge is called spurious if it does not belong to any extendable clique of size
k.

WINNOWER is an iterative algorithm that converges to a collection of extend-
able cliques by filtering out spurious edges.

Algorithm

1. Construct a graph G by: Consider two words x and y appear in two different
sequences in S. x and y are connected by an edge if their hamming distance
is at most 2d.

2. Filtering of spurious edges:

(a) Filtering weak vertices: Vertices that are not supported by a neighbor
in every part of G are filtered out.

(b) Filtering weak edges: Unsupported edges are removed.

(c) Filtering weak triangles.

(d) If the computation allow, filter more.

An example is shown in Figure 8.19 and the result after filtering is shown in
Figure 8.20.
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Figure 8.19:

Figure 8.20:

8.7.3 Random projection

The random projection [BT01] algorithm chooses a projection by selecting k out
of l positions at random, then each length-l string is hashed into buckets based
on these k positions. The algorithm is based on Random Graph Theory.

Some instances of a motif agree on a subset of positions. With appropriate k,
these instances will be grouped together. Consider the following three sequences:

The sequences are actually (10, 2)-motifs. Ideally, if we are able to choose posi-
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tions 1, 3, 5, 6, 9 and 10, then we can actually hash the strings into the same
bucket and conclude that the strings which are in the bucket to be candidate
motifs.

Motif refinement

We expect real motif instances are put together as a large group (called enriched
buckets), so we try to look for motif for every enriched bucket. For each enriched
bucket, the selected k positions are already fixed. Use information in the other
Ck

l positions as a starting point of an iterative motif finding algorithm such as
the Gibbs sampler or MEME. These algorithms typically work much better when
given a good starting point. For example, random projection provides such good
starting points.

Parameter selection

It is very important to choose an appropriate projection size k. However, there
are some conflicting goals: k has to be small so that a significant number of motif
instances are grouped together under the projection. k cannot be so small that
non-motif instances are grouped together as motif instances.

The random projection algorithm can be run multiple times. The best motif
from these runs is taken to be the answer.

8.7.4 Finding motif using suffix tree

Aim: To find a (l, d)-motif which occurs in at least q sequences in S = S1, S2, . . . , Sm

Assumption: Every (l, d)-motif occurs in at least one sequence without mismatch.

Detailed algorithm is as follow:

1. Build a generalized suffix tree for S = {S1, S2, . . . , Sm}.

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

(a) Let PS be a set of paths. Initially, PS contains only one path r, which
is a path with the root node only. r is associated with an error distance
which is set to be 0.

(b) For i = 1 to l,

i Extend all paths in PS by one symbol.

ii If the symbol is not p[i], increase the error by 1.

iii 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 paths in PS. If the number ≥ q, report p.

Next, we will give an example for suffix-tree based motif finding problem.

Problem: Given 3 sequences, S1 = aacgt$, S2 = acgc#, S3 = cct%, find (3, 1)-
motif occurring in the 3 sequences.

Execution of the algorithm:

1. Build a generalized suffix tree T in O(n) time, as illustrated in Figure 8.21.
Suppose we are now working on the substring p[1..3] = cgt.

Figure 8.21:

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

3. Prune the path when the accumulated error is larger than the specified
error threshold, here in (3, 1)-motif, threshold is 1. Also prune pathes that
prematurely reach the end. Pathes in Figure 8.23 are crossed after pruned.

4. Finally we have the result, as in Figure 8.24. Since the string “cgt” occurs
in all the 3 sequences with maximum error 1, it is a (3, 1)-motif.

Suffix tree approach can be generalized to many other approaches.
E.g. Sagot 1998 ,Marsan & Sagot 2000, Weeder 2001.
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Figure 8.22:

Figure 8.23:

According to Tompa testing [Nature genetic 2005], Weeder is one of the best
motif finder.

8.7.5 Other combinatorial approaches

Besides the three algorithms mentioned earlier, there are also a number of other
algorithms which have been developed to tackle the problem of motif finding. We
will mention them briefly here.

Multiprofiler

Based on the (l, d)-motif model, use the neighborhood of a candidate pattern
to find “spelling” errors which prevent it from being the correct motif. It is a
heuristic which starts from strings in the sample.
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Figure 8.24:

Patternbranching

Use a branching heuristic based on 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 profiles instead of patterns

Represent a motif as a profile (where each position is represented as a proba-
bility distribution of letters from {A,C,G, T} rather than a simple pattern.

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

8.7.6 General problems of combinatorial approaches

Most of the recent combinatorial approaches do not consider statistical signifi-
cance of motifs very carefully. Although these new approaches confirm to have
better performance over older approaches on simulated samples, it has not been
shown that they have significant advantages on real biological samples.

In practice, motif finding algorithms have to take into account characteristics
of real input samples. These include:

1. Motifs with unknown length.

2. Samples with biased nucleotide composition.
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3. Corrupted samples (not every sequence contains a motif).

4. Regulatory sites can lie on either DNA strand.
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