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In this review, we discuss the general problem of understanding transcriptional regulation from DNA sequence and
prior information. The main tasks we discuss are predicting local regions of DNA, cis-regulatory modules (CRMs)
that contain binding sites for transcription factors (TFs), and predicting individual binding sites. We review various
existing methods, and then describe the approach taken by PhyloGibbs, a recent motif-ﬁnding algorithm that we
developed to predict TF binding sites, and PhyloGibbs-MP, an extension to PhyloGibbs that tackles other tasks in
regulatory genomics, particularly prediction of CRMs.
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1.

Introduction

An important problem in computational biology is
understanding the regulation of genes from DNA
sequence and other information. Most cellular biological
processes require that certain sets of genes be turned on,
and other genes turned off, in a carefully orchestrated
manner. Gene regulation can occur at various levels: by
chemical modiﬁcation of the DNA and chromatin itself,
at the transcriptional level (controlling or preventing the
recruitment of the RNA polymerase that transcribes a
messenger RNA molecule), or at the post-transcriptional
level (by targeting the mRNA molecule). In recent years
much attention has been paid to the post-transcriptional
regulatory machinery in cells, mediated by RNA molecules
(for recent reviews, see He and Hannon 2004; Matzeke and
Birchler 2005), and there are suggestions that, at least in
eucaryotes, transcription happens much more widely than
previously believed and post-transcriptional regulation
plays a more important role than had been appreciated (see
Pearson 2006 for a review). Nevertheless, transcriptional
regulation is more basic and better understood, and we focus
on it here.
Keywords.

Genes are transcriptionally regulated by specialised
proteins (in particular, transcription factors, TFs) – a
nomenclature we will use for any protein that binds to DNA
and plays a regulatory role in the transcription process) that
recognise speciﬁc short sequences in the DNA, bind to them,
and help recruit the RNA polymerase (or, in some cases,
inhibit it). In eucaryotes, genes are in general controlled by
several transcription factors, whose combinatorial logic can
be quite complex. TFs generally bind upstream of the gene,
but often also in introns, downstream or occasionally even
within coding sequence.
In bacteria, and in the simplest eucaryotes like yeast,
there is very little intergenic sequence (a few tens of bases
in bacteria, a few hundreds in yeast), and all of it could
potentially be regulatory. In most other organisms, there
can be many thousands of bases between genes, only some
of which plays a role in gene regulation. TF binding sites
are typically found either in the promoter region near the
start site of a gene, or in localised “cis-regulatory modules”
(CRMs), typically 1–2 kilobases long, that contain binding
sites for various factors that control the gene during speciﬁc
cellular situations. These may be found a few kilobases
from the start site, or in introns or downstream. Two key
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computational tasks are, thus, to predict CRMs and to
predict binding sites for transcription factors.
In addition, many enhancers are known to be very far
away from the genes they regulate – up to a megabase away
(Lettice et al 2003). (This is in sequence space: in the actual
nucleus, depending on how the chromatin is packaged,
they may be very near the target gene.) These are difﬁcult
to determine ab initio, but if they have been discovered by
other means, they can be examined computationally for
binding sites.
This article is an expository discussion of the general
techniques used to tackle these tasks, and the speciﬁc
approach of a recent program we wrote, PhyloGibbs
(Siddharthan et al 2005) (and its successor, PhyloGibbs-MP
(R Siddharthan, unpublished results). For technical details
of PhyloGibbs, the reader is referred to the original papers,
and for a practical guide on how to use PhyloGibbs, there is
an upcoming review article (Siddharthan and van Nimwegen
2007) as well as documentation (including manual pages) in
the PhyloGibbs program distribution itself.
2.

General considerations in computational
regulatory genomics

2.1

Posterior probabilities and Bayes’ theorem

Probability calculations generally calculate the probability of
an event given a model for that event. In biological sequence
analysis, the event (sequence data) is given to us, and we
are required to ﬁnd an appropriate model for that event
(location of regulatory regions or binding sites). In other
words, given a data set S, and given a number of possible
models h1, h2, . . . , each of which could have given rise to
S with probabilities P (S | h1), P (S | h2), . . . , we want to
evaluate P (hi | S): the probability of each model given the
data S.
P (S | hi) is called the “likelihood” of S given hj , and
P (hi | S) is called the “posterior probability” of hi given S.
Generally, not all hypothesis are equally likely a priori,
so we also want to know, upfront, the “prior probability”
P(hi) of each hypothesis. Then, Bayes’ Theorem gives the
posterior probability:
P (hi S ) =

P (S hi )P (hi )

∑

j

P (S h j )P (h j)

(1)

where the denominator sums over all hypothesis, and thus
evaluates to the “prior probability” of S, which can usually
be treated as a constant and ignored. When all hypotheses
are equally likely a priori, the posterior probability is
proportional to the likelihood P (S | h ).
i
Bayes’ theorem is discussed in most statistics texts; in
the frequentist limit, where there is a large number of trials
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and all prior probabilities and likelihoods can be rigorously
calculated, it is easily provable. But it is widely used (and,
arguably, most useful) in situations not amenable to a
frequentist approach.
2.2

Describing binding sites

Transcription factors (TFs) recognize short sequences in
DNA (typically about 15–25 bp long in bacteria, 7–15 bp
in eucaryotes). Typically, also, these are not exact strings
or even “strings with k mismatches” and it is hard to apply
standard fast substring-ﬁnding algorithms (e.g.Ukkonen
1995; Sagot 1998; Amir et al 2004) from computer science
to them. They are usually represented as “position weight
matrices” (PWMs), which are 4 x N matrices where N is
the width of a binding site and the element Wan gives the
frequency or probability of nucleotide α at position n in a
binding site.
There is an underlying assumption, usually not too
bad, that the columns in a weight matrix are independent.
Given the limited amount of data in most cases, it is hard
to go beyond this assumption, to incorporate (for instance)
dinucleotide correlations.
If the weight matrix columns are normalised (so that
the elements are probabilities), given a string S of length n,
we may be interested in the probability that it is a binding
site for a TF described by the weight matrix W. What we
can calculate more readily is the likelihood of observing
the string S given that it is a binding site for W; this is
ΠnWs n. This needs to be compared with the “background”
n
probability of this string. In the simplest case, if the string is
either a “binding site” (with probability pw) or “background”
(with probability pb = 1 – pw ), given a “background model”
we can calculate the posterior probability of the site being a
binding site represented by W, using Bayes’ theorem:
P (S W )pw
P (W S ) =
(2)
P (S W )pw + P (S B )pb
(where the calculation of P (S | B) is discussed further in the
next section). This formula works well by itself in practice.
But, in general, there are other possibilities: the string may
be a binding site for some other factor W′, it may partially
overlap a binding site for W, and so on. All these possibilities
are taken care of elegantly in the Stubb algorithm for
predicting cis-regulatory modules.
2.3

Describing background DNA

By “background DNA” we mean DNA of unknown function,
whose statistical properties may be taken to be generic. The
simplest background model is to assign a probability of
0.25 for each nucleotide. The next simplest is to assign
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non-uniform probabilities, to take account of the fact
that certain nucleotides occur more often than others (for
example, A and T usually occur more frequently than C and
G). Here we also need to note variation in the frequencies of
nucleotides in different parts of the genome: for example,
the frequencies may be different in coding and non-coding
DNA, in heterochromatin and euchromatin, and so on.
For example, with a background model where the
probability of each nucleotide
is 0.25, for a string S of
L
length L, P (S | B) = 0.25 . If the probabilities of A and T are
0.3 and the probabilities of C and G are 0.2, for a string S of
length L containing NAT A’s and T’s and NGC = L – NAT G’s and
C’s, P (S|B)= 0.3NAT 0.2N GC.
In actual DNA, it turns out that dinucleotide correlations
are important: the frequencies of, say, C and A do not
accurately predict the frequency of the dinucleotide CA.
Therefore, it is common to use a Markov model for the DNA
background, where the probability of each base depends on
its predecessor. Then,
L

P (S B ) = p (S1 )∏ p (Sn Sn −1 ),

(3)

n =2

where p (α) is the background probability of the base α,
and p (α|α') is the conditional probability of α given that
its predecessor was α'. Motif-ﬁnders commonly include
such a Markovian background, which can be generalised
to higher orders (so that the probability of a base depends
conditionally on its m predecessors).
2.4 Predicting cis-regulatory modules
Since cis-regulatory modules contain a larger-than-normal
density of binding sites, when one knows a candidate set of
transcription factors and the position weight matrices that
describe them, an obvious approach to detecting CRMs is
to look for predicted binding sites for these PWMs and see
where they cluster unusually strongly.
Nearly all CRM-detection programs do this, but a naive
approach doesn’t work very well, because there are too
many predicted sites for each factor, many of which are false
positives, and it is difﬁcult to determine “enriched” regions
for these sites. It turns out that including phylogenetically
close species helps a lot. CIS-ANALYST (Berman et al 2002,
2004) clusters predictions from multiple species using
various stringency criteria, with some success at predicting
known modules. STUBB (Sinha et al 2003, 2004, 2006)
takes into account exclusion between different factors,
and calculates a free energy of binding, for each factor and
overall, in user-determined “windows"; it, too, can take
advantage of one additional input species, and performance
improves dramatically.
A recent alternative approach (Pierstorff et al 2006) uses
conserved sequence (local ungapped sequence) alone to
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predict CRMs, and previously characterised PWMs are not
needed at all.
In contrast, PhyloGibbs-MP looks for clusters of binding
sites that it itself predicts ab initio. It can take previously
characterised PWMs as “prior information", but typically
these only improve the conﬁdence level of predictions, and
do not actually change the predictions themselves. This is
discussed further below.
2.5

Predicting binding sites ab initio

Once a stretch of regulatory DNA (a promoter, or CRM, or
enhancer) is identiﬁed, it is of interest to predict individual
binding sites in that region. When several sites for a TF are
already known and a reasonable PWM can be constructed, binding sites can be predicted using that PWM, as
described in § 2.2. However, an important problem is to
predict binding sites ab initio, that is, without the help of a
previously constructed PWM (which in many cases is not
available).
The task, given a stretch of DNA sequence (or several
stretches), is to determine which short, fuzzy sequences are
statistically overrepresented: that is, to partition the input
sequence into likely “binding sites” (samples from a PWM)
and “background” (represented by the background model).
Typically we have restrictions on allowed parses, such as the
number of different factors (motifs) expected and the number
of binding sites per factor. Even with these restrictions, the
space of possible parses is too large to search exhaustively.
Two common approaches are expectation maximisation
on mixture models [used by the MEME algorithm (Bailey
and Elkan 1994], which we don’t discuss here, and Gibbs
sampling.
Gibbs sampling is a version of Markov-chain MonteCarlo (MCMC) sampling, and was ﬁrst used in the context
of biological motif-ﬁnding by Lawrence et al (1993). Other
implementations have been made over the years; in the
following, we describe our implementation, PhyloGibbs,
and a forthcoming upgrade, PhyloGibbs-MP.
PhyloGibbs is a Gibbs-sampling motif ﬁnder that we
introduced recently (Siddharthan et al 2005 ), containing
several enhancements over other motif-ﬁnders:

•

•

It (optionally) uses orthologous sequence from
closely-related species, since orthologous genes
are expected to be regulated similarly. It scores
phylogenetically-related regions differently from
independently-evolved sequence.
Unlike “footprinting” methods, it searches in
both conserved and unconserved regions. This is
important because binding sites are known to evolve,
even in closely related species (Dermitzakis et al
2003; Emberly et al 2003; Tanay et al 2005).
J. Biosci. 32(5), August 2007
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•

It uses a two-stage strategy that ﬁnds a best set
of predictions by simulated annealing, and then
statistically evaluates their signiﬁcance by sampling.

We showed that, on test data sets of experimentally
annotated binding sites in yeast, PhyloGibbs predicts known
sites with much better speciﬁcity (at a given sensitivity) than
four other programs we benchmarked.
3. The Gibbs sampler algorithm as implemented
in PhyloGibbs
3.1

Markov Chain Monte Carlo sampling

Gibbs sampling is a particular case of Markov Chain Monte
Carlo (MCMC) sampling; we brieﬂy review it here. (For
a more through review of MCMC methods in general, see
Smith and Roberts 1993.) In general, this approach is needed
when one is confronted with the problem of searching for
an optimal state, or averaging a weighted function over all
states, in a state space that is too large to search exhaustively.
For example, each state S may have a probability P (S)
associated with it, and we may either want to ﬁnd the “most
probable state” that maximises P (S), or ﬁnd the expectation
value of a function f (S) in this space, <f > = Σs′ f (S′)P(S′).
Instead of searching, or calculating the average over,
every state S, the idea is to pick a subset of states whose
distribution is given by P (S). That is, each state is selected
with a probability P (S). MCMC is a method of constructing
such a set of states, by starting from an initial state S1, using
it to select a new state S2, using S2 to select S3 and so on. The
selections are done according to a “transition probability” T
(Sj← Si ). The sequence of states thus obtained is a Markov
chain (the probability of picking any state depends only on
the predecessor of that state), and if the transition rate T
satisﬁes suitable conditions, the long-time distribution of
states approaches P (S).
The conditions required are (i) Ergodicity, and (ii)
General balance.
Ergodicity means that, using the transition rule, starting
from any state in state space, it is possible to reach any
other state. With a poorly chosen transition rule that breaks
ergodicity, some states may never be reached at all.
General balance is simply the condition that the limiting
probability distribution P (S) should remain invariant on
applying the transition T:

∑ P (S ′)T (S ← S ′) = P (S ).
S′

(4)

In other words, if we start with a distribution of states, and
then change every state according to T, the distribution
should remain unchanged. It can be shown that if instead
we start with a single state, and repeatedly apply a transition
T whose stationary distribution is P and which is ergodic,
J. Biosci. 32(5), August 2007

the chain of states thus obtained will have a distribution
approaching P in the inﬁnite-time limit.
In practice, general balance is a difﬁcult condition to
impose, so a stricter (but more enforceable) condition,
“detailed balance", is preferred: for any two states S and S′,
P (S′ ) T (S ← S′) = P (S) T (S′ ← S)

(5)

(Summing this equation over S' yields the general balance
criterion; detailed balance is thus sufﬁcient but not
necessary.)
Average quantities may be computed by maintaining a
running total for the quantity of interest over a large number
of steps, and ﬁnally dividing by the total number of steps.
Optimal states may be reached by “simulated annealing",
where P (S) is replaced by P (S)1/T where T is a ﬁctitious
temperature, and is slowly lowered to zero. ("Quenching", or
setting T = 0 directly, tends to get the system stuck in local
minima, and usually fares poorly in ﬁnding global minima.)
3.2

Gibbs sampling

The art of MCMC lies in choosing T (S′←S), the transition
rule or “moveset". Typically, S can be further parametrised
by other variables, S =(x1, x2, …) (let us assume here that the
variables are discrete), and a move consists of picking one
of these variables and altering it. The most common choice
is the Metropolis algorithm, where one variable, say xi , is
picked at random, and is randomly altered to a new value
xi′ (so that the new state S′ =(x1, x2, . . . , x′i , . . .). Then if P
(S′) > P (S), the move is accepted. Otherwise, the move is
accepted with a probability P (S') / P (S). It is easily veriﬁed
that this move satisﬁes detailed balance; moreover, in many
cases it is computationally very efﬁcient (requiring only one
function evaluation, for P (S')), and is thus a very popular
algorithm.
In the motif-ﬁnding case, however, P (S) tends to have
high values only for a very few conﬁgurations, and is low
for the vast majority of phase space. Therefore, Metropolis
sampling tends to converge very slowly (the majority of
moves either get rejected, or get accepted but do not greatly
improve the conﬁguration), and an alternative approach,
Gibbs sampling, is used. In Gibbs sampling, one variable
(say xi) is picked at random, and then every possible new
value x′i is considered for that variable; a new value is selected
from all these possibilities, according to the probabilities
P (S) for the new states. In other words, suppose there are
N variables, the i’th variable xi is picked, and the new value
for this variable is xi, with a corresponding state S' = (x1, x2,
. . . , xi, . . .). Then,
T (S ′ ← S ) =

1
N

P (S ′)

∑

S ′′

,
P (S ′′)

(6)
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TTATACCAGTACTCTCTTGTAGCTTGTAGAATTTGTAAATTAGCGTTG
CGTTGTTTTTACTATGCGTTTGCTGGCCTAACGTCACAAAATCACTTT
CAAACGGCGCGTACACTCACGGCGTTAAGTATATCAAACTCCGTCACA
Figure 1. Putative binding sites are represented by “windows” (boxes). At each step of the Gibbs sampler, one binding site is selected
and removed (dotted box), and a replacement site is selected, from all possible choices, according to the posterior probabilities of those
choices.

where the 1/N prefactor reﬂects the probability of selecting
the i th variable (xi), and S′ are all the possible states from
changing xi) (including the original state S). Substituting this
into equation (5), we see that detailed balance is immediately
satisﬁed.
Typically, xi can have many different values (a few
thousand in typical applications in biological motif ﬁnding),
so each step of Gibbs sampling is a few thousand times
slower than a Metropolis step would be. But convergence
per step is, in practice, much faster in biological motifﬁnding
problems.

of windows. This needs to be integrated over w with the
constraint Σα wi,α = 1. This can be done exactly:

∫ ∏w
w

na
i ,a

=

a

∏

wn −n

n in wi ndow

o ,Sn

PhyloGibbs

∏

n not in window

bS ,
n

(8)

.

P (S C )P (C )
.
∑ ′ P (S C ′)P (C ′)

(9)

C

Given a sequence S of DNA, whose nth base is sn,
the hypothesis is that some sites are binding sites for
transcription factors TFs, while the remaining sequence is
represented by a background model.
Let a “conﬁguration” C be a particular selection of motif
sites, the boxes in ﬁgure 1. In PhyloGibbs terminology, we
call them “windows". Their width, in PhyloGibbs, must
be speciﬁed a priori; 8–14 is usually a reasonable value
for eucaryotes, and 16–25 for procaryotes. Given a weight
matrix wi,αi and a background model bα , we can calculate the
probability ("likelihood") of the sequence that we have, that
is, the probability that the motif sites were drawn from the
PWM and the other bases were drawn from the background
model:
P (S|C ) = P (windows from WM) x P (rest from
background)
=

(N + 3) !

Thus, P (S | C ) can be calculated for any conﬁguration C; but
what we really require is P (C|S), the posterior probability of
the conﬁguration C given the sequence that we are provided,
S. Bayes’ Theorem supplies the answer, in terms of the
“prior probability” of a conﬁguration P (C):
P (C S ) =

3.3

3 ! ∏a na !

(7)

where n0 is the starting base of the window in which n
appears.
If we do not already know the PWM w, we integrate over
the space of all possible w’s, column by column, with the
provision that each column sums to 1. For each column i
and each window, the integrand will contain a factor wi,α
where α is the base at position i in that window. This yields
a monomial ∏α winα , where nα is the total number of bases α
α
at position i in all windows, and Σα nα = N is the total number

This, if the prior probability P (C) is constant, is proportional
to P (S | C ). Typically, we take P (C) to be constant within
some constraints – for example, the number of different
types of motifs, and the number of binding sites, could
be ﬁxed – but other choices are possible, and are in fact
tremendously valuable in making use of prior information.
Let us assume, for simplicity, that the total number of
windows (sites), and the maximum number of colours
(different kinds of motifs), are ﬁxed. Then the Gibbs
sampling proceeds as follows: An initial conﬁguration
satisfying these constraints is selected at random. Then, at
each step, one window is selected at random, removed, and
a replacement (in any allowed colour) is sampled. That is,
all possible replacement windows (including the window
that was removed), with all possible colours (including its
original colour), are considered, their posterior probabilities
calculated, and the new window and colour picked from this
posterior probability distribution. This is the move described
in § 3.2, with a state being parametrised by the position and
colour of each window. It is ergodic and satisﬁed detailed
balance, and therefore, if repeated long enough, each
conﬁguration C in the conﬁguration space will be visited
with a frequency proportional to P (C | S).
In practice, one other move is needed for speedier
convergence. Single-window moves like the above can
get stuck in minima where an entire set of sites is selected
with an “offset” (that is, they all partially cover the true
binding sites and need to all be shifted by a ﬁxed amount
for an optimal answer). Such an offset will take very long
J. Biosci. 32(5), August 2007
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to remove with single window shifts (though it will happen
eventually), so we include a “global shift” move, where a
colour is chosen at random and then all possible “global
shifts” for all windows in that colour are sampled.
PhyloGibbs includes other moves, and there are various
subtleties relating to how these moves are applied; for a
discussion of those details, the reader is referred to our
original paper (Siddharthan et al 2005).
3.4

Tracking: signiﬁcance assessment

A simulated anneal obtains an optimal set of states, and
“tracking” (prolonged sampling, and measuring, for each
possible site, how often it is co-clustered with one of the
optimal sites) provides a signiﬁcance assessment.
At the end of the anneal, the annealed colours are set
up as “labelled lists” of windows to track. Then, for every
window w in the system, and for every labelled list A,
we set up a “tracking counter” N (w, A) to see how often it’s
co-clustered with that list.
Then, at each time step, for each labelled list A, we
associate one of the current colours with that list, C (A). This
is that colour which presently has the greatest presence of
windows from that labelled list. (It need not correspond to
the colour that originally gave rise to that labelled list.) For
every window in that colour, we update its tracking counter:
N (w, A) ← N (w, A) + 1 for each w Є C (A).
At the end of the tracking phase (a predetermined, large
number of moves), we divide each N (w, A) by number of
timesteps, and for every label A, sort all windows in order of
the tracking score. This gives a measure of signiﬁcance for
how often each window was co-clustered with that labelled
list.
The tracking phase can thus pick up sites that were not
found in the simulated anneal (for example, because of a
poor guess of initial parameters).
3.5

Incorporating phylogenetic information

For many organisms today, sequences of several closely
related organisms are also available. One motivation for
developing PhyloGibbs was to take advantage of such
information. The assumption is that the organisms are
sufﬁciently closely related that the regulation of genes has
not diverged signiﬁcantly. But with such close relatives,
much orthologous sequence is highly conserved. It is then
important to score binding sites in conserved sequence
correctly: a site occurring in a conserved block in ﬁve species
should not be considered as ﬁve independent instances.
As a pre-processing step, PhyloGibbs uses a multiple
sequence alignment program to identify conserved blocks.
[Any program with multi-fasta output will do. We originally
used Dialign (Morgenstern 1999), and more recently this
J. Biosci. 32(5), August 2007

ACGAGCatagACAGTAGCA−AGCAC
ATGAGCacagtacGTCGCATACCTC
CCGATCggt−−−−−atagATACGAC
Figure 2. With phylogeneticallyrelated sequence, a multiple
alignment program is used as a preprocessing step. Vertically
aligned bases are treated as descendants from a common ancestor.
"Windows" (boxes in the ﬁgure) can now encompass multiple
sites descended from a common ancestor. The alignment within a
window must be consistent: gaps within a window aren’t allowed
(dashed box). Lowercase letters are not treated as aligned, and can
be exchanged with adjacent gaps.

author has developed a special-purpose program for noncoding sequence, Sigma (Siddharthan 2006).
We then assume that all bases inside conserved blocks
(as pointed out by the alignment program) arose from an
ancestral sequence and are not independent. PhyloGibbs
generalises a “window” from a single binding site to a
binding site in an aligned block (ﬁgure 2), thus possibly
encompassing multiple species. We then modify the
scoring for multi-sequence windows, while scoring singlesequence windows as before, and then sample on posterior
probabilities as before.
The scoring is as follows: let us assume a “star topology”
here, where all sequences descended independently from one
common ancestor (as described in Siddharthan et al 2005,
this can be generalized to arbitrary phylogenetic trees).
We assume a mutation rate m for species i, and a
i
divergence time t from the common ancestor. Then the
probability of a given base being conserved from its
ancestor (its “proximity” to the ancestor) is e–mi t = qi, and the
probability that it’s mutated is 1– qi.
Next, we deﬁne a “transition probability” T (αi | a) that
an ancestor a evolved into a base αi within a binding site
represented by w:
T (αi | a, qi )= [δaα qi + (1–qi )wα ]
i

i

(10)

This rule says that if the base is not mutated (probability
qi ), it must be the same as the ancestral base, while if it has
mutated (probability 1– qi ), it has had sufﬁcient time for
“ﬁxation” and is therefore a sample from the same weight
matrix w. This has appropriate limits as q→0 and as q→1,
and, on inserting an intermediate unknown ancestor b, has
the correct multiplication rule:

∑ T (α

i

b, q1 )T (b a, q2 )= T (αi a, q1q2 ).

(11)

b

Then, the probability that all four bases in a column of a
window W evolved from a common ancestor a and are
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represented by a WM w is
P (W w ) =

∑

a =A,C ,G ,T

N

wa ∏T (αi a, qi ).

(12)

i =1

For each column, we multiply such a factor for all windows
of a colour; we multiply over all columns, and integrate
over the space of weight matrices w as before, to obtain
the posterior probability of the conﬁguration. For the
background probability, we replace w by the background
probability b and do not integrate.
Unlike in the single-sequence case, the integral here is
over a complicated polynomial; each monomial term can
still be done exactly, but the number of terms rapidly
increases with increasing number of windows, so in practice
we use an approximation (described in Siddharthan et al
2005).
Apart from more accurate scoring, this approach to
incorporating phylogeny has one other advantage: it greatly
reduces the size of the conﬁguration space to be searched.
We ﬁnd that the improvement in performance is signiﬁcant,
compared to naively running on all sequences without
considering their phylogeny.
Enhancements in PhyloGibbs-MP

3.6

PhyloGibbs-MP (Siddharthan R, un-published results) is
an update to PhyloGibbs that extends the capabilities of the
program beyond simple motif-ﬁnding:
• It can localise predictions to short subsequences
(meant to model cis-regulatory modules) of longer
input sequence, and is successful at predicting CRMs
ab initio
• It can make use of prior information, in the form
of position weight matrices for known transcription
factors, to improve prediction of CRMs and binding
sites
• It can predict sites that appear preferentially in one
set of input motifs and not in others ("differential
motif ﬁnding")
• It optionally produces annotations compatible with
the Generic Genome Browser (Stein et al 2002) for
easy visualisation of the output
• It uses an importance sampling scheme to obtain a
substantial speed increase
These enhancements, and performance, are discussed in an
upcoming paper (R Siddharthan, unpublished results).
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of our program PhyloGibbs. We have glossed over many
practical subtleties that PhyloGibbs takes account of; these
are discussed in Siddharthan et al (2005) and Siddharthan and
van Nimwegen (2007). The great advantage of a Bayesian
approach is that prior information can easily be incorporated
into the scoring scheme. The (somewhat trivial) example of
constraints on the number of factors and the number of sites,
and the example of known weight matrices as “informative
priors", have already been mentioned. Other kinds of prior
information may be available, such as high-throughput
gene expression (microarray) data that tells us what genes
are likely to be co-regulated. PhyloGibbs could usefully be
extended to use such data (at present, one needs to extract
gene clusters from microarray data beforehand, and feed
those manually to PhyloGibbs).
Using the model that we have described, where binding
sites are represented by position weight matrices and the
background represented by a Markov model, existing
algorithms deal reasonably well with real-world genomic
data. However, there is much scope for improvement. We
conclude by pointing out a few issues.
First, real DNA isn’t actually well represented by a
Markov model: it has signiﬁcant long-ranged correlations,
whose origin remain poorly understood. Understanding this
should greatly beneﬁt the task of motif ﬁnding (and ﬁnding
other features in DNA).
Second, the position weight matrices that we use are
assumed to have independent columns. This is partly because
we don’t have enough data to do better: even obtaining good
“dinucleotide” weight matrices (which give the probability
of seeing particular dinucleotides, rather than nucleotides,
at particular positions) would take scores of known binding
sites, a luxury usually not available. It works reasonably
well in practice; nevertheless, it has been attacked (Djordjevic
et al 2003) in the past, and improving the representation of
binding sites should pay dividends.
Third, chromatin remodelling plays a major role in
transcriptional regulation: the regulatory DNA, as well as the
coding DNA, should be made accessible to the transcriptional
machinery. This again is poorly understood, but progress is
being made on predicting the positions of nucleosomes in
chromatin, and there are suggestions that these positions
correlate (or anticorrelate) with known binding sites in yeast
(Segal et al 2006). A better understanding of such issues
will undoubtedly improve our understanding of regulatory
genomics.
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