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1.2 Development of the Approach
In the statistics literature SIR has long been shown useful for data
augmentation [20]; however there the sampling distribution is fixed.
Given its importance for convergence, [10] proposes a dynamic
sampling distribution. They present a stochastic EM methodwith
multiple parsing of the data set, optimising the sampling distribu-
tion after each parse. While an improvement, for large data sets this
is still computationally burdensome, and does not produce as rapid a
convergence as possible. In [2], which considers online estimation,
the authors suggest even finer updating by segmenting the data set
into blocks and updating the sampling distribution after each block.
Similarly but for the batch case, [5] develops a particle filter which
has a stepwise evolving sampling distribution. This fine data par-
tition and rapid sequential incorporation allows the data to quickly
influence inference, and produces a tempering effect. Our propo-
sal is to use the already fine segmentation of the promoter setinto
individual promoters, which should achieve these advantages.

In summary, we propose an EM based algorithm due to its natu-
ral application to this latent variable mixture problem. However, we
propose replacing the classicalE step with a Monte Carlo appro-
ximation in order to gain robustness against multimodality. This is
very similar to data-augmentation; however to gain furtherrobust-
ness we propose using an importance sampling method. This allows
multiple, semi-independent explorations of the probability space.
Finally, this importance sampling is performed sequentially (with
resampling) as this allows a fine data partition and the itinerant
advantages. This algorithm will be discussed in detail in Section 3
below.

2 MODELS
The promoter region of each gene is modelled as a mixture of
background sequence and an unknown number of probabilistically
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 calculated. This sec-
tion presents concise representation representation of this pervasive
model.

2.0.1 Background Model Very little biological knowledge exists
on the nature of this sequence; and hence given the linear nature
of the data a Markov model of particular order is employed. Early
efforts focused on order 0 models while increasingly higherorder
models are utilised for eukaryotes.Recently switching Markov
model based have been introduced [22, 9] but these are beyondour
scope.

We begin with some notation. Define the set of nucleotide sym-
bols Φ , {a, c, t, g}. Furthermore, define the sequence ofN

nucleotidesS ∈ ΦN , and let sub-scripting indicate a sub-string
operation,S1:N , [S1, . . . , SN ] , Si ∈ Φ ∀i. Let the space ofT th

order Markov transitions be denoted by

ΨT
, ΦT ⊗Φ.

Let the probabilities of a particular transition,ψ ∈ ΨT , be written
asθ0,ψ , P(ψ), with the set of all such probabilities given by

θ0 , {θ0,ψ}ψ∈ΨT .

Let the set of such transitions observed in the stringS be

S
T

,

n

ψ ∈ ΨT : ψ ⊂ S
o

.

Using the notationSa:a+T−1 → Sa+T to denote a transition of a
T th order Markov chain, the probability of a sequence,S, is given
by

P (S| θ0) =
N

Y

i=1

P (Si|Smax(0,i−T ):i−1, θ0)

,

N
Y

i=1

θ0,Smax(0,i−T ):i−1→Si

≈
N

Y

i=T

θ0,Si−T :i−1→Si

whereS0:0 , ∅. The terms inSi, i < T are calculated by appro-
priate lower order Markov chains, or usually simply ignored, as in
the given approximation, as they contribute only a small edge effect.
Thus, by exchangeability we have

P (S| θ0) ∝
Y

i≤T

θ0,S1:i−1→Si

Y

ψ∈ΨT

θ
|ST=ψ|
0,ψ (1)

≈
Y

ψ∈ΨT

θ
|ST=ψ|
0,ψ , (2)

where the cardinality of the setST = ψ is simply the number of
observations of the transitionψ in the observed sequence.

The probabilities,θ0, are the parameters of this model, and are
found empirically on a per-organism basis. Fitting the maximum
likelihood (ML) estimation [15] on the full set of promoter regions
of the organism of interest results in

θ̂0,Si:i+T−1→s =
|{Si:i+T−1 ⊗ s ⊂ S}|

|{Si:i+T−1 ⊂ S}|
(3)

and hence the set ofT th order transition probabilities,θ0,ψ.

2.0.2 Motif Model The binding site motif is modelled as an inde-
pendent, non-identically distributed multinomial distribution. Thus
a motif of widthw, S = S1:w = [S1, . . . , Sw] ∈ Φw has likelihood

P (S| θ) =

w
Y

i=1

P (Si| θ)

=

w
Y

i=1

θSi,i

whereθ is termed the ‘position weight matrix’ and defined as

θ = [θi,j ]i∈{1,...,w};j∈Φ (4)

whereθi,j is the probability of observing a nucleotide of typej
in positioni of the motif. This matrix is the subject of subsequent
inference.
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In extension, the likelihood of a set ofψMψ motif instances,←S← =
{Sm}m∈[1,M], is found by exchangeability to be

P (S|θ) =
M
Y

m=1

w
Y

i=1

θi,Sm,i

=
Y

φ∈Φ

w
Y

i=1

θ
|{Sm,i=φ:m∈[1,M]}|
i,φ (5)

Similarly to (3) the ML solution of the parameters is

θ̂i,φ =
|{Sm,i = φ : m ∈ [1,M ]}|

M
. (6)

2.0.3 Mixture Model Let S = {S1, . . . ,SK} be a promoter
set ofK promoters, each of which isN nucleotides in length,
Sk = [S1, . . . , SN ] ∈ ΦN . ConsiderS as a single sequence
modeledas a Markov chain with transition probabilities θ 0 

, with a
number of motif instancesdistributed according to an independent
multinomial model with parameterθ, inserted randomly at positi-
onsA = {Ak,m} at positionsm in motifs k, wherem ∈ [1,Mk]
andψMkψ

is the number of motifinstancesin promoterψkψ.
Ignoring minor edge effects, the likelihood for this sequence is

given through independence arguments by

P (S|θ0, θ,A) ≈ P (S−A| θ0)P (SA| θ) ∝
P (SA| θ)

P (SA| θ0)
(7)

where subscripts indicate sub-strings;S−A is the sequence with the
motif instancesat A removed and←S←A 

is the set of motif instances.
With slight abuse of notation we may define the set of nucleotides
at positionψiψ of all motif instancesin promoterψkψ as

SAk,i ,
˘

Sk,Ak,m+i−1 : m ∈ [1,Mk]
¯

∈ ΦMk

and the set of all motifinstancesin promoterψkψ as

SAk
,

˘

SAk,i
: i ∈ [1, w]

¯

∈ (Φw)Mk

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

P (S|θ0, θ,A) ∝

Q

Φ

Qw

i=1 θ
|{SAk,i

=φ:k∈[1,K]}|

i,φ

Q

ΨT θ
|{ST

Ak
=ψ:k∈[1,K]}|

0,ψ

. (8)

3 INFERENCE ALGORITHM
Having developed the models and likelihood functions in thepre-
vious section it remains to perform inference based on them.The
goal of this algorithm is to find the most probable model,θ̂, of a
repeated TFBS motif supposed within a set of sequencesS . This is
achieved by inferring the latent variable, A, the set of motifinstance
positions, and calculatinĝθ based on this. The calculation proceeds
on two levels; the upper level is a stochastic EM algorithm tobe
described in Section 3.1 within which theE 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 consists oftwo
steps:

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

Q
“

θ

˛

˛

˛
θ̂(m),S

”

= Eθ̂(m)
[logLc (θ|S ,A)] (9)

=

Z

A

log f(S ,A|θ)f(A|θ̂(m),S)dA

• Maximisation (M): with respect toθ

θ̂(m+1) = arg max
θ
Q

“

θ

˛

˛

˛
θ̂(m),S

”

(10)

which are iterated until̂θ converges.
For theE step we propose a sequential Monte Carlo (SMC) EM

method, using the natural segmentation ofS into promotersSk and
hence sampling via SIS/R. We approximate (9) by

Q̂
“

θ

˛

˛

˛θ̂(m) ,S
”

∝
PP

i=1 w
(i) logLc

“

θ

˛

˛

˛S ,A(i)
”

(11)

A(i) ← g(A(i))

The Monte Carlo aspect of this process is described in Section 3.2
below. In each EM iteration, oncêQ(·|·, ·) formed it must be maxi-
mised. This is done by first initialisingθ to the weighted average
of each particle’ŝθ and proceeding with simulated annealing. Then
θ̂(m+1) is set to the maximum value ofθ, and the next EM ite-
ration commences. The resulting full algorithm is summarised in
Algorithm 1.

3.2 Monte Carlo Integration
As it is a non standard technique we very briefly review the Monte
Carlo method here; further details are provided in [1, 18]. Monte
Carlo integration is the use of computational techniques togenerate
a set of samplesX(j) in order to approximate a probability measure
π(dx), with an empirical measurẽπ(dx). Under certain conditions
the integral

Eπ[h(X)] =

Z

X

h(x)π(dx), (12)

may be approximated with

h̄N =
lim

N →∞
1

N

N
X

j=1

h(x(j)), (13)

wherex(j) are independently sampled fromπ(x). Thus if one can
samplex(j) ← π(x) and evaluateh(x),∀x ∈ X one may perform
this integral numerically.

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

Eπ[h(X)] =

Z

X

h(x)π(dx)

=

Z

X

h(x)
π(x)

g(x)
g(dx). (14)

It is apparent that by samplingx(j) ← g(x) (termed the import-
ance distribution) and weighting byw(x) ,

π(x)
g(x)

(the importance
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weights) one may approximate

Eπ[h(X)] ≈ h̄N =
1

N

N
X

j=1

π(x(j))

g(x(j))
h(x(j)) (15)

provided that supp(g) ⊃ supp(π). This technique is called import-
ance sampling.

3.2.2 Sequential Importance Sampling (SIS) In high dimensio-
nal problems it is difficult to find a good importance distribution.
Sequential importance sampling solves this problem by building
samples from the trial distribution sequentially by dimension.
Decomposex into its dimensionsx = (x1, . . . , xd) and letx1:k =
(x1, · · · , xk), wherek ≤ d indicate all the dimensions up to and
includingk. Then the importance distribution may be written

g(x1:d) = g1(x1)g2(x2|x1)g3(x3|x1:2) · · · gd(xd|x1:d−1).

This allows the importance weight to be written

wd−1 =
π(x1:d−1)

Qd

k=1 gk(xk|x1:k−1)
, (16)

and hence to be calculated sequentially according to

wk = wk−1
π(x1:k)

π(x1:k−1)gk(xk|x1:k−1)
. (17)

3.3 Sequential Latent Variable Algorithm
Consider sequential importance sampling for inference in the case
of latent variables. Following [17], let the dataset comprise observed
and missing datax = (xobs,xmis) ∼ f(xobs,xmis|θ) with a para-
meter priorf(θ). The problem at hand is to maximise the posterior
f(θ|xobs). By marginalisation

f(θ|xobs) =

Z

f(θ|xmis,xobs)f(xmis|xobs)dxmis (18)

This integral is a clear candidate for Monte Carlo solution with

f(θ|xmis,xobs) = h(x)

f(xmis|xobs) = π(x).

So by samplingxmis ← f(xmis|xobs) we may solve the inte-
gral (18), producing an empirical posterior distribution function.
Given the dimensionality, dimension-wise sequential importance
sampling is appropriate. If we choose the sampling functionto be

g(xmis,k) , f(xmis,k|xobs,1:k,xmis,1:k−1), (19)

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

wk = wk−1
πk(x1:k)

πk−1(x1:k−1)gk(xk|x1:k−1)

= wk−1
f (xobs,k|xmis,1:k−1,xobs,1:k−1)

f(xobs,k|xobs,1:k−1)

∝ wk−1f (xobs,k|xmis,1:k−1,xobs,1:k−1) .

Thus the weight is updated sequentially as

wk = wk−1f(xobs,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 sequential latent
variable treatment outlined above. Beginning with the parameter
estimation for a fixed motif modelMi

p (θi|Mi,S) =

Z

p (θi|Mi,S,A) p (A|Mi,S)dA. (21)

By setting

p (θi|Mi,S,A) = f(θ|ymis,yobs) = h(x)

p (A|Mi,S) = f(ymis|yobs) = π(x)

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

xmis,k ← g(xmis,k) , f(xmis,k|xobs,1:k,xmis,1:k−1)

= f(Ak|S1:k,A1:k−1), (22)

and evaluate the weighting recursion (20)

wk = wk−1f(xobs,k|xobs,1:k−1,xmis,1:k−1)

= wk−1f(Sk|S1:k−1,A1:k−1). (23)

In this section we will derive these equations.

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

wk = wk−1p (Sk|A1:k−1,S1:k−1) (24)

= wk−1

Z

p(Sk,Ak|S1:k−1,A1:k−1)dAk

= wk−1

X

Ak∈Ak

p(Ak|S1:k−1,A1:k−1)p(Sk|S1:k−1,A1:k),

whereAk is the set of all possible alignments in promoterk.
We assume thatAk is independent ofAk−1 as there is no reason

to believe that in any given collection of promoters, the transcrip-
tion factors will bind in a related way between the promoters. Some
transcription factors do display a position dependant binding with
respect to the transcription start site; however this may beaccounted
for in thep(Ak) term in (29). Thus, in the absence of the promo-
ter dataSk, we may take the first term in equation (24) as flat and
absorb it into proportionality.

wk ∝ wk−1

X

Ak∈Ak

p(Sk|S1:k−1,A1:k), (25)

The term under summation may be solved by realising that the
only information that(S1:k−1,A1:k−1) contributes to inference
at dimensionk is an estimate of the model parametersθ̂. The
maximum likelihood (ML),θ̂ of (6) whereS = SAk

is

θ̂i,φ =
|{SAk,i = φ : Ak ∈ A1:k}|+N(m)θ̂(m),i,φ

|A1:k|+N(m)

(26)

By substituting this into (8) we arrive at the likelihood function
P (Sk|θ̂, Ak), which is substituted into equation (25) allowing us
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to write the unnormalised weighting function as

wk = wk−1

X

Ak∈Ak

Q

φ∈Φ

Qw

i=1 θ̂
|{SAk,i

=φ}|

i,φ

Q

ψ∈ΨT θ
|{ST

Ak
=ψ}|

0,ψ

. (27)

For simple models (a low number of motifs considered per promo-
ter) this summation may be performed exhaustively, and thisis the
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) becomes:

Ak ← g(Ak) = f(Ak|S1:k,A1:k−1). (28)

Through Bayes’ rule we can manipulate

g(Ak) = f(Ak|S1:k, A1:k−1)

=
f(Sk|S1:k−1, A1:k)f(Ak|S1:k−1,A1:k−1)

f(Sk|S1:k−1, A1:k−1)

∝ f(Ak)f(Sk|S1:k−1, A1:k). (29)

The first term is the prior on the binding site, which can reasonably
be taken as flat. The second term is again the likelihood function (8),
thus

g(Ak) ∝

Q

Φ

Qw

i=1 θ̂
|{SAk,i

=φ}|

i,φ

Q

ΨT θ
|{ST

Ak
=ψ}|

0,ψ

. (30)

As it is discrete, sampling this function is trivial throughinver-
sion sampling. Furthermore, it is computationally convenient, as it
is required in the particle weighting (27) and hence need only be
calculated once.

4 RESULTS AND DISCUSSION

4.1 Semi Synthetic
In order to observe the properties of the proposed algorithmin a con-
trolled setting, we have constructed a semi-synthetic test-set. This
allows the algorithm to be tested in an environment where themodel
assumptions are met, thus examining the algorithm, rather than the
models. Furthermore, as the ground truth for this scenario is known
it is possible to assign true performance measures to the algorithm.

The test-set consists of several subsets, each of which is a col-
lection of artificial promoters, with a background of nucleotides
generated according to human IID frequencies, into which are inser-
ted one, or two real binding sites for CRP (catabolite receptor
protein [24]) at random locations. Each subset of the test-set is
differentiated by an artificial reduction of the information content of
binding site. This is achieved by sequentially altering thebinding
site model until it is the background model. Thus the test-set con-
sists of sets of promoters, each of which has a different information
content.

We tested this semi-synthetic set with both our algorithm (SEM)
and AlignAce [13] which makes identical model assumptions but is
Gibbs sampler based. This is done as the thesis of this paper is that
the Gibbs sampler should present inferior convergence to the true
mode, due to multimodality. The results of this test are shown in
Figure 1, which display the true positive and true negative ratios of

Algorithm 1 : The SMC EM Algorithm

// Setup

Set forP particles:θ̂(p)(0) ,w(p)
0 , N(0) = 0

// EM Iterations
for m ∈ [1,M ] do

// Iteration over particles
for p ∈ [1, P ] do

// Iteration over promoters
for k ∈ [1, |Sk|] do

// Sample latent var. with Eq. (28)

z
(p)
k , Ak ∼

Q

Φ

Q

w
i=1 θ̂

|{SAk,i
=φ}|

i,φ

Q

ΨT
θ
|{ST

Ak
=ψ}|

0,ψ

// Weight particle using Eq. (27)

u
(p)
k ∝

P

Ak∈Ak

Q

φ∈Φ

Qw
i=1 θ̂

|{SAk,i
=φ}|

i,φ

Q

ψ∈ΨT
θ
|{ST

Ak
=ψ}|

0,ψ

w
(p)
k = w

(p)
k−1u

(p)
k

Update θ̂(p)(m)

Resampleif neccessary
Maximize
θ̂m = arg maxθ

PP

i=1 w
(i)
K logLc

“

θ

˛

˛

˛
S ,A(i)

K

”

Return θ̂M
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Fig. 1. TFBS Semi-Synthetic Data ResultsThis graph is plotted with
information contents (in nats) on the x-axis and performance metric on the
y-axis. It demonstrates the superior performance of the SEMalgorithm in
terms of higher true positive ratio and lower false positiveratio, especially at
low information content.

the two algorithms as a function of the varying information content.
Here the true and false counts are with respect to the nucleotides.

This graph highlights two important characteristics of thealgo-
rithms. The first concerns the robustness of the true positive ratio.
At information content above approximately 120 nats (information
content with logs taken to the natural number base) the algorithms
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are indistinguishable. However, the AlignAce algorithm collapses
sharply, such that by 80 nats it makes no true predictions, while
the SEM algorithm is still 80% correct, and only falls to 0% true
positive by 60 nats. At virtually all points the SEM algorithm has a
higher true positive ratio than the Gibbs sampler.

The second important feature is the false positive ratio. Again,
at virtually every point the SEM has a lower false positive ratio
than AlignAce. More important is the failure mode of the algorithm.
Below 80 nats AlignAce makes no true calls, yet continues to make
false calls. SEM however fails into silence - when the true positive
falls to zero, so does the false positive. This is because thealgorithm
will favour the case of no binding sites present, and hence will make
no (true or false) predictions.

This is intentionally the simplest data case, in order to clearly
demonstrate the superior ability of the proposed algorithmto find a
solution that is known to exist. Although the data set is contrived,
this example illustrates the superior performance of the proposed
algorithm by controlling for obscuring effects that the more realistic
tests to follow will introduce.

4.2 Full E coli K12 Set
A recent comparative study of motif finding algorithms [11] provi-
des an interesting benchmark of competitive algorithms. Included in
this study is a data set consisting of laboratory verified binding sites
for 82 motifs from theE coli K12 organism. Each example of each
motif is aligned, with a margin of the flanking nucleotides retained
on each end. There are several sets where the length of the margin
varies from 100 to 800 nucleotides. This provides a good testdata
set as the true position of the binding site in each sequence is known,
yet the data are not synthetic.

4.2.1 Results The dataset is initially filtered to remove binding
sites with fewer than two examples and to remove overlapping
sequences of the genome. Each of the remaining sets has been run
through the proposed algorithm and in each case five motifs have
been requested. The results are reported for that with the highest
specificity. The algorithm is tested with

Table 1 below reports the algorithmic performance on this data set
at various margin lengths and with a background model of varying
order. Sensitivity and specificity are as usual defined by

Sensitivity=
TP

TP + FN
, Specificity=

TP

TP + FP
.

whereTP ,FN andFP are the nucleotide true positive, false nega-
tive and false positive counts. The performance of the comparative
algorithms is reproduced from [11]. This table shows the favourable
performance of the algorithm with respect to competing algorithms
when the SMC algorithm uses a flat background model. The higher
order models obtained from [6] display rapidly decreasing perfor-
mance. This is unexpected and explored below. The effect of the
background model is displayed in Figures 2 below, which displays
the specificity of the algorithm with a 300 nucleotide marginwith
a flat, and3rd order Markov background for each transcription fac-
tor. In addition the percentage ofA andT nucleotides in the true
binding site is plotted, which we call theAT content henceforth.

The performance of the flat background model is unexpectedly
superior to that of the3rd order Markov background. The reason, as
figure 2 shows, is theAT content, which we now explain. There are
several (mostly unknown) factors that allow a motif to be recognised

Margin Length
100 300 500

Sn Sp Sn Sp Sn Sp
AlignAce 0.20 0.22 0.14 0.17 0.10 0.12
BioProspector 0.35 0.28 0.26 0.21 0.22 0.16
MDScan 0.35 0.26 0.28 0.22 0.24 0.18
MEME 0.28 0.34 0.20 0.28 0.15 0.22
MotifSampler 0.32 0.24 0.18 0.14 0.15 0.08
SMC Flat 0.39 0.35 0.34 0.30 0.21 0.19
SMC O(0) 0.38 0.34 0.11 0.10 0.04 0.04
SMC O(3) 0.43 0.39 0.15 0.14 0.07 0.07

Table 1. Performance SummaryThis table compares the specificity (Sp)
and sensitivity (Sn) across the set between existing algorithms and the
proposed algorithm using0th and3

rd order Markov background models
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Fig. 2. Specificity ComparisonThis graph shows the specificity for each
transcription factor individually, under two background modelsFlat and
SMC O(3). It also plots the A T content of the true motif. It demonstrates
the deleterious effect that highAT content exerts of specificity.

well by the algorithm. By ordering the transcription factors by speci-
ficity with 0th order background we group them according to some
such set of characteristics. Hence neighbouring transcription factors
on the abscissa of this plot are in some sense similarly difficult to
find according to this large set unknown set of factors. Plotting the
specificity of the model with a3rd order background with the same
ordering we see that above approximately20% specificity the per-
formance of the algorithm is similar for most transcriptionfactors,
except for being unable to find many. The final curve on this plot
shows theAT content and it is seen that transcription factors with
high AT content relative to nearby transcription factors are iden-
tically those that the algorithm is unable to find with a3rd order
background.

This is because poly-A, poly-T sequences and poly-AT repeats
occur often in intergenic regions. Hence these transitionsprobabili-
ties are highly weighted in the3rd order background model that has
been fitted to intergenic sequences. Consequently, when calculating
the motif likelihood according to equation (8), true motifswith these
patterns will score a low probability. This explains this behaviour.
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Fig. 3. CRP Logos.On the top is the reference CRP Motif. This is the motif
logo generated from a different reference data set [19] of49 binding sites
for the CRP TF inE. coli K12. In the centre is the true motif in this test set.
Although the same in form, it is clearly less conserved. The lower motif is
that inferred by the algorithm. The algorithm is visibly only able to find well
conserved motifs. Produced with WebLogo [7].

In addition, the signal strength of the logos is of interest.In
the supplementary materials we provide the Kullback-Leibler diver-
gence, or cross entropy between the empirical true- and inferred-
motifs. We also plot the motif logos, which present the same
information graphically, for CRP only below.

From these logos, which are a graphical representation ofθ̂

several points may be made. Although CRP has a very well defi-
ned and clear reference logo in the literature, it is not sufficiently
conserved in this data set for the logo to be very clear, Figure 3. As
all the binding sites in this set represent actual binding sites, this
speaks to the faintness of the sought after signal in practice.

5 CONCLUSION
We have identified a problem in the current algorithmic approa-
ches to transcription factor binding site identification arising from
the irregularity of the probability space. The effect of this problem
is that single line of search algorithms, such as the Gibbs’ samp-
ler, may easily become trapped in local modes, leading to poor
performance. To overcome this problem we have proposed a batch
setting SMC EM algorithm that benefits from having many indepen-
dent, parallel searches, which by covering the alignment space more
comprehensively return higher performance. We have demonstrated
this increased performance with both semi-synthetic as well as true
sequence data fromE. coli. A strong observation from this work
is that the main problem in inference problems in this field isthe
modelling. Specifically, there is difficulty in defining and thus fitting
the background model, and hence inference in general is severely
inhibited. The successful extension of this TFBS identification to

higher organisms, such as mammalians, will require the solution to
this problem.
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