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ABSTRACT

The short and highly degenerate nature of transcription fac-
tor (TF) binding sites makes their identification a challeng-
ing task. We propose a new method based on femplates
for identifying TF binding sites. Templates account for se-
quence structure and nucleotide polymorphisms present in
TF binding sits providing them with a greater discrimina-
tory capability to methods based on sequence homology.

1. INTRODUCTION

A TF binding site is the sequence of nucleotides on a DNA
strand onto which a transcription factor binds and either aid
or inhibit gene transcription. The binding of transcription
factors to their cognate sites forms an important part in the
transcription regulation process, a process important for the
control of many cellular functions including cell differen-
tiation, the cell cycle and carcinogenesis. One of the ma-
jor challenges in bioinformatics is to develop computational
methods for recognizing these gene regulatory regions. TF
binding sites are relatively short (10-20bp) and highly de-
generate sequences, which makes their efficient prediction
a computationally challenging task.

The early methods for identifying TF binding sites were
based on consensus sequences, degenerate consensus se-
quences and position specific weight matrices [1]. Some
other approaches for finding TF binding sites include rule-
based systems [2], General Neural networks [3] and Gibbs
Sampling [4].

Studies carried out on various domains of TF binding
sites have shown context-dependent effects to be present
between different nucleotide positions of the site [5, 6, 7].
This has led many researchers to question the base indepen-
dence assumption on which techniques such as consensus
sequences and weight matrices for identifying TF binding
sites are based on [8, 5]. This issue has been addressed
by different authors with different techniques ranging from
Neural networks [9] to principal coordinates analysis [6].
Templates introduced in this paper, among other things, ex-
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ploits the presence of nucleotide polymorphisms to improve
prediction specificity.

Studies have also shown that nucleotide structure plays
a role to some extent in protein-DNA interactions [10, 11].
Nussinov [10] for example, demonstrated structural homol-
ogy in the three sites at -10, -35 and -16 regions of the Es-
cherichia coli promoter recognized by its polymerase. Struc-
tural homology has been used as a discriminatory feature
for identifying TF binding sites. Lisser and Margalit [12],
for example, describes how the helix stability, helix flex-
ibility and the two conformational parameters represented
by the DNA tendencies for B-DNA to Z-DNA and B-DNA
to A-DNA transitions describe the E-coli promoter regions.
They used linear discriminant analysis based on the relative
contributions of these properties towards promoter structure
to discriminate between promoter and random sequences.
Ponomarenko et al. [13] described a statistical discriminent
approach that incorporates dinucleotide conformational an-
gles of direction, wedge, helical twist, roll and tilt to analyse
promoters. McCPROMOTER [14] is a probabilistic promoter
recognition tool that incorporates both sequence informa-
tion and structural parameters of DNA such as DNA bend-
ability, protein induced deformability and GC content into
the recognition process. Thayer and Beveridge [15] de-
scribes a model for identifying E-coli catabolite gene acti-
vator protein (CAP) binding sites that incorporates both se-
quence and sequence-dependent structural information into
a hidden Markov model.

2. METHOD

We propose a novel approach for finding TF binding sites
based on ‘templates’. Templates encapsulate the discrim-
inatory features of nucleotide polymorphism and structural
homology along with sequence homology present in TF bind-
ing sites for discriminating them from non-binding sites. In
the template model, each template (defined by its template
parameters t) is modelled on a given numerical encoding
of the nucleotides forming the training set of binding sites.



The numerical encoding can be some value assigned to in-
dividual nucleotides or a value assigned to a combination
of them. Values can be assigned to single nucleotides to
capture sequence properties (e.g. sequence homology) of
the sites. Values can be assigned to di- and tri- nucleotides
to capture geometric and structural properties (e.g. pro-
peller twist, stacking energy, protein induced deformability,
DNAse I sensitivity, etc.) of the sites.

Base-independent models of TF binding sites do not ac-
count for dependencies that might be present between nu-
cleotides in different positions of the site when interacting
with proteins. One problem of modelling nucleotide poly-
morphisms in a general model of TF binding sites is that the
nucleotide positions that exhibit such correlations vary from
factor to factor. As the exact positions on the TF binding
sites which are correlated are unknown in the general case,
one would need a model that accounts for all pairs of posi-
tions on the sites to fully represent them, which will need
a very large number of parameters (e.g. a fully connected
HMM). Templates present a compromise between the base
independent model and the fully connected model. They
model the correlation of an individual position relative to
the rest of the positions on the site. By restricting the ex-
pression of correlation of a given position on the sites to all
the other positions, instead of individual pairs of positions,
templates are able to reduce the number of parameters re-
quired to the length of the sites, while still capturing a global
expression of the positional correlation present in them.

The global expression of positional correlations of a TF
binding site, of encoded length L, is captured by a template
in the following equation:

(Qdiag(r) )t = r — e

Where t = (t[1],t[2], ..., t[L])?, is the vector of template
parameters, v = (r[1],7[2],...,7[L])T, is the vector rep-
resenting the encoded nucleotide sequence, e = (e[1], e[2],

..,e[L])7, the residual error and Q1«1 a square matrix
with zeros on the diagonal and ones every where else.

For any numerical vector r = (r[1],7[2], ..., r[L]), the
template error of r with respect to a template t, denoted as
E(r,t), is defined as the sum of squared residual errors.

E(r,t) =e[1]> +e[2]? +... +e[L)?

Given a numerical vector r, we can find a set of tem-
plate parameters t that minimises the template error F(r, t)
for that vector. This minimisation process is referred to
as ‘training the template’. The template t that minimises

E(r,t) for the vector r is obtained as follows:

E(r,t) = argtmin (e[1]® +e[2]? + ... + e[L]?)

= arg min (eT e)
6
making the substitutione =r — (Q diag(r)) t
= argmin((r — Q. t)" (r - Q. t))
t

Where Q, = ( Q diag(r) ).

For any set of numerical vectors, {r1,rs,...,r,}, the
mean value of the template error with respect to a fixed tem-
plate t is given by

n

1
- > E(rg,t) (1)

k=1

The template that minimises this mean error value for this
set of vectors can be obtained by calculating the partial deriv-
atives of Equation 1 with respect to ¢[1],¢[2],...,¢[L] and
setting each of these equal to zero. This gives the following
set of L linear equations:

n -1 n

t = lZQerrk‘| lZQrgrk]
k=1 k=1

Where Q,.,, = Q diag(ry).

These equations are symmetric and can be solved effi-
ciently to find the set of template parameters ¢[1],¢[2],. ..
,t[L] that minimises the mean template error for the set of
vectors.

2.1. Classification

Once the templates have been trained, we use linear dis-
criminant analysis (LDA) to distinguish binding sites from
non-binding sites based on their template errors. For this,
a linear discriminant analyser is trained on the template er-
rors of known positive and negative examples to optimally
separate the two classes.

Let ms ,,, 1) be the vector of mean template errors from
m templates for a set X, xm) Of template errors of posi-
tive sites. Let my, ;1) be the vector of mean template er-
rors of the templates for a set Xy, »m) template errors of
negative sites. Then, for LDA classification, we first com-
pute the global mean template error mg (m of the training
examples for the templates as:

x1)

_ (ns = 1)mg + (n,, — 1)my,
& (ns +ny, — 2)

The within-class scatter Sy (5, xm) 1-€. the expected covari-
ance of each class, is computed using the equation

(ns — 1) cov(Xs) + (n, — 1) cov(Xy)

Sw =
(ns +n, — 2)




Where, cov(X) is the variance-covariance matrix of X. The
between-class scatter S (,, ) is computed using the equa-
tion

_ T T
Sp = (ms —mg)(ms —mg)" + (my — mg)(my —myg)
The between-class scatter can be seen as the covariance of
the data set whose members are the mean vectors of each
class. Once we have computed Sy, and Sy, we can obtain
the optimization criterion Oy, x ) using the equation

0=S,"!S,

To build a transformation matrix C)(m x k) of reduced dimen-
sions from O, we select all the eigenvectors (K < m) of
O with non-zero eigenvalues. Given two vectors of tem-
plate errors, X(;,x1) and y(,x1), the squared distance be-
tween these two vectors in the transformed space is given
by x” 6] y where 0=00".

Given any vector X(,, 1) of template errors, let D (x)?
be the squared distance in the transformed space between a
vector x and the mean vector mg of template errors for a set
of positive sites. Let D,,(x)? be the squared distance in the
transformed space between a vector x and the mean vector
m,, of template errors for a set of negative sites. These two
quantities are given by

(x — my)7 O (x - m,)
(x — my)T O (x — my)

We can simplify the above two equations to a single
quantity as follows

D(x) = D,(x)? — Ds(x)*=Ax+B

Where A =2 (m,, —mg)” Oand B = 3 A (my, + my).
D(x) is the signed distance spreading an arbitrary vector x,
and the discriminator hyper-plane, D(x) = 0, located at the
half-distance between the means mg and m,, of the binding
sites and non-binding sites used for training the classifier. A
positive values of D(x) corresponds to the vector x repre-
senting a binding site and a negative value corresponds to
the vector x representing a non-binding site.

3. RESULTS

Transcription factor binding sites for our work were ob-
tained from Vorobiev et al. [16] and Thayer & Beveridge
[15]. Mononucleotide representations were obtained by trans-
forming the nucleotide sequence over the 24 different map-
pings defined by the set {A,C,G,T : {1,2,3,5} ¢ A #
C # G # T} that uniquely represented each nucleotide
base for a given assignment. The dinucleotide parameters,
representing structural properties of the sequences, were ob-
tained from the Property database [17]. In its current release

the database lists 38 different parameter values. We used all
38 of these parameters. The trinucleotide parameters were
obtained from Brukner et al. [18]. The mononucleotide val-
ues described above, unlike the di and tri nucleotide values
used are not based on any particular biophysical feature.
They have been selected to provide a convenient transfor-
mation that uniquely maps each nucleotide to a numerical
representation.

Table 1 shows some experimental results for TF binding-
site prediction using templates. The results are for the Nu-
clear factor kappa B (NF-x B/Rel), Escherichia coli catabo-
lite gene activator protein (CAP), Nuclear factor-1 (NF-1),
CCAAT box / enhancer binding protein (C/EBP) and Acti-
vating protein-1 (AP-1) families of binding sites. The neg-
ative examples for the experiments were generated as fol-
lows; we took genomic sequences from the different or-
ganisms that contributed towards the TF binding sites of
the given factor. All sequences that matched the known
TF binding sites of the factor were filtered out of these se-
quences. The filtered sequences were used to generate sites
for the negative examples. We will refer to these sites as
negative sites (although there is no guarantee that these are
strictly non-binding sites for the given factor). For each ex-
periment we used a set of 1260 negative sites extracted ran-
domly from the filtered sequences of the different species
contributing towards the TF binding sites of the given fac-
tor. To investigate the robustness of the method, we ran
every experiment 100 times, randomly selecting the train-
ing sequences for the templates and the classifier from the
available positive and negative examples on each trial. The
results in Table 1 show the mean values for the different
statistics, with the standard deviation given in brackets.

The empirical estimates of the false positive rate of the
templates modelled for the TF binding sites listed in Ta-
ble 1, are shown in Table 2. These results were obtained
on a test set of 1130 random sequences taken as negative
sites performed over 100 experiments with a new set of data
randomly selected for each iteration.

4. DISCUSSION

We have described a novel approach for distinguishing TF
binding sites from non-binding sites. The approach described
is based on templates that are sensitive to positional co-
variations. These can be co-variations expressing sequence
or structural polymorphisms as described by the different
parametric encodings of the nucleotide sequence. Templates
work in sets, usually containing more than one element,
with each template characterising a different sequence or
structural property of the sites. The amalgamation of differ-
ent templates optimally selected to work in unison endows
a synergic effect on the discriminative and predictive capa-
bilities of the system.



TF Train Classify  Test

Sensitivity Sensitivity Specificity Specificity
T F T F Test

Test+Tra Test Test+Tra

NF-xB 7 7 130 22 1130 0.90 (0.05) 0.96 (0.03) 0.94 (0.01) 0.96 (0.01)
CAP 7 7 130 11 1130 0.85(0.08) 0.94 (0.03) 0.91 (0.02) 0.94 (0.02)
NF-1 14 14 130 43 1130 0.90 (0.04) 0.94 (0.04) 0.93 (0.02) 0.95 (0.02)
CEBP 13 13 130 49 1130 0.86 (0.04) 0.93 (0.04) 0.90 (0.02) 0.93 (0.02)
AP-1 9 9 130 23 1130 0.77 (0.04) 0.87 (0.08) 0.91 (0.03) 0.93 (0.03)

Table 1. The mean statistics for 5 different transcription factors. The sensitivity and specificity values listed under the
columns ‘Test’ is those values obtained from only the test data set previously unseen by the classifier and not used for training
the templates. The values under the columns ‘Test+Tra’ are those values obtained from the whole data set, which gives an
idea of, how well the classifier does on the training data. The standard deviation, over 100 runs, is given in brackets.

NF-<B CAP

CEBP AP-1

0.025 (0.009)  0.050 (0.020)

0.060 (0.017)

0.095 (0.022)  0.062 (0.022)

Table 2. Empirical estimates of the expected false positive rate of the template based classifiers.

The training phase of the system requires experimental
binding data, a subset representing all the potential bind-
ing sites. One advantage of templates is their ability, unlike
other machine learning techniques such as neural networks
or hidden Markov models to learn quite well from a minimal
number of examples. This is a feature that has many prac-
tical advantages when we a dealing with a dearth of prop-
erly annotated examples. Theoretically, a single pattern is
sufficient to construct a template though the resulting tem-
plate may not well characterise the whole population. This
is in contrast to normal regression techniques that require
the cardinality of the set of training examples to be at least
as great as the number of unknown parameters. Ideally, we
would prefer the set of examples used for training to span
the entire population.

Binding assays of transcription factors such as NF-« B,
Zif268 zinc fingers and Mnt repressor-operator proteins sug-
gest strong evidence to the existence of non-independent ef-
fects on positional interactions when at least some proteins
bind to DNA. The exact positions that exhibit such interde-
pendent effects vary from one factor to another, and there
is no evidence that all transcription factors exhibit a similar
pattern of behaviour. This makes it difficult to capture such
properties in a general model. The requirement is for mod-
els that can learn such behaviour only from a set of training
data.

The sensitivity of templates to positional co-variations
is not based on any prior knowledge of which positions ex-
hibit polymorphic behaviour. This is an important charac-
terisation, especially in the absence of such prior knowl-
edge individualizing a family of binding sites, which is usu-
ally the case. It is not always practical to build exhaustive
models detailing the different co-variations present between

individual positions. Models such as neural networks and
HMMs that are able to account for such information suf-
fer from the practical drawback of balancing between the
complexity of the system and the number of examples re-
quired to train it well. In these systems, the complexity of
the model architecture imposes lower bounds on the num-
ber of examples required to form a good training set. These
bounds usually increase exponentially with the increase in
complexity of the system.

There is evidence [19, 10, 20] that suggests the pres-
ence of structural homologies in DNA sequences that inter-
act with some transcription factors. This is the case in for
example the E. coli catabolite gene activator protein bind-
ing sites. What these structural homologies are and exactly
what geometric features play a part in them is not always
very clear or easy to ascertain. Programs that incorporate
such features do so with an implicit assumption of the pres-
ence of these properties in the sequences that they analyse.
This is a weak assumption that may be tentative in the ab-
sence of specific knowledge of their presence and would not
hold for the general case. It is possible for different bind-
ing sites to exhibit different structural properties intrinsic to
the particular factor that they bind to. It is also possible for
some binding sites not to display any significant structural
homology for any of the known structural parameters. In
such cases, one has only got sequence homology to rely on.

Templates can model both sequence and structural ho-
mology. The important fact when modelling templates for a
particular family of TF binding sites is that we do not make
any prior decision on which structural parameters to use.
The selection of the best set of parameters is done automati-
cally during the training phase of the system. This reduction
in dimensionality is achieved by LDA. The feature extrac-



tion process removes redundant and irrelevant information
providing a more stable representation of the data that leads
to improved classification.

The time complexity of searching a whole genome for
possible TF binding sites using the method described here
depends on three factors: the length of the genome G, the
length of the template L, and the number of structural pa-
rameters used P (in actual fact, this comes down to the re-
duced dimensionality of the feature space after feature ex-
traction). The error vector for a sequence of length L can be
computed in O(PL?) time. The two distance measures for
sites and non-sites used in the classifier can be computed
in O(P?) time. This gives an overall time complexity of
O(PL? + P?) for processing a single site in the genome.
This has to be done for G — L sites in the whole genome
being searched. The entire process will therefore have a
time complexity of O (GP(L? + P)). While G can be rel-
atively large, L and P are generally small. The length of
the templates, L, is similar to the length of the binding sites,
and would typically be around 10 to 12.
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