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ABSTRACT

Motivation A significant and stubbornly intractable problem in
genome sequence analysis has been the de-novo identification of
transcription factor binding sites in promoter regions. Although theo-
retically pleasing, probabilistic methods have faced difficulties due to
model mismatch and the nature of the biological sequence. These
problems result in inference in a high dimensional, highly multimodal
space, and consequently often display only local convergence and
hence unsatisfactory performance.

Algorithm In this paper we derive and demonstrate a novel method
utilising a sequential Monte Carlo-based expectation-maximisation
(EM) optimisation to improve performance in this scenario. The
Monte Carlo element should increase the robustness of the algorithm
compared to classical EM. Furthermore, the parallel nature of the
sequential Monte Carlo algorithm should be more robust than Gibbs
sampling approaches to multimodality problems.

Results We demonstrate the superior performance of this algorithm
on both semi-synthetic and real data from E. coli.

Availability http://sigproc-eng.cam.ac.uk/~ej230/smc_em_tfbsid.tar.gz
Contact €j230@cam.ac.uk

1 INTRODUCTION

The fundamental element in the control of gene expression is a class
of proteins called transcription factors (TFs) [23]. These direct the
timing, location and rate of gene expression by binding to the DNA
double helix immediately upstream of specific genes. Should the
complete set of transcription factor binding sites (TFBS) for an orga-
nism be found, it would reveal the fundamental topology of the gene
regulatory network, a significant advancement of our understanding.
Unfortunately, determining these TFBSs is still an open problem.
Chemical assays exist, but are too costly and time consuming for a
problem of this scale. The alternative is a computational approach.
However, to date no approach has proven sufficiently accurate or
precise and much work remains [14, 11].

There exist two main categories of computational methods: enu-
merative and probabilistic. Enumerative methods search for over-
represented sequences by direct string comparison. Although highly
effective, they are not physically or biologically well motivated
and hence cannot model physical traits
beyond conservation. Probabilistic methods are model based and are
hence much more flexible and potentially powerful. These methods
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usually treat the promoter sequence as a set of binding sites embed-
ded in a background of nucleotides. Inference is performed to
determine the location of the binding sites and their parameters. The
independent multinomial model is the standard for the binding site
and a Markov chain model is usually used for the background.

1.1 Probabilistic Methods and Justification

The canonical treatment of this problem is as a missing data pro-
blem, with the binding site locations missing and the motif model
parameters to be inferred. Hence, algorithms based on expectation
maximisation (EM) [8] (such as MEME [3]), as well as EM’s sto-
chastic counterpart, data augmentation [21], (such as the “Gibbs
Sampler” method [16, 12]) are popular.

We wish to infer the model parameters, being the motif binding
parameters (often represented as a ‘logo’ such as in Figure 3). The
dimension of this parameter space is 4 - L, where L is the motif
length, and often greater than 20. This may cer-
tainly be considered high dimensional, which is widely known to
complicate inference.

A more serious concern, and the focus of this paper, is the multi-
modatility of the parameter space. Unfortunately, in these problems
there exist a multitude of suboptimal solutions, corresponding to
the many (semi-)conserved patterns found among the promoters.
This produces a highly multimodal, highly mode spread probability
space. This is a well known pathological condition for both classical
EM and Gibbs sampling. Our algorithm is designed specifically for
these problems.

In conditions such as these “the Gibbs sampler is unable to move
the Markov chain to another mode of equal importance because of
its inability to step over valleys of low probability” [4]. Importance
sampling approaches, due to the parallel nature, present a promi-
sing solution. “There are settings ... where Markov Chain Monte
Carlo (MCMC) has a very hard time converging ... while importance
sampling based on identical proposals manages to reach regions of
interest for the target distribution,” [18] For this reason we propose
an algorithm based on importance sampling. Specifically, we pro-
pose a sequential importance sampling / resampling (SIR) algorithm
in place of the usual E step of the EM algorithm, following [2]. This
avoids the greediness problems of classical EM, and should produce
a more robust representation of the probability landscape and hence
superior results.

The convergence difficulties with the Gibbs sampler method for
the TFBS identification problem have been recently and indepen-
dently noted in [9], who propose an alternative approach.
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1.2 Development of the Approach Let the set of such transitions observed in the st8rige
In the statistics literature SIR has long been shown usefutiata
augmentation [20]; however there the sampling distrilsuidfixed. sT 2 {w ev” S} .

Given its importance for convergence, [10] proposes a dymam

sampling distribution. They present a stochastic EM methat Using the notatiorBa.a+7—1 — Sa.7 to denote a transition of a

multiple parsing of the data set, optimising the samplirgrdiu- 7" order Markov chain, the probability of a sequen8gijs given
tion after each parse. While an improvement, for large detsithis by

is still computationally burdensome, and does not prodscagid a
convergence as possible. In [2], which considers onlinienesion, N
the authors suggest even finer updating by segmenting thesdat P (S|6¢) = HP (Si| Smax(0,i—1):i—1,00)
into blocks and updating the sampling distribution aftestelalock.
Similarly but for the batch case, [5] develops a particlefilvhich
has a stepwise evolving sampling distribution. This fineadar- £
tition and rapid sequential incorporation allows the datguickly
influence inference, and produces a tempering effect. Oapopr
sal is to use the already fine segmentation of the promotenteet
individual promoters, which should achieve these advasag

In summary, we propose an EM based algorithm due to its natu-
ral application to this latent variable mixture problemwéver, we  \hereS,., £ (). The terms irS;,i < T are calculated by appro-
propose replacing the classichl step with a Monte Carlo appro-  priate lower order Markov chains, or usually simply ignared in

ximation in order to gain robustness against multimodalityis i the given approximation, as they contribute only a smalkesfect.
very similar to data-augmentation; however to gain furtiedaust-  Thus, by exchangeability we have

ness we propose using an importance sampling method. Towesal
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multiple, semi-independent explorations of the probabiipace. ST =y

Finally, this importance sampling is performed sequelytiadith P (S]80) o Qeo’slzi—lﬁsi HT 00,y (1)
resampling) as this allows a fine data partition and the riéine = ver

advantages. This algorithm will be discussed in detail inti®a 3 ~ H Gwoizwl’ @)
below. wewT

2 MODELS where the cardinality of the s&” = 4 is simply the number of

Pbservations of the transitiapin the observed sequence.

The probabilitiesf, are the parameters of this model, and are
found empirically on a per-organism basis. Fitting the maxin
likelihood (ML) estimation [15] on the full set of promoteegions
of the organism of interest results in

The promoter region of each gene is modelled as a mixture o
background sequence and an unknown number of probalaligtic
conserved motif instancesat unknown locations. The vector of
motif instancelocations is treated as a hidden variable which is
inferred and from which the model of the motif calculatedisidec-
tion presents concise representation representationsgbénvasive {Siwsr1 ®5 C S}

model. R [{Si:ivr—1 C S} ©

2.0.1 Background Model Very little biological knowledge exists

on the nature of this sequence; and hence given the linearenat and hence the set @f" order transition probabilitie®)o ;.
of the data a Markov model of particular order is employedlyEa
efforts focused on order 0 models while increasingly higheier

models are utilised for eukaryotefRecently switching Markov
model based have been introduced [22, 9] but these are beyon

2.0.2 MotifModel The binding site motif is modelled as an inde-
pendent, non-identically distributed multinomial dibtriion. Thus
g amotifofwidthw, S = S1.., = [S1,..., 5] € ©* has likelihood

scope. w
We begin with some notation. Define the set of nucleotide sym- P(S|0) = H P (S| 0)
bols ® £ {a,c,t,g}. Furthermore, define the sequence /éf ol
nucleotidesS € @, and let sub-scripting indicate a sub-string w
operationSi.x £ [S1,...,5n],S; € ® Vi. Let the space of"*" _ Hgs_ ;
order Markov transitions be denoted by i

uT 2 6T @ ®. whered is termed the ‘position weight matrix’ and defined as

Let the probabilities of a particular transition, € U7 be written 0 = [91‘,]']1-6{17“"1”};.7'6@ (4)

asly., = P(1), with the set of all such probabilities given b . - . .
0 () P g y where; ; is the probability of observing a nucleotide of type

a in position: of the motif. This matrix is the subject of subsequent
60 = {0o,0}yecqr - inference.




In extension, the likelihood of a set @ motif instancesS =
{Sm }mep1,a, 1s found by exchangeability to be

ﬁ

w

P(s10) = [I1]0is..
m=11i=1
_ H Hal:{;m,,i:@mE[laMl}\ (5)
PpeD i=1
Similarly to (3) the ML solution of the parameters is
S Smi=¢:mel[l,M
6., — Smi=¢:me M| )

M

2.03 Mixture Model Let S = {Si,...,Sk} be a promoter
set of K promoters, each of which i& nucleotides in length,
S, = [S1,...,Sn] € ®". ConsiderS as a single sequence
modeledas a Markov chain with transition probabilitiés, with a
number of motif instancedlistributed according to an independent
multinomial model with paramete?, inserted randomly at positi-
onsA = {Ag,»} at positionsm in motifs k, wherem € [1, M|
and M, is the number of motifinstancesn promoterk.

Ignoring minor edge effects, the likelihood for this sequesiis
given through independence arguments by

P (Sal0)

P (S5]60,0,A) =~ P(S-A|00)P(Sa]0) x =——F7=
(5100.0,A) = P (S| 00)P (Sl 0) > 52

@)

where subscripts indicate sub-strings; a is the sequence with the
motif instancesit A removed and 4 is the set of motif instances
With slight abuse of notation we may define the set of nudiiesti
at positior: of all motif instancesn promoterk as

SAk,z’ £ {Sk,Ak,m‘H—l tm e [1,Mk]} € @A{k
and the set of all motifinstancesn promoterk as
Sa, 2 {Sa,, 1i€[Lw]} e (@)M*

Substituting the models, (1) and (5) into (7) we arrive atrttieture
likelihood function

{Sa,.i=¢ke[LK]}|

w gl
Hcp i=1 eimb
P (8]00,0,A) o I{Sh =¢:ke[1,K]}| ®
Al
quT Go,w

3 INFERENCE ALGORITHM

Having developed the models and likelihood functions in phe-
vious section it remains to perform inference based on thEme.
goal of this algorithm is to find the most probable mod|,of a
repeated TFBS motif supposed within a set of sequeScdis is
achieved by inferring the latent variabl&, the set of motifnstance
positions, and calculatin@ based on this. The calculation proceeds
on two levels; the upper level is a stochastic EM algorithnbéo
described in Section 3.1 within which ttie step is performed with

a Monte Carlo algorithm described in Section 3.2.

3.1 Sequential Monte Carlo EM

The EM algorithm for the latent variable problem consistsved
steps:

e Expectation (E): of the log-likelihood function

Q (0 ‘é(m),s) By, l0g L° (8]S, A)) 9)

[ 102 (5. A10)1 (100 S)aA

e Maximisation (M): with respect t&@

Biminy = agmaxQ(0]0n,S)  (10)

which are iterated untf) converges.

For theE step we propose a sequential Monte Carlo (SMC) EM
method, using the natural segmentatiorBahto promotersS;, and
hence sampling via SIS/R. We approximate (9) by

(oo ) < v (o5 A%)
AD — g(AD)

The Monte Carlo aspect of this process is described in Se8t®
below. In each EM iteration, ona@(-|-, -) formed it must be maxi-
mised. This is done by first initialising to the weighted average
of each particle'§) and proceeding with simulated annealing. Then
0,11 is set to the maximum value @, and the next EM ite-
ration commences. The resulting full algorithm is sumneatis
Algorithm 1.

3.2 Monte Carlo Integration

As it is a non standard technique we very briefly review the tdon
Carlo method here; further details are provided in [1, 18hnté
Carlo integration is the use of computational techniquegetterate

a set of sampleX ) in order to approximate a probability measure
m(dx), with an empirical measurg(dx). Under certain conditions
the integral

E.[h(X)] = / h(z)r(da), (12)
X
may be approximated with
. im 1 :
I Zl h(z), 13)
J=

whereaz(j)’ are independently sampled from{z). Thus if one can
samplez’) — 7 (z) and evaluaté(z), V2 € X one may perform
this integral numerically.

3.2.1 Importance Sampling A particular method of sampling is
to recast (12) as

Ex[h(X)] :/Xh(x)w(dx)

| @)

It is apparent that by sampling!?) — g(z) (termed the import-

ance distribution) and weighting hy(z) £ ’;g; (the importance

w(z)

_ m(x)
g(z)

g(dx). (14)
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weights) one may approximate

1 T ZE(]) j
- & L I ha)

j=1

E.[h(X)] ~ hy

(15)

provided that supfy) O supg). This technique is called import-
ance sampling.

3.2.2 Sequential Importance Sampling (S In high dimensio-
nal problems it is difficult to find a good importance disttion.
Sequential importance sampling solves this problem bydmgl
samples from the trial distribution sequentially by dimens
Decomposex into its dimensionsk = (z1,...,zq) and letxy., =
(z1,---,zx), wherek < d indicate all the dimensions up to and
including k. Then the importance distribution may be written

g(x1:0) = g1(@1)g2(z2]|21)gs(w3|x1:2) - - - ga(walx1:0-1)-

This allows the importance weight to be written

7T(X1;d71)
Wd—1 = (16)
HZ:l gk(xk|xl:k71) '
and hence to be calculated sequentially according to
Wi = Wk—1 m(x1:k) (17)

W(Xlzk—l)gk (fEk|X1;k—1) '

3.3 Sequential Latent Variable Algorithm

Consider sequential importance sampling for inferencééndase
of latent variables. Following [17], let the dataset coraprdbserved
and missing data = (Xobs, Xmis) ~ f(Xobs, Xmis|0) with a para-

meter priorf(9). The problem at hand is to maximise the posterior Wk = Wk—1P (SklArk-1,81:6-1)

F(0]x4p5). By marginalisation

FOon) = [ PO Xone) s e (18)
This integral is a clear candidate for Monte Carlo solutiathw

f(alx'mi37 Xobs) =

f(xmis ‘Xobs) =

So by samplingxm:s < f(Xmis|Xops) We may solve the inte-
gral (18), producing an empirical posterior distributiamétion.

Given the dimensionality, dimension-wise sequential irtgoace

sampling is appropriate. If we choose the sampling fundiidme

g(xmis,k) = f(xmis,k: Xobs,l:k7xmis,l:k—l)7 (19)

then from equation (17) the weight recursion is solved as

T (X1:%)
7Tk—1(Xl:k—l)gk(fﬂk|xl:k—1)

W = Wk-—1

f (xobs,k|xmis,1:k—l7 Xobsﬁl:k—l)
f(xobs,k|xobs,1:k71)

= Wg-1
X wk—lf (xobs,k|xmis,1:k—l7 Xobsﬁl:k—l) .
Thus the weight is updated sequentially as

Wk = We—1f (Tobs,k[Xobs,k—1, Xmis,k—1)- (20)

3.4 Framing of TFBS-ID as a Sequential Latent
Variable Problem

The TFBS-ID problem is clearly amenable to the sequenttahta
variable treatment outlined above. Beginning with the peater
estimation for a fixed motif modeW;

p(6: M. S) = / p(0:M:,S, A)p(AIM,.S)dA.  (21)

By setting
p(elth S7 A) = f(G‘Ymi37yObs) = h(X)
p(A‘Mh S) = f(ymis|yobs) = 7T(X)

we may invoke the latent variable framework, if we can sample
A — p(A|M;,S). Using the sequential framework we may
sample from equation (19)

Tmis,k < g(xmis,k) = f(xmis,k|xobs,l:k:7 Xmis,l:k—l)

= f(Ak|Slzk7A1:k—1)7 (22)
and evaluate the weighting recursion (20)
W = wk—lf(xobs,k:|xobs,l:k:—17 Xmis,l:k:—l)
= wkflf(sk|sl:k—17A1:k—l)- (23)

In this section we will derive these equations.

34.1 The Weighting Function Consider marginalising the
weighting function developed as equation (23) with respedhe
discrete latent variable,

(24)
- / (St ArlS1_1, Arr_1)dAr

= Wk_1 Z P(Ak|Stie—1, A1:k—1)p(Sk|S1:k—1, A1:k),
AncAg

where A, is the set of all possible alignments in promater
We assume thaA ;; is independent oA _; as there is no reason

to believe that in any given collection of promoters, thescrip-
tion factors will bind in a related way between the promat&ame
transcription factors do display a position dependant ibpdvith
respect to the transcription start site; however this magdoeunted
for in the p(Ax) term in (29). Thus, in the absence of the promo-
ter dataSy, we may take the first term in equation (24) as flat and
absorb it into proportionality.

Wk OC W —1 Z P(Sk|S1:k—1, A1), (25)
ApeAy,

The term under summation may be solved by realising that the
only information that(Si.,—1,A1.x—1) contributes to inference

at dimensionk is an estimate of the model parametés The
maximum likelihood (ML), of (6) whereS = Sa, is

~ |{SA1¢,¢ = (15 A € Al;k}‘ -+ N(m)é<m)7i’¢

0; 6 = 26
? [Avk| + Nim) (26)

By substituting this into (8) we arrive at the likelihood fiion
P(Sk|6, Ay), which is substituted into equation (25) allowing us




to write the unnormalised weighting function as

AHSA =0}
H¢E<1> Hz 1 1(/> "~
W = Wk—1 Z \{SA m—y (27)
A A Hwel/T 901/) k

For simple models (a low number of motifs considered per jgrom
ter) this summation may be performed exhaustively, andishise
technique adopted in the proposed algorithm.

3.4.2 The Sampling Function Upon substitution of the model,
the sampling distribution for the missing data in (22) beesm

Ay — g(Ar) = f(Ar|S1ik, Arik—1). (28)

Through Bayes’ rule we can manipulate

9(Ax) = f(Ax|S1:k, Ar:r—1)

~ f(Sk|Stk—1, Ark) f(Ak|S1:k—1, Arik—1)
f(Sk|Slzk717 Al:kfl)

o f(Ar)f(Sk|S1:k—1,ALk).

(29)

The first term is the prior on the binding site, which can reaty
be taken as flat. The second term is again the likelihood im¢8),
thus

§15A0i=0)]
e T2, 055"

9(Ax) o = 1\{s<25 m—Y (30)
H‘IJT 0,7

As it is discrete, sampling this function is trivial throughver-
sion sampling. Furthermore, it is computationally coneeni as it
is required in the particle weighting (27) and hence neeg bsl
calculated once.

4 RESULTS AND DISCUSSION
4.1 Semi Synthetic

In order to observe the properties of the proposed algorittarton-
trolled setting, we have constructed a semi-syntheticgestThis
allows the algorithm to be tested in an environment wherertbeel
assumptions are met, thus examining the algorithm, rattaer the
models. Furthermore, as the ground truth for this scenafodwn
it is possible to assign true performance measures to tlogithig.

The test-set consists of several subsets, each of whicha$ a ¢

lection of artificial promoters, with a background of nudldes
generated according to human 11D frequencies, into whietireger-
ted one, or two real binding sites for CRP (catabolite remept
protein
differentiated by an artificial reduction of the informaticontent of
binding site. This is achieved by sequentially altering lbireding
site model until it is the background model. Thus the tettea-
sists of sets of promoters, each of which has a differentinéion
content.

We tested this semi-synthetic set with both our algorithiBNI$
and AlignAce [13] which makes identical model assumptionisi®
Gibbs sampler based. This is done as the thesis of this papeati
the Gibbs sampler should present inferior convergenceddrtre
mode, due to multimodality. The results of this test are shaw
Figure 1, which display the true positive and true negatat®s of

Algorithm 1: The SMC EM Algorithm
/'l Setup
Set for P particles 0%’)’ s,
/1 EMIterations

for m € [1, M] do

/1 lteration over particles

for p € [1, P] do

/1 lteration over

for k € [1,|Sk|] do

/| Sample | atent var.
Is

N(O) = O

pronot ers

with Eq.
5/ (5a.=}]
i=1 1(1)
{sh =w}
H\I/T O,wAk
/'l Weight particle using Eq. (27)
{SA, i=¢}
[Tyco :‘,uleLd)Ak’
I{sA
pewT 90 P

(28)

(p) L AL ~

u;ﬂp)

X DA, ca, 2=

(P)

wk (p)

— wk_
B Updatee(m)
| Resampleif neccessary
Maximize

0,, = arg maxg Z

( )

(i)
1wé

log L (9 )3, A(}?)

Return 0y,

0.9

08F —>— SEM True Positive

—+— SEM False Positive
—A— AlignACE True Positive
—<&— AlignACE False Positive

0.6

0.5F

Ratio

i i i
100 120 160

Information (nats)

0 4
40 60 80

Fig. 1. TFBS Semi-Synthetic Data ResultsThis graph is plotted with

[24]) at random locations. Each subset of the test-set isnformation contents (in nats) on the x-axis and perforreametric on the

y-axis. It demonstrates the superior performance of the Slgjdrithm in
terms of higher true positive ratio and lower false positao, especially at
low information content.

the two algorithms as a function of the varying informati@mtent.
Here the true and false counts are with respect to the nigesot
This graph highlights two important characteristics of &éhgo-
rithms. The first concerns the robustness of the true pesititio.
At information content above approximately 120 nats (infation
content with logs taken to the natural number base) the igthgos
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are indistinguishable. However, the AlignAce algorithmlapses Margin Length
sharply, such that by 80 nats it makes no true predictionslewh 100 300 500
the SEM algorithm is still 80% correct, and only falls to 0%eir Sn [Sp |[Sn |Sp |Sn |Sp
positive by 60 nats. At virtually all points the SEM algoritrhas a AlignAce 0.20| 0.22| 0.14| 0.17| 0.10| 0.12
higher true positive ratio than the Gibbs sampler. BioProspector] 0.35| 0.28 | 0.26 | 0.21| 0.22| 0.16

The second important feature is the false positive ratioaitg MDScan 0.35|0.26| 0.28| 0.22| 0.24| 0.18
at virtually every point the SEM has a lower false positiviara MEME 0.28| 0.34| 0.20| 0.28| 0.15| 0.22
than AlignAce. More important is the failure mode of the altion. MotifSampler | 0.32| 0.24] 0.18 | 0.14| 0.15| 0.08
Below 80 nats AlignAce makes no true calls, yet continues a&en SMC Flat 0.39| 0.35/ 0.34| 0.30| 0.21 0.19
false calls. SEM however fails into silence - when the trusitpe SMC O(0) 0.38| 0.34| 0.11| 0.10| 0.04| 0.04
falls to zero, so does the false positive. This is becausaltfrgithm SMC O(3) 0.43| 0.39| 0.15| 0.14 | 0.07| 0.07
will favour the case of no binding sites present, and hendenake  Table 1. Performance SummaryThis table compares the specificity (Sp)
no (true or false) predictions. and sensitivity (Sn) across the set between existing dlgns and the

This is intentionally the simplest data case, in order taudje proposed algorithm using” and3”¢ order Markov background models
demonstrate the superior ability of the proposed algorithfind a
solution that is known to exist. Although the data set is deetl,
this example illustrates the superior performance of ttepased
algorithm by controlling for obscuring effects that the moealistic
tests to follow will introduce.

4.2 Full Ecoli K12 Set

A recent comparative study of motif finding algorithms [11py-
des an interesting benchmark of competitive algorithmdubted in
this study is a data set consisting of laboratory verifiedlinig sites
for 82 motifs from thek coli K12 organism. Each example of each
motif is aligned, with a margin of the flanking nucleotidetaieed

on each end. There are several sets where the length of tlggnmar
varies from 100 to 800 nucleotides. This provides a gooddatt
set as the true position of the binding site in each sequera®ivn,
yet the data are not synthetic.

Specificity Comparison

Specificity (units)

421 Results The dataset is initially filtered to remove binding

. . N Q0P oo Do) v S O QDL <O 5 X Lo T Dy
sites with fewer than two examples and to remove overlapping ﬁg"ﬁéﬁﬁ@éguzg%g%%&w ek ks

sequences of the genome. Each of the remaining sets hasureen r

through the proposed algorithm and in each case five motife ha iy 2 specificity ComparisonThis graph shows the specificity for each

been requested. The results are reported for that with tigebt  transcription factor individually, under two backgroundodelslat and

specificity. The algorithm is tested with SMC O(3) It also plots theAT content of the true motif. It demonstrates
Table 1 below reports the algorithmic performance on thiadat  the deleterious effect that high7" content exerts of specificity.

at various margin lengths and with a background model ofingry

order. Sensitivity and specificity are as usual defined by

TP o TP well by the algorithm. By ordering the transcription factry speci-
TPLFN’ Specificity = TPLFP ficity with 0*" order background we group them according to some
such set of characteristics. Hence neighbouring trartsmmifactors
whereT P, FN andF' P are the nucleotide true positive, false nega- on the abscissa of this plot are in some sense similarly diffto
tive and false positive counts. The performance of the coatpa find according to this large set unknown set of factors. Pigtthe
algorithms is reproduced from [11]. This table shows thetasble  specificity of the model with 8¢ order background with the same
performance of the algorithm with respect to competing ttigms ordering we see that above approximat2lfs specificity the per-
when the SMC algorithm uses a flat background model. The higheformance of the algorithm is similar for most transcriptfactors,
order models obtained from [6] display rapidly decreasiegq- except for being unable to find many. The final curve on this plo
mance. This is unexpected and explored below. The effedtef t shows theAT' content and it is seen that transcription factors with
background model is displayed in Figures 2 below, whichldigp  high AT content relative to nearby transcription factors are iden-
the specificity of the algorithm with a 300 nucleotide margiith tically those that the algorithm is unable to find wit8% order
aflat, and3"* order Markov background for each transcription fac- background.
tor. In addition the percentage ¢f and7 nucleotides in the true This is because polyt, poly-T" sequences and polyt7" repeats
binding site is plotted, which we call th&T" content henceforth. occur often in intergenic regions. Hence these transitiwababili-
The performance of the flat background model is unexpectediyies are highly weighted in th&f? order background model that has
superior to that of thé”? order Markov background. The reason, as been fitted to intergenic sequences. Consequently, whenlatihg
figure 2 shows, is thelT' content, which we now explain. There are the moitif likelihood according to equation (8), true motifish these
several (mostly unknown) factors that allow a motif to beogrised  patterns will score a low probability. This explains thisbeiour.

Sensitivity=
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Fig. 3. CRP Logos.On the top is the reference CRP Moaitif. This is the motif
logo generated from a different reference data set [1948fbinding sites
for the CRP TF irE. coli K12. In the centre is the true motif in this test set.
Although the same in form, it is clearly less conserved. Tweel motif is
that inferred by the algorithm. The algorithm is visibly prible to find well
conserved motifs. Produced with WebLogo [7].

In addition, the signal strength of the logos is of interdst.
the supplementary materials we provide the Kullback-leziliver-
gence, or cross entropy between the empirical true- andrate

higher organisms, such as mammalians, will require thetisoltio
this problem.

6 ACKNOWLEDGEMENTS

The authors thankMr Adam Johansen for his frequent discussions
and corrections, and Dr Arnaud Doucet for his valuable input

REFERENCES

[1]C. Andrieu. Monte Carlo Methods for Absolute Beginnersecture Notesin
ComputerScience, pages 113-145, 2004.

[2]C. Andrieu and A. Doucet. Online expectation-maximiaattype algorithms
for parameter estimation in general state space model2rdoeedingof the
InternationalConferenceon Acoustics SpeechandSignalProcessing, 2003.

[3]T.L. Bailey and C. Elkan. Fitting a mixture model by expegton maximization
to discover motifs in biopolymers. IRroceedingof the Secondinternational
conferencen intelligentsystemdor molecularbiology, 1994.

[4]G. Celeux, M. Hurn, and C.P. Robert. Computational arfdremtial difficul-
ties with mixture posterior distributions.Journal of the American Statistical
Association, 95, 2000.

[5IN. Chopin. A sequential particle filter method for statimdels. Biometrika,
89:539-552, 2002.

[6]B. Coessens, G. Thijs, S. Aerts, K. Marchal, F. De SmeEkgelen, P. Glenisson,
Y. Moreau, J. Mathys, and B. De Moor. INCLUSive: a web portadl &ervice
registry for microarray and regulatory sequence analjdigleicAcidsResearch,
31(13):3468-3470, 2003.

[7]G.E. Crooks, G. Hon, J.M. Chandonia, and S.E. Brennebl\Wgo: A Sequence
Logo GeneratorGenomeResearch, 14:1188-1190, 2004.

[8]A.P. Dempster, N.M Laird, and D.B Rubin. Maximum liketibd from incom-
plete data via the EM algorithm (with discussiodpurnalof the Royal Statistical
Society,SeriesB, 39:1-38, 1977.

[9]T.A. Down and T.J.P. Hubbard. NestedMICA: sensitiveengince of over-
represented motifs in nucleic acid sequemtacleicAcids Research, 33(5):1445—
1453, 2005.

[10]C.J. Geyer. Estimation and optimization of functioria. Markov ChainMonte
Carloin Practice, 1996.

[11]3. Hu, B. Li, and D. Kihara. Limitations and potentialsonirrent motif discovery
algorithms.Bioinformatics, 33, 2005.

motifs. We also plot the motif logos, which present the same [12]3.D Hughes, P.W. Estep, S. Tavazoie, and G.M. Churchmyational identi-

information graphically, for CRP only below. .
From these logos, which are a graphical representatiod of

several points may be made. Although CRP has a very well defi-

ned and clear reference logo in the literature, it is not ceffitly
conserved in this data set for the logo to be very clear, Ei§uAs
all the binding sites in this set represent actual binditgssithis
speaks to the faintness of the sought after signal in peactic

5 CONCLUSION

We have identified a problem in the current algorithmic appro
ches to transcription factor binding site identificatiorsang from
the irregularity of the probability space. The effect ofstproblem
is that single line of search algorithms, such as the Gibasis

ler, may easily become trapped in local modes, leading ta poo

fication of cis-regulatory elements associated with groefgfsinctionally related
genes in saccharomyces cerevisideurnalof MolecularBiology, 296(5):1205—
14, 2000.

[13]3.D. Hughes, P.W. Estep, S. Tavazoie, and G.M. Churahmplitational identi-
fication of cis-regulatory elements associated with graefgfsinctionally related
genes in Saccharomyces cerevisidévol. Biol, 296(5):1205-1214, 2000.

[14]S.T. Jensen, X.S. Liu, Q. Zhou, and J.S. Liu. Computatiaiscovery of gene
regulatory binding motifs: A Bayesian perspecti@tatisticalScience, 19:188—
204, 2004.

[15]T. Koski. Hidden Markov Models for Bioinformatics.
Publishers, 2001.

[16]C.E. Lawrence, S.F. Altschul, M.S. Boguski, J.S. Liu, A Neuwald, and J.C.
Wootton. Detecting subtle sequence signals: A Gibbs sagpdirategy for
multiple alignment.Science, 262:208-214, 1993.

[17]3.S. Liu. Monte Carlo Strategiesn ScientificComputing . Springer, 2001.

[18]C.P. Robert and G. Casellionte CarlostatisticalMethods. Springer, 2004.

[19]K. Robison, A.M. Mcguire, and G.M. Church. A Comprehiged_ibrary of DNA-
binding Site Matrices for 55 Proteins Applied to the Comgl&ischerichia coli
K-12 Genome Journalof MolecularBiology, 284(2):241-254, 1998.

Kluwer Academic

performance. To overcome this problem we have proposedch bat [20]D.B. Rubin. The calculation of posterior distributiiby data augmentation:

setting SMC EM algorithm that benefits from having many iretep
dent, parallel searches, which by covering the alignmestespore
comprehensively return higher performance. We have detrated
this increased performance with both semi-synthetic abagerue
sequence data fror. coli. A strong observation from this work
is that the main problem in inference problems in this fielthis
modelling. Specifically, there is difficulty in defining artuss fitting
the background model, and hence inference in general isedgve

inhibited. The successful extension of this TFBS identification to

Comment: A noniterative sampling/importance resampliteriaative to the data
augmentation algorithm for creating a few imputations wfrantions of missing
information are modest: the SIR algorithndournalof the American Statistical
Association, 82, 1987.

[21]M. Tanner and W. Wong. The calculation of posterior wlsttions by data
augmentationJournalof the AmericanStatisticalAssociation, 82:528-550, 1987.

[22]W. Thompson, E. Roucha, and C.E Lawrence. Gibbs Re@i&mpler: finding
transcription factor binding sitesNucleic Acids Research, 31(13):3580-3585,
2003.

[23]3.D. Watson, T.A. Baker, S.P. Bell, A. Gann, M. Levinedd&. Losick.Molecular
Biology of theGene. Cold Spring Harbour Laboratory Press, 2004.




Edmund S. Jackson®, William J. Fitzgerald

[24]E. Wingender, X. Chen, R. Hehl, H. Karas, I. Liebich, Vais, T. Meinhardt, expression regulatioNucleic Acids Research, 28(1):316-319, 2000.
M. Praf3, I. Reuter, and F. Schacherer. TRANSFAC: an intedraystem for gene






