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Abstract
Background: Searching for transcription factor binding sites in genome sequences is still an open
problem in bioinformatics. Despite substantial progress, search methods based on information
theory remain a standard in the field, even though the full validity of their underlying assumptions
has only been tested in artificial settings. Here we use newly available data on transcription factors
from different bacterial genomes to make a more thorough assessment of information theorybased search methods.
Results: Our results reveal that conventional benchmarking against artificial sequence data leads
frequently to overestimation of search efficiency. In addition, we find that sequence information by
itself is often inadequate and therefore must be complemented by other cues, such as curvature,
in real genomes. Furthermore, results on skewed genomes show that methods integrating skew
information, such as Relative Entropy, are not effective because their assumptions may not hold in
real genomes. The evidence suggests that binding sites tend to evolve towards genomic skew,
rather than against it, and to maintain their information content through increased conservation.
Based on these results, we identify several misconceptions on information theory as applied to
binding sites, such as negative entropy, and we propose a revised paradigm to explain the observed
results.
Conclusion: We conclude that, among information theory-based methods, the most unassuming
search methods perform, on average, better than any other alternatives, since heuristic corrections
to these methods are prone to fail when working on real data. A reexamination of information
content in binding sites reveals that information content is a compound measure of search and
binding affinity requirements, a fact that has important repercussions for our understanding of
binding site evolution.

Background
Even though much progress has been made since the first
genomic sequences became available, the identification of
transcription factor (TF) binding sites in genomic
sequences remains a considerable challenge in bioinformatics. In recent years, this problem has been aggravated

by the ever-increasing pace of genome sequencing, the
realization that junk DNA was a considerable misnomer
and by the need to reconcile inferences from highthroughput assays with the underlying genome sequence.
New high-throughput technologies, like ChIP-chip and
ChIP-Seq [1,2], can contribute significantly to reduce the
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search space involved in the identification of some TFbinding sites, but theoretical models of binding sites are
still required to gain insight into their function and mechanism, and to tackle the general problem of binding site
identification in the absence of high-throughput experimental data.
Over the years, the quest for identifying TF-binding sites
has taken two natural and complementary approaches,
relying either implicitly or explicitly on experimental data.
On the one hand, de novo motif discovery methods like
MEME, consensus-building, Dyad-Analysis or Gibbs sampling [3-6] use implicit experimental data to uncover
overrepresented candidate TF-binding sites in the promoter regions of a set of genes that are known to be coexpressed or co-regulated. On the other hand, different
binding site search methods have also been developed to
exploit explicit data on the sequence and location of
known TF-binding sites [7-10]. In binding site search, data
is provided by collections of aligned known sites often
referred to as motifs or prototype groups. This work deals
with binding site search methods and, in particular, with
those relying on the application of information theory to
DNA sequences.
Application of information theory to binding site
recognition
Berg & von Hippel introduced a formal approach towards
modeling protein-DNA interaction based on the principles of statistical mechanics [10,11]. In their scheme, the
contribution to the reduction of binding free energy at
each position of a putative binding site is equated with its
relatedness to the most representative base occupying that
position in the prototype group (i.e. the consensus base),
leading to the so called Heterology Index (HI):

⎛ p(S cons )+1 / N
l
HI(l) = ln ⎜
⎜ p(S obs )+1 / N
⎝
l

⎞
⎟
⎟
⎠

between binding sites and their related transcription factors [13]. Based on the theorems of communication over
a noisy channel introduced by Shannon [14], information
theory can be applied to the recognition of binding sites
by transcription factors by acknowledging that recognition of a site by a protein is, essentially, an information
process [15,16]. Just as our uncertainty over a message
decreases when we receive it, even if it is partly scrambled
by noisy interference, the uncertainty about the bases
occupying each position of an otherwise unknown
sequence decreases once a particular protein does bind it.
The amount of uncertainty associated with a variable is
called Shannon entropy, typically measured in bits, and
can be interpreted as the expectation of its information
content:
N

H( X ) = −

∑ ⎡⎣ p ( X = x ) ⋅ log
i

i =1

2

( p ( X = x i ) ) ⎤⎦

(2)

where N is the number of possible values (xi) the variable
X can take.
The expression for Shannon entropy is very similar to the
Boltzmann-Gibbs entropy in thermodynamics [17], but
they are quite different in substance [18,19]. As expected,
Shannon entropy (entropy henceforth) is maximal when
all possible states of X are equiprobable and independent,
since in this situation our uncertainty about which state
we will observe is the greatest and thus the amount of
information the variable conveys is also maximized. The
reduction in uncertainty (or information gain) that takes
place during communication over a noisy channel is
known as mutual information and is expressed in terms of
the difference in uncertainty over the original message (X)
before and after we receive a version of it (Y):
I(X;Y) = H(X) - H(X|Y)

(3)

(1)

where P(S lcons ) corresponds to the frequency of the consensus base at position l of the prototype group, P(S lobs )

In the case of binding sites, and again after Schneider et al.,
the a priori uncertainty (Hbefore) over the base occupying
position l of a single sequence of length L is maximal and
dictated solely by the background composition of the
genome the sequence sits in:

is the frequency of the base observed at position l of the
site and N is the number of sequences in the prototype
group (1/N acting as a small sample correction to avoid
zero frequencies). If one assumes positional independence, a global HI for the whole site can be computed by
summing HI(l) over all site positions [12].

where S corresponds to each of the four possible DNA
bases and f(S) represents its relative frequency in the
genome sequence.

Prior to Berg & von Hippel's statistical mechanics
approach, Schneider et al. first introduced information
theory to the problem of TF-binding site recognition as a
robust theoretical framework for defining the interactions

If a particular protein binds a given sequence, however,
the amount of uncertainty on the bases at each position of
the sequence stems now from the relative frequency of
each base at each position of the prototype group for that

H( X ) = H before (l) = −

∑ ⎡⎣ f (S) ⋅ (log
S∈Ω

2

( f (S) ) ⎤⎦

(4)
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protein. Thus, the a posteriori entropy (Hafter) at each position of the sequence becomes:

H( X | Y ) = H after (l) = −

∑ ( p(S ) ⋅ log
l

S l ∈Ω

2

( p(Sl ) ) )

⎛ 1

∑ ⎜⎝ G·log

⎛ 1⎞⎞
⎜⎝ ⎟⎠ ⎟ = log 2(G)
G ⎠

2

G

(5)
where p(Sl) is the frequency of each base Sl at position l in
the prototype group.
Therefore, for each position, the reduction in uncertainty
(or mutual information) experienced when a protein
binds to a sequence can be expressed as the difference
between a priori (Hbefore) and a posteriori (Hafter) entropies:
⎤
⎡
⎤ ⎡
I(l) = R sequence (l) = H before (l) − H after (l) = ⎢ −
( f (S) ⋅ (log 2 ( f (S) ) ) ⎥⎥ − ⎢⎢ − ( p(Sl ) ⋅ log 2 ( p(Sl ) ) ) ⎥⎥
⎢⎣ S∈Ω
⎦ ⎣ Sl ∈Ω
⎦

∑

HG = −

∑

(6)

(8)

HG measures the initial uncertainty over any genome position being bound by a single copy of the protein. Then
again, if a protein binds M specific sites in the genome and
we assume that these are bound with equal probability
and that the protein does not bind elsewhere, we derive
the a posteriori entropy HM:

HM = −

∑ ⎛⎜⎝ M1 ⋅ log ( M1 ) ⎞⎟⎠ = log (M)
2

(9)

2

M

Again, we can then express mutual information as the difference between a priori and a posteriori entropies:
⎛ G⎞
I = R frequency = H G − H M = log 2(G) − log 2( M) = log 2 ⎜ ⎟
⎝ M⎠

(10)
As defined above, mutual information provides a measure, in bits, of the importance of each position of a binding site in decreasing uncertainty. Assuming positional
independence, the term can be summed for all site positions, providing a measure for the whole site.
L

R sequence =

∑R

sequence (l)

(7)

l =1

In the case of a TF-binding site, this equates with the specificity of the site recognition process. By definition,
mutual information has a maximum in H(X), corresponding to the case of a noise-free channel (i.e perfect
site recognition; H(X|Y) = 0), and a minimum in 0 when
X and Y become independent (H(X|Y) = H(X)). For a
given protein, the specificity of the site recognition process is a constant defined by H(X|Y). Therefore, mutual
information is maximal whenever H(X) is maximized,
which in the case of genomic sequences corresponds to an
equiprobable base distribution.
In their seminal paper, Schneider et al. also introduced a
related concept, termed Rfrequency, to denote the information required to find sites in a genome in terms of both the
genome size and the number of sites it contains [13]. The
reasoning behind it is quite straightforward. With no
additional knowledge, a circular genome of size G will
contain G potential binding sites for a given protein. If we
assume that, a priori, all the sites have the same probability (1/G) of being bound, we obtain the a priori entropy
as:

As defined, Rfrequency is understood as the amount of information required to distinguish M sites from the genomic
background. A key observation of Schneider et al. was that
Rfrequency approximates Rsequence only when considering an
equiprobable background. When moving from such an
ideal condition, Rsequence for a given prototype group
decreases steadily because of a net reduction in a priori
uncertainty (the restricted background becomes less
informative). In contrast, Rfrequency can stay constant or
may increase or decrease heavily as the sites the protein
recognizes become, respectively, either scarcer or more
abundant in the genome. For a transcriptional regulator,
and assuming that function is conserved [20], the number
of functional sites (and thus Rfrequency) will remain constant
regardless of the background. For other molecules, such as
restriction enzymes, the number of functional sites is
effectively the number of binding sites and Rfrequency will
increase or decrease in proportion to their expected frequency in the new background [13]. To circumvent this
problem in the second scenario, the authors suggested the
use of an ad-hoc modification of Rsequence, (R*sequence), that
approximates Rfrequency in skewed genomes and equals Rsequence in an equiprobable background. This new term
turned out to be the Kullback-Leibler divergence or relative entropy [21] and was relabeled accordingly as relative
entropy (RE) by Stormo [22]:

RE(l) = R*sequence (l) =

⎛

∑ ⎜⎜⎝ p(S ) ⋅ log

S l ∈Ω

l

2

⎛ p(Sl )
⎜
⎝ f (S l )

⎞⎞
⎟ ⎟⎟
⎠⎠
(11)

As in Rsequence, positional independence may be assumed
in order to generate a global RE value for the whole site by
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summing up RE(l) for all positions. The Kullback-Leibler
divergence is also measured in bits, allowing direct comparison with Rfrequency. Following their initial introduction
by Schneider et al., both Rsequence and RE have been used by
different authors as a measure of the information content
in binding motifs [22,23].
Relative entropy was introduced without any formal or
intuitive derivation apart from its empirical relationship
with Rfrequency [13]. However, intuitive understanding of RE
can be easily attained if the term is written in expanded
form:
⎡
⎤ ⎡
⎤
RE(l) = ⎢ −
p(S l ) ⋅ log 2 ( f (S l ) ) ) ⎥ − ⎢ −
p(S l ) ⋅ log 2 ( p(S l ) ) ) ⎥
(
(
⎢
⎥ ⎢
⎥
⎣ Sl ∈Ω
⎦ ⎣ Sl ∈Ω
⎦

∑

∑

(12)
In this new formulation, the second term corresponds to
the a posteriori entropy (Hafter) of Rsequence, but the first
term represents now the cross-entropy between background and motif frequencies. In essence, cross-entropy
measures the amount of information required to express
the observed motif frequencies in terms of their genomic
counterparts. More intuitively, by simple manipulation of
the RE formula:
⎡
⎤
⎛ p(Sl )
⎞⎤ ⎡
RE(l) = ⎢ −
⋅ f (S l ) ⋅ log 2 ( f (S l ) ) ⎟ ⎥ − ⎢ −
( p(Sl ) ⋅ log 2 ( p(Sl ) ) ) ⎥⎥
⎜
⎢
⎥
⎢
f
(
S
)
l
⎠ ⎦ ⎣ Sl ∈Ω
⎣ Sl ∈Ω ⎝
⎦

∑

∑

(13)
cross-entropy can be conceptualized as a weighted version
of a priori entropy (Hbefore). For each of the four possible
bases in a motif position (Sl), a priory entropy is now
weighted up or down depending on the ratio between the
motif and background frequencies for that particular base
p(Sl)/f(Sl). In this manner, if a base is for instance underrepresented in the genome but conserved in the motif, its
contribution to the a priori entropy will become higher
and, consequently, RE(l) will increase. Conversely, a conserved base that is overrepresented in the genome will
contribute less. As a consequence, in a skewed background RE is larger for motifs relying on underrepresented
bases, agreeing with Rfrequency predictions, in which "rarer"
sites require additional information in order to be found.
Information theory-based methods for TF-binding site
search
Apart from the aforementioned Heterology Index of Berg &
von Hippel, which serves as a search function directly, several other methods have been proposed over the years to
search for TF-binding sites based on the availability of a
prototype group of experimentally validated binding sites.
Even though some of them were proposed before the
introduction of the information theory framework, they

all can be derived from the expressions for Rsequence and RE
seen above.
Staden first proposed a simple yet powerful index to evaluate the likelihood that a sequence was a binding site for
a given protein [24]. This method was later refined by Schneider [23], who showed that it could be derived formally
from the expression of Rsequence and labeled it Ri, as the
information content of an individual binding sequence i:
⎡
⎤
⎡⎣ f (S) ⋅ log 2 ( f (S) ) ⎤⎦ ⎥ − ⎡⎣ − log 2 ( p(S i ,l ) ) ⎤⎦ = H before − ⎡⎣ − log 2 ( p(S i ,l ) ) ⎤⎦
Ri (l) = ⎢ −
⎢⎣ S∈Ω
⎥⎦

∑

(14)
where p(Si, l) is the frequency of occurrence in the prototype group of the base S observed at position l of the query
sequence i. As in the case of Rsequence, positional independence is assumed and the score for the full sequence i is the
sum of Ri(l) over all its positions.
Later on, Hertz et al. proposed the use of a term deriving
from RE to search for putative binding sites [25,26]:

⎛ p(Si,l ) ⎞
(15)
I iseq (l) = p(S i ,l ) ⋅ log 2 ⎜
⎜ f (Si,l ) ⎟⎟
⎝
⎠
that explicitly takes into account the background genomic
frequencies f(Si, l) and that again assumes positional independence to obtain an additive score for the full site. In
this work we label this term Iseq to avoid confusion with
the relative entropy (RE) term from which it derives.
A fundamental problem of both Iseq and Ri is that they discard information on the relative importance of each position within the motif. This is clearly illustrated by a simple
example. Suppose that for a given position a of a motif we
have prototype frequencies pa(A) = 0.6, pa(C) = 0.4, pa(T)
= 0.0 and pa(G) = 0.0. If we observe a C in our query
sequence, then Ri(a) = Hbefore-log2(0.4). It is easy to see,
however, that if position b of the motif has prototype frequencies pb(B) = 0.2, pb(C) = 0.4, pb(T) = 0.2 and pb(G) =
0.2 and we again observe a C in the query sequence, Ri(b)
= Hbefore-log2(0.4). That is, Ri is assigning the same score to
a C observed in a relatively well conserved position (a)
and to a C observed in a nearly random one (b). This
result is counterintuitive in the sense that we would expect
that a match in a conserved position be more significant
than a match in a poorly conserved one. O'Neill pointed
out this problem and suggested two alternative methods
to take into account the importance, or weight, of each
position in the prototype group [27,28].
A first obvious means to circumvent the loss of information about the importance of each position within the
motif is to enter it explicitly into the search function as a
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weighting factor [27]. O'Neill applied this weighting
approach on the Heterology Index (HI) of Berg & von Hippel, even though the principle can be applied as well to all
the search functions described above:
L

R sequence·BvH =

∑R

(16)

sequence (l)·HI(l)

l =1

A more elegant solution to the same problem involves the
use of a differential Rsequence term. In this approach, Rse+
quence(l) is calculated both before ( ) and after ( ) the addition of the query sequence to the prototype group [28]. It
follows that if the query sequence concurs with the prototype, the expression:

(

−
+
−
R ’sequence (l) = R sequence
(l) ⋅ R sequence
(l) − R sequence
(l)

)

(17)
will yield a positive value because R+sequence(l) will be
improved by the addition, whereas a query sequence discordant with the prototype will result in a negative value.
Historically, there has been substantial dissention among
the appropriate definition of information content (Rsequence or RE) [20,22,23], the suitability of the positional
independence assumption [29,30] and the relative efficiency of the abovementioned methods and later variants
[9,22,28] for locating TF-binding sites in both equiprobable and skewed genomic backgrounds. Unfortunately, at
the time most of these methods were developed there was
not enough experimental data to test their shortcomings
and advantages in a real biological setting and, even in relatively recent studies, most search efficiency results have
been presented on randomly generated backgrounds [9].
In this work we make use of newly available data on
experimentally validated binding sites across different
species to assess the limits of the different search methods,
to gauge the suitability of alternative definitions of information content and to expose the drawbacks of benchmarking on random sequence. The results reported here
point at substantial misconceptions in the derivation of
information theory methods, leading us to propose a
complete reformulation of the concept of information
content in binding sites. Consequently, they have deep
implications for the understanding of binding site evolution and for the assessment of binding site sequence function in the search and recognition processes.

four different transcription factor binding sites were conducted against the Escherichia coli genome (50.8% GC)
using collections of known binding sites derived from the
literature. The results shown in Figure 1 correspond to
Receiver-Operating Characteristic (ROC) curves [31] for
all methods when attempting to locate binding sites of
four different transcription factors (FIS, CRP, Fur and
LexA) in the E. coli genome. To generate the ROC curves
for each transcription factor, all its experimentally validated sites present in the genome were considered positives, while all other possible genome positions were
considered negatives. This is necessarily a strong assumption (as some false positives might indeed be non-experimentally validated true sites), but the same assumption
holds for all the assessed methods. As expected, all search
methods perform better for transcription factors with
more conserved motifs (i.e. larger Rsequence). However, Figure 1 also reveals remarkable differences and similarities
that had not previously been assessed.
The fact that Iseq and Ri perform similarly has been already
pointed out [22] and should not be surprising, since the
base distribution in E. coli is almost equiprobable and the
methods derive, respectively, from Rsequence and RE, which
are known to be equal on equiprobable backgrounds
[13]. Likewise, the similar results of Rsequence · BvH and
R'sequence had been noted previously [28]. At first glance,
though, a more intriguing result stems from the nearly
exact equivalence of Berg & von Hippel (HI) and Ri indices, since they derive from conceptually different theoretical frames. Careful examination of the Berg & von Hippel
index, however, reveals that it does not fulfill the role for
which it was intended. In principle, HI ought to take into
account the fitness of each query site position by contrasting it with the consensus base at that same position in the
prototype group. However, a simple manipulation of the
original HI formulation reveals that it performs virtually
the same computation carried out by Ri. Specifically, the
expression for HI at each site position can be rewritten as:
⎛ p(S cons )+1 / N
l
HI(l) = ln ⎜
⎜ p(S obs )+1 / N
⎝
l

⎞
⎟ = ln p(S lcons ) + 1 / N − ln p(S lobs ) + 1 / N
⎟
⎠

(

)

(

)

(18)
and since the prototype group does not change for different query sites, the first term of the expression is effectively
a constant (as is Hbefore in the expression for Ri). Therefore,
when summed up for all site positions, HI can be written
as:

Results and discussion
Assessment of search efficiency in an equiprobable
genomic background
To assess the efficiency of the different information theory-based methods on the problem of locating TF-binding
sites on an equiprobable genomic sequence, searches for

L

HI = (const .) −

∑ ⎡⎣ ln ( p(S
l =1

obs
l ) + 1/ N

) ⎤⎦

(19)
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Figureefficiency
Search
1
in the E. coli genome
Search efficiency in the E. coli genome. ROC curves for different IT-based binding site search methods attempting to
locate known LexA, Fur, CRP and Fis sites on the E. coli genome. The plot is scaled to encompass a 1/10 true to false positive
ratio for the transcription factor with the largest number of known sites (CRP; 210 sites). Vertical arrows indicate this same
ratio for all transcription factors.

which is, for the intents and purposes of a binding-site
search function, equivalent to:
L

Ri = (const .) +

∑ ⎡⎣ log ( p(S ) ) ⎤⎦
2

(20)

i ,l

account when scoring candidate sites. As it can be seen in
Figure 1, however, the FitomHI index does not outperform
other methods (such as Ri) suggesting that the hypothesis
behind the Berg & von Hippel scheme might have been
misguided.

l =1

A new index, here termed FitomHI, that does explicitly
take into account the difference between consensus and
observed bases is introduced below, and its results are also
plotted in Figure 1:

p(S cons )
l
FitomHI(l) =
⋅ log 2 p(S lobs )
obs
p(S )
l

(

)

(21)

By using the ratio between consensus and observed frequencies as a multiplicative factor on a stripped-down version of Ri, FitomHI ensures that the intuitive relationship
derived by Berg & von Hippel is explicitly taken into

The relatively poor performance of the FitomHI index
points up another obvious but nonetheless important
observation regarding the results of Figure 1. As it can be
readily seen, methods that do not take into account the
importance of each position in the prototype group (i.e.
non-weighted methods: Ri, HI, Iseq) consistently outperform those that do integrate this factor (weighted methods: Rsequence · BvH, R'sequence), with the proposed FitomHI
index falling somewhat in between. As in the case of FitomHI, this is at first glance an unexpected and counterintuitive result, since weighted methods have been shown
previously to perform well in searching [9] and to excel at
ranking TF-binding sites according to their experimental
binding affinity [27]. Moreover, both the notion of posi-
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tional weighting and of a ratio between consensus and
observed bases are intuitively appealing [28].
The reason why weighted methods perform poorly in
search mode when compared to non-weighted ones is,
nonetheless, relatively straightforward. By down-weighting poorly conserved positions, weighted methods concentrate their scoring on a smaller number of conserved
positions, thereby increasing the chances that "correct"
bases might appear by chance at those positions during a
genome-wide search and thus leading to a larger number
of false positives. Conversely, non-weighted methods
bestow the same importance to all motif positions, lowering the odds that false positives may arise by chance. In
this context, FitomHI can be seen as a crude weighted
method, since it is taking into consideration part of the
information profile through its explicit use of the consensus-to-observed frequency ratio.
The superiority of non-weighted methods over weighted
ones in binding site searches raises important questions
regarding site recognition by proteins. To a certain extent,
the problem of ranking binding sites can be equated with
binding affinity, while the search problem ostensibly
equates with the protein's ability to locate its binding
sites. Traditionally, it has been assumed that binding site
affinity and binding site location are intrinsically linked at
the protein level and, thus, models developed for one
problem have applied to the other without much consideration. However, the disparity in performance between
weighted and non-weighted methods on the search problem suggests that this may not be a good practice. The
intuitive concepts behind weighted methods and the Berg
& von Hippel approach were initially introduced to deal
with the ranking problem and thus they may not apply as
well to the related search problem. Furthermore, the main
difference between both kinds of methods (i.e. positional
weighting) points to a mechanistic difference between
these two different modes of action of DNA-binding proteins.
The fact that non-weighted methods outperform weighted
ones in genome-wide searches suggests that information
lying in poorly conserved motif positions is being used
actively by the protein to discern true binding sites against
the genomic background. As mentioned above, the equal
appraising of all site positions by non-weighted methods
has the net effect of reducing the number of possible false
positives. However, given the nature of protein-DNA
interactions, it is unlikely that such discrimination is
achieved by specific recognition on all motif positions.
Instead, the uniform use of all site positions in nonweighted methods seems to be taking into account secondary information (e.g. AT-richness) residing in poorly
conserved positions that can be of relevance to the protein

http://www.biomedcentral.com/1471-2105/10/57

in order to make non-specific contacts or as a requirement
for optimal curvature or bendability. In contrast, the better performance of weighted methods in ranking sites
according to their binding affinity indicates that conserved motif positions are the main players in determining the strength of a site [27]. In agreement with this, the
mean difference in search efficiency between weighted
and non-weighted methods decreases (from 15.1% for Fis
to 0.3% for LexA) as motif conservation increases, suggesting that there is an increasing dependence on secondary
information sources for proteins targeting less conserved
sites, as would be expected in that these sites remain functional.
The resulting disparity between weighted and nonweighted methods is not the only clue pointing towards
the use of additional information in the process of site
location. At Rsequence = 10.09 bits, CRP is substantially
underspecified to cover its 210 experimentally validated
sites, since Rfrequency predicts that at least 14 bits should be
necessary to specifically locate 210 sites on the E. coli
genome. This implies that, on average, 28% of the information required to specify true CRP sites is not present as
positional information in Rsequence. In fact, the estimated
number of sites for CRP based on the equivalence
between Rsequence and Rfrequency is about 4,300, but even on a
1/30 true- to false-positive ratio (i.e. accepting ~6,100
false positives) the best search method is only able to
retrieve 80.7% of the true sites (data not shown). This
means that nearly 20% of true CRP sites are left unaccounted for when using information theory-based methods for locating them. Moreover, the set of non-located
true sites displays very low Rsequence (6.17 bits), suggesting
again that other sources of information should be
exploited to improve these predictions [32]; the protein
could not function were it actually faced with the challenge of 100,000 pseudo-sites as this low information
level suggests. Experimental results have already hinted at
the existence of several complementary sources of information for site location, such as curvature [33-36], prerecruitment or cooperative binding [37-39]. As formulated originally, information theory-based methods cannot take into account this additional information, but
they provide a robust theoretical foundation to develop
more complex methods that incorporate it explicitly. In
fact, several higher order models based on information
theory that include contextual information have already
been proposed [40-42].
Assessment of search efficiency on skewed artificial
backgrounds
As mentioned above, skewed backgrounds disrupt the
equivalence between Rsequence and Rfrequency, as the decrease
in background entropy (Hbefore) reduces the net amount of
mutual positional information (Rsequence) while, depend-
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ROC curve - E. coli CRP collection on random (4 Mb) sequences
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Search
2
for E. coli CRP sites in a skewed random background
Search efficiency for E. coli CRP sites in a skewed random background. ROC curves for search methods trying to
locate 210 CRP binding sites on randomly generated backgrounds. The ROC curve depicts the mean and standard deviation of
three independent experiments (searches against three independently genrerated backgrounds). The plot is scaled to encompass a 1/10 true to false positive ratio (2100 false positives) in the equiprobable background. RE' results, which completely
overlap RE · BvH ones, are not shown for clarity. The RE profiles for CRP against the different backgrounds are shown in the
bottom-right inset.

ing on their composition, sites can become either more or
less frequent (Rfrequency) in the skewed background. To correct for this effect, Schneider et al. introduced the concept
of Relative Entropy (RE), from which the search method Iseq
derives. By taking explicitly into account the background
frequency of the bases observed in a site, both RE and Iseq
compensate for the scarcity or overabundance of each particular base in the genome. To make a rigorous assessment
of the differences between weighted and non-weighted
methods on skewed backgrounds, here we introduce two
new search methods based on the weighted scheme proposed by O'Neill [28]. Essentially, both methods are modifications of those proposed previously (Rsequence · BvH and
R'sequence), but using RE instead of Rsequence as the weighting
factor:
L

RE·BvH =

∑ RE(l)·HI(l)
l =1

(22)

and
RE' (l) = RE- (l) · (RE+ (l) - RE- (l))

(23)

Figure 2 and Figure 3 show the ROC curves for information theory-based methods attempting to locate, respectively, CRP and Fur binding sites against equiprobable,
66% GC- and 66% AT-skewed randomly generated backgrounds, with their RE profile plots shown as insets in the
bottom-right corner. The curves show the mean and
standard deviation of three independent experiments and
thus reveal that the differences between the observed
methods are statistically significant. As it can be seen, all
methods substantially improve their results on equiprobable random backgrounds when compared to those
obtained on the E. coli genome. Even though the E. coli
genome is nearly equiprobable, this is to be expected,
since naive random sequences are not very good approximations of genome sequences, in which certain word fre-
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3
for E. coli Fur sites in a skewed random background
Search efficiency for E. coli Fur sites in a skewed random background. ROC curves for search methods trying to
locate 45 Fur binding sites on randomly generated backgrounds. The ROC curve depicts the mean and standard deviation of
three independent experiments (searches against three independently genrerated backgrounds). The plot is scaled to encompass a 1/10 true to false positive ratio (450 false positives) in the equiprobable background. RE' results, which completely overlap RE · BvH ones, are not shown for clarity. The RE profiles for Fur against the different backgrounds are shown in the
bottom-right inset.
quencies can be heavily biased [43,44] despite the overall
base frequencies. As a consequence, reports on the effectiveness on TF-binding site search methods based on
searches against random sequences should be approached
with some caution.
The motifs for both CRP and Fur TF-binding sites are manifestly AT-rich and, as expected, binding sites for both proteins become more or less apparent in, respectively, GCor AT-skewed backgrounds. In accordance with this fact,
RE-based methods (i.e. Iseq and RE · BvH), which have
been devised to take into account explicitly the deviation
of sites from the background skew, consistently outperform Rsequence-based methods on skewed backgrounds,
although there are noticeable differences depending on
the background skew and the motif searched. In GC-rich
backgrounds, both AT-rich sites are relatively easy to
locate. Thus, the downplaying of the few G/C positions
carried out by the RE non-weighted method (Iseq) is not a
strong advantage over its Rsequence counterpart (Ri). This

does not hold true for weighted methods, which discard a
large proportion of the AT-rich sites by focusing on conserved positions, allowing RE · BvH to clearly outperform
Rsequence · BvH when looking for CRP. On the other hand,
searches on AT-rich backgrounds yield a completely different picture. By playing down the dominant A/T positions in the motifs and emphasizing the scant G/C ones,
RE substantially alters the shape of the information profile. As a consequence, RE-based methods are able to separate Fur and CRP sites from the AT-rich background
much more efficiently than Rsequence-based methods, and
this applies both to weighted and non-weighted methods.
Assessment of search efficiency on skewed genomes
The results of search methods on randomly generated
skewed backgrounds support the notion that deviation
from the background skew is an important element for
proteins targeting binding sites in skewed genomes.
Accordingly, it has been suggested that the use of REbased methods is indicated when looking for TF-binding
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sites in skewed genomes [13,22,25]. However, one must
remember that these results were based on artificial
sequences. Exploiting the recent availability of data on
both CRP and Fur regulons in species with AT- and GCskewed genomes (Pseudomonas aeruginosa and Haemophilus influenzae), searches for CRP and Fur binding sites
against real genomic backgrounds were carried out to test
the validity of this hypothesis. ROC curves for RE-based
and Rsequence-based methods trying to locate P. aeruginosa,
H. influenzae and E. coli Fur and CRP binding sites in their
corresponding genome sequences are displayed in Figure
4 and Figure 5.

equivalent (Ri) produces the best result. The Rsequence and
RE profiles for the P. aeruginosa Fur prototype group are
shown in Figure 6a. As it can be seen, the P. aeruginosa Fur
profile shape is different from that observed in E. coli, but
its consensus sequence and overall Rsequence remain highly
similar. Moreover, searches for P. aeruginosa Fur sites
using the E. coli prototype group make the difference
between Ri and Iseq even starker (data not shown). Therefore, the poor efficiency of Iseq in this setting cannot lie in
a dramatic change of the prototype group, but specifically
in the transition from a randomly generated background
to a true genome.

A main result from the above searches against real
genomic backgrounds is that RE-based methods tend to
perform worse than, or at best similarly to, Rsequence-based
ones, in contrast to the results obtained previously on randomly generated backgrounds (Figure 3). This is particularly true for Fur in P. aeruginosa (Figure 4). In this setting,
the RE-derived method Iseq performs on a par with the
weighted Rsequence · BvH index, while its Rsequence-based

It is a counter-intuitive fact that in P. aeruginosa and other
genomes with similar GC-skew the distribution of continuous AT-rich stretches is markedly non-uniform when
compared to that of randomly generated GC-skewed
backgrounds (Figure 7). Remarkably, the corresponding
effect is observed in H. influenzae and other AT-rich
genomes, which show both a higher number of GC-rich
stretches and a lower number of AT-rich stretches than
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4
for Fur sites in E. coli and P. aeruginosa
Search efficiency for Fur sites in E. coli and P. aeruginosa. ROC curves for search methods trying to locate P. aeruginosa
and E. coli Fur binding sites on, respectively, P. aeruginosa and E. coli genomes. Abbreviations: Eco – E. coli, Hin – H. influenzae.
The plot is scaled to encompass a 1/10 true to false positive ratio (320 false positives) in P. aeruginosa.
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ROC - CRP in H. influenzae and E. coli genomes
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Search efficiency for CRP sites in E. coli and H. influenzae. ROC curves for search methods trying to locate H. influenzae and E. coli CRP binding sites on, respectively, H. influenzae and E. coli genomes. Abbreviations: Eco – E. coli, Hin – H. influenzae. The plot is scaled to encompass a 1/10 true to false positive ratio (450 false positives) in H. influenzae.

expected. The net result of these deviations from expectation is that the overweighting of anti-skew (and underweighting of pro-skew) positions carried out by RE-based
methods backfires when looking for sites in real skewed
genomes. This mismatch is most obvious when looking
for Fur sites (70.72% AT) in the GC-rich P. aeruginosa
genome (Figure 4), where the distribution of 70% AT
stretches more than doubles the random expectation (Figure 7). This leads RE-based methods to yield high false
positive rates because many AT-rich stretches with other
functions do easily qualify as putative Fur sites when
examined under RE. This constitutes a solid blow to REbased methods, because P. aeruginosa Fur sites are precisely the type of problem RE was introduced to deal with
[45]. In the case of H. influenzae CRP sites (69.89% AT),
the mismatch is not so large, because 70% AT stretches do
not deviate so strongly from expectation (down by 25%).
However, it is still enough to render the weighting scheme
of RE useless, if not counterproductive (Figure 5).

As in the case of equiprobable backgrounds, these results
stress again the need to validate search methods against
real genomic data in order to derive meaningful results.
Moreover, they also point out that the rationale for the
derivation of RE and its resulting indices (Iseq, RE · BvH)
may be partly flawed. Schneider et al. proposed RE as a
way to extend the equivalence between Rsequence and Rfrequency in equiprobable backgrounds to skewed genomes.
This line of reasoning has later been utilized by Stormo
and coworkers [25,26]. A main flaw in their argument
stems from the fact that Rfrequency was derived from the
expected frequency of occurrence of sites in a uniform
background. As noted above, however, in a real skewed
genome the occurrence of anti-skew stretches can be far
from uniform, and the net effect of this biased distribution is to make the use of RE meaningless or even counterproductive, as in the case of Fur sites in P. aeruginosa.
Rsequence is free from the artifacts created by deviations in
oligonucleotide distribution and similar factors involved
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Figure 6 profile for P. aeruginosa Fur and H. influenzae CRP motifs
Information
Information profile for P. aeruginosa Fur and H. influenzae CRP motifs. (A) Rsequence and RE profiles for Fur on the P.
aeruginosa genome. (B) Rsequence and RE profiles for CRP on the H. influenzae genome, and for the mean Rsequence profile obtained
from 10,000 45-site subsamples of the 210 E. coli binding sites. Vertical bars show the standard deviation.
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Observed
Observed vs. expected frequency of 20-mers in genomes. Mean ratio between observed and expected 20-mers in real
genomes versus randomly generated sequences. Ratios were computed independently for 3 different genomes and 3 random
sequences of similar %GC composition. Vertical bars show the standard deviation of these ratios. Genomes used for calculations: E. coli str. K-12 substr. MG1655 [50.8% GC], P. aeruginosa PAO1 [66.6% GC], H. influenzae Rd KW20 [38.1% GC], Colwellia psychrerythraea 34H [38.0% GC], Salinibacter ruber DSM 13855 [66.2% GC], Thiobacillus denitrificans ATCC 25259 [66.1%
GC], Enterococcus faecalis V583 [37.5% GC], Anaplasma marginale str. St. Maries [49.8% GC] and Nitrosococcus oceani ATCC
19707 [50.3% GC].

in the search problem in that it is a measure only of positional information. As such, it is a more reliable indicator
of motif positional information content than RE. Therefore, Rsequence-derived methods (e.g. Ri) should be
expected, on average, to perform better than RE-based
ones. It should be pointed out here that an often implied
argument for the use of RE over Rsequence, the advent of negative information content in skewed genomes, is based on
a misconception. Computing Rsequence for a collection of E.
coli sites against a skewed background may indeed generate negative Rsequence values, but this perplexing result is an
artifact of the transplantation of the E. coli motif onto a
skewed background rather than a fault in the formulation
of Rsequence. On a skewed genome, the a priori entropy (Hbefore) is reduced because of the background skew. To obtain
negative values for Rsequence, nucleotide frequencies in
some positions of the binding motif must be close to

equiprobability. In this case, the a posteriori entropy
(Hafter) will be greater than the a priori one, leading to a
negative Rsequence value. This is indeed the case of most
non-conserved positions in many E. coli motifs when evaluated on a skewed background. However, it is easy to see
that, for real binding sites evolving in a skewed genome,
positions that are not important for binding will remain
at background genomic frequencies (instead of being
actively selected towards equiprobability), thus leading to
positive or, at the most, zero values for Rsequence.
The failure of RE-based methods to outperform Rsequencebased ones in real genomes casts serious doubts on the
validity of this approach and its main underlying assumption, the equivalence between Rfrequency and Rsequence. However, the inadequacy of RE to deal with non-uniform nmer frequencies is not the only result pointing to a demise
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of the equality between Rfrequency and Rsequence. A main corollary of the hypothesis for deriving RE is the assumption
that when a genome drifts towards skew in its base composition, DNA-binding proteins shall evolve to recognize
binding sites with an anti-skew composition, thus maximizing the efficiency of binding site location at a lesser
cost in overall base conservation. This line of reasoning
was explicitly developed by Schneider et al. They noted
that sites with anti-skew composition would eventually
lose positional information (Rsequence) in the course of evolution, since selective pressure towards site conservation
would be reduced because the site would be over-specified and therefore easier to locate [13]. In other words,
integrating anti-skew composition in a measure of positional information, as RE does, would compensate for the
loss of standard positional information (Rsequence). The
results shown in Figure 4 and Figure 5, however, suggest
that this is not generally the case.
On the one hand, the P. aeruginosa Fur protein seems to
control a regulon of about the same size (32 known sites)
as that of E. coli Fur (51 known sites) and its motif positional information content (Rsequence = 13.69 bits) is similar to that of E. coli Fur (Rsequence = 14.31 bits). The ratio
between these Rsequence values is in accordance with previous estimates for Fur information content based on optimized alignments for a smaller number of sites (20 sites
and 18.6 bits for P. aeruginosa Fur; 24 sites and 19.6 bits
for E. coli Fur [46]). Sitting in the 66.56% GC P. aeruginosa
genome, however, the Fur motif has a markedly anti-skew
composition (70.72% AT). The resulting RE value of
20.72 bits should allow Fur to target specifically as few as
two sites in the whole genome. Thus, if the main hypothesis behind RE were true, P. aeruginosa Fur could have discarded a substantial part of its positional information
(Rsequence) by relying on anti-skew composition. Instead, P.
aeruginosa Fur maintains a Rsequence value similar to that of
E. coli Fur despite the loss in genomic entropy (Hbefore) due
to genomic skew (i.e. P. aeruginosa Fur sites are more conserved that E. coli Fur sites). On the other hand, in the
38.1% GC-rich H. influenzae CRP sites are strongly conserved (Rsequence = 17.83 bits) in comparison to those of E.
coli CRP (10.09 bits). A plausible explanation for this
effect could be an error due to small sample (there are 45
described CRP sites in H. influenzae for 210 in E. coli), but
using the small sample correction proposed by Schneider
et al. on H. influenzae CRP sites does only decrease H.
influenzae CRP Rsequence to 16.51 bits [13]. Moreover, iterated sub-sampling of the 210 E. coli sites into 45-site prototype groups does not yield enough deviation to explain
the observed 7 bit increase either (Figure 6b). In fact, the
maximum Rsequence value for any of the 10,000 sampled
groups is still 4 bits away (13.89 bits) from the H. influenzae profile. As mentioned above, a corollary of RE is the
prediction that DNA-binding motifs should tend to
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evolve against the skew in order to profit from easier location. However, the H. influenzae CRP protein is not relying
substantially on anti-skew composition to detect its sites.
Instead, efficient location of these AT-rich sites in the ATrich background of H. influenzae seems to be based
entirely on increased Rsequence. If anything, both H. influenzae CRP and P. aeruginosa Fur sites seem to have adapted
towards the skew, not against it. The P. aeruginosa Fur
motif is 70.72% AT (for 74.71% AT in E. coli), while the
H. influenzae CRP motif is 69.89% AT (for 64.68% AT in
E. coli). In summary, both motifs have moved towards the
skew, and both have become more conserved.
A reappraisal of information content in binding sites
Since its introduction in 1986 [13], the assumption of
equality between Rfrequency and Rsequence that lies at the core
of RE has been considered a de facto axiom of information theory applied to binding sites and has shaped the
way we think about binding site search, specificity and
evolution. However, the results presented above stand in
open contradiction with the predictions made by this
hypothesis and thus beg us to reconsider its validity and
applicability.

In 2000, Schneider showed by means of a genetic algorithm that, given some constraints, Rsequence would evolve
towards Rfrequency [20]. Later on, Kim et al. applied a more
formal mathematical treatment to the same problem and
concluded that deviations between Rsequence and Rfrequency
are constrained to a very small range [47]. An important
assumption in both analyses is the use of an on-off switch
model for the transcription factor (i.e. sites are either recognized or not according to a threshold). Even though
some studies suggest that the transition from sites to nonsites is relatively sharp for some transcription factors [36],
the use of an on-off model is still a strong assumption,
since it is well known that transcription factors present a
varied range of binding affinities for the binding sites they
recognize [48-51]. Therefore, the use of a "black/white"
approach centers the ensuing analysis exclusively on the
problem of how the protein identifies its target sites in the
genome, disregarding completely any functional requirements of the protein for differentially regulating its different binding sites. It is worth noting here that a last implicit
constraint in both analyses is the assumption of an
equiprobable background. This is important because, as it
will be shown, it is only in such a context that Rsequence
equates to a significant degree with search and, therefore,
with Rfrequency.
As outlined in the introduction, Rsequence and Rfrequency measure subtly different things. Rsequence is associated with the
uncertainty of the recognition process, while Rfrequency
measures the uncertainty in terms of distinguishing a
sequence from the genomic background. Therefore, Rfre-
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is intrinsically linked to the search problem, but Rseis only partly related to it. In an equiprobable
background, where the equality between Rsequence and Rfrequency was first postulated [13], Rsequence is substantially
related to the search problem. This is because location of
binding sites by the protein proceeds by Brownian diffusion and contacts with DNA in a random manner. Contacts between DNA and protein can be non-specific
(totally electrostatic) with non-sites or specific for sites
according to the protein profile (true sites and pseudosites) [52]. Thus, search efficiency improves as the affinity
of the protein for its true sites increases (i.e. Rsequence
increases), since this implies that fewer genomic positions
will qualify as pseudo-sites for the protein. Therefore, the
protein will spend less time engaged in specific binding
with pseudo-sites during its random walk and the average
time to locate its true sites will be significantly reduced. In
this setting, Rsequence can indeed approximate Rfrequency to a
substantial degree. This is a sad coincidence, because it
tricks us into assuming that ranking and searching are
equivalent problems for the protein. In doing so, we thus
disregard any constraints on Rsequence imposed by the ranking problem.
quency

quence
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above, there are many combinations of both situations
that also yield minima for ranking range while providing
different degrees of search efficiency and Rsequence values.
Between these extremes, however, there lie a wide scope of
combinations providing different Rsequence values and affinity ranges. It must be noted, however, that Rsequence does
not provide direct information on the transcription factor
operating range. Instead, this information can be found
by examining the distribution of affinity values for each
binding site of the prototype group.

By means of a little thought experiment it can be shown
that ranking and searching are in fact separate processes
operating simultaneously on TF-binding sites. One can
easily envision a 22 bp motif for a transcription factor that
had 5 totally conserved and 17 equiprobable positions.
Such a motif would have an Rsequence value of 10 bits,
roughly the same amount as E. coli CRP. The transcription
factor recognizing such a motif would still be able to
locate its binding sites with relative high efficiency on an
equiprobable background, but it would have no way of
gradating its response among them. It would, effectively,
have become an on/off switch. Since it is known that this
is not the way many transcription factors operate with
regard to their sites, one must acknowledge that there are
at least two separate processes (affinity ranking and site
search) contributing to Rsequence. As a matter of fact, it is the
way in which these two factors are integrated into Rsequence
that will determine the degree of equivalence between Rsequence and Rfrequency.

Weighted methods were originally developed for ranking
binding sites according to their experimental affinity and
are thus better suited than non-weighted indices to provide an estimation of affinity range for different transcription factors [27]. Figure 8a shows the affinity ranges based
on the Rsequence · BvH index for the different transcription
factors analyzed in this work. As it has been described previously, Rsequence · BvH affinity ranges for transcription factors are highly linear [27]. Therefore affinity ranges can be
equated approximately with the slope of their linear correlation, as this captures the dispersion in affinity values.
Useful as they are to assess the relative binding affinity of
sites, however, affinity plots based on ranking indices like
Rsequence · BvH do not capture the effective operating range
of a protein. This is because they disregard the search
problem by focusing exclusively in the prototype group,
much in the same manner as the Rfrequency approach disregards ranking by focusing on search. Clearly, if binding
affinity is to be defined meaningfully in a genomic context, it must be defined as the average occupancy of a site
by a protein. This suggests that effective binding affinity
must be a compound function of both the affinity of the
protein for the site (ranking) and its ability to locate it
within the genome (search). Such a compound function
can be approximated to a certain extent by modulating the
ranking index (Rsequence · BvH) for each site with the fraction of false positives required to locate it, thus combining
information on both the ranking and search processes.
The results of this compound function are presented in
Figure 8b and they reveal how transcription factors can
make use of the search process to alter dramatically the
linear shape of their affinity range.

For any given motif size, the values of Rsequence at each position yield two obvious limits with regard to the possible
range of an affinity ranking function. On the one hand, in
a motif with fully conserved positions (maximum motif
Rsequence) all sites are identical and cannot be differentially
regulated, even though they can be located in the genome
with the highest efficiency. On the other hand, a motif in
which all positions are equiprobable (minimum Rsequence)
makes it impossible either to distinguish among sites or to
discern them against an equiprobable background. Obviously, as in the case of the thought experiment described

If one assumes an equivalent protein concentration for
the different E. coli transcription factors shown in Figure
8b, it can be seen that transcription factors targeting
motifs with low Rsequence values, like Fis, present a strong
dispersion in their effective binding affinity, since all but
the best sites become rapidly indiscernible from the background. For higher Rsequence values, transcription factors
can exploit their potential affinity range in different manners, aiming at reaching a balance among site conservation (Rsequence), the desired effective affinity range and a
viable concentration of transcription factor. Based on the
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Figure 8and effective affinity range for different transcription factors
Standard
Standard and effective affinity range for different transcription factors. (a) Estimation of the affinity range for the different transcription factors analyzed in this work. For each transcription factor, the affinity range is represented as the distribution of affinities for all its experimentally determined binding sites. The affinity of each binding site is estimated using the Rsequence
· BvH ranking index. (b) Estimation of the effective affinity range. For each transcription factor, the effective affinity range is represented as the distribution of normalized affinities for all its experimentally determined binding sites. Normalized affinities are
estimated by normalizing the Rsequence · BvH ranking index for each site with the number of false positives required to find that
site. For comparison purposes, in both affinity range plots Rsequence · BvH values (Y-axis) are normalized to the length of the
binding motif for each transcription factor and ranges (X-axis) are shown as the percentage of experimentally determined sites
(collection).
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results shown in Figure 8, it can be argued that transcription factors covering a large number of sites, like CRP, sacrifice part of their linear affinity range in order to
effectively cover the vast majority of their sites without
incurring in a large cost in conservation (Rsequence) and protein concentration. On the other hand, transcription factors for more specific responses like Fur, which target a
lower number of sites, can maintain higher Rsequence values
and higher linear ranges. This would allow such transcription factors to operate strongly on a number of sites at the
same time as they maintain a much looser control on the
rest of the regulon. A biological rationale for this mode of
operation can be the necessity to strongly activate/repress
several genes important for the specific response while
relaying relaxed regulation to less specific genes.
Without prior knowledge of the specific functional
requirements for a given transcription factor it is difficult
to predict the evolutionary pathway it will follow to meet
the equilibrium between Rsequence, protein concentration
and its effective affinity range. The SOS response repressor
LexA, however, poses an interesting case example since a
part of its functional requirements is well known. LexA
targets around 30 palindromic binding sites in E. coli [53]
and its binding motif has an Rsequence value of 20.27 bits.
This has long defied interpretation by the standard information theory approach because Rfrequency calculations
indicate that the LexA binding motif ought to contain
17.39 bits (Rfrequency). Instead, the observed Rsequence suggests that LexA is over-specified to the point of targeting
efficiently as few as 4 sites in the E. coli genome. Schneider
and Stormo suggested that specific binding of other proteins to T7 promoters might account for extreme overspecification in these sites [54], but no such cross-interaction has ever been described for E. coli LexA-binding sites.
Most probably, the reason for the over-specification of
LexA lies in its regulation of the sulA gene, encoding a cell
division inhibitor that leads to lethal lexA- mutant phenotypes, and several DNA damage-inducible error-prone
polymerases and DNA helicases that can substantially
hamper viability if unregulated [55-58]. As it has been
postulated previously, the negative effects of these genes
require that they be under very tight repression in normal
circumstances [48,56,58,59]. Figure 8b shows that LexA
enforces efficient repression of key genes by using a relatively high protein number (1300 molecules per cell) and
an unexpected amount of site conservation (Rsequence). This
allows LexA to operate effectively in its original linear
range, as the search process contributes little to the effective affinity range. By maintaining a high ratio (~1/6) with
the concentration of inducer (RecA), the system is able to
guarantee a fast response time, which is also known to be
a requirement of the SOS response [60,61].
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Rsequence is by definition a measure of positional information content. This has been interpreted previously by different authors as being either primarily a measure of
affinity range [27] or an estimate of search performance
[13]. Following the line of reasoning outlined above,
however, Rsequence provides an averaged measure of the
informational requirements for both the search and ranking processes. This suggests that, to some degree, part of
Rsequence may be devoted to one or the other process. Transcription factors targeting palindromic motifs offer a good
benchmark to test this hypothesis. If one assumes a dimer
search pathway [62], specificity against the background is
obtained mainly by dimer binding, suggesting that
approximately the same amount of information should
be present in both half-sequences. Nonetheless, many
palindromic motifs in E. coli, like CRP, exhibit a slightly
asymmetrical shape, with one half-sequence more conserved than the other. By reversing known sites on the
basis of half-site conservation, it is possible to accentuate
this effect, leading to heavily asymmetrical motifs (Figure
9 inset).
Here we assessed the efficiency of the Ri search method
operating on a collection of weakened CRP sites. The
weakened collection (Rsequence = 7.27 bits) was derived
from the highly asymmetrical CRP motif by substituting
the strong half-sequence with a mirror copy of the weak
half-sequence for each site (Figure 9 inset). Despite a 31%
reduction in information content on an already underspecified motif and the arbitrary introduction of artificial
symmetry, the search results of the mirrored CRP collection are quite close (5.5% difference) to those obtained
using both the original and asymmetric CRP collections
(Figure 9). The fact that similar results are obtained when
the same mirroring procedure is applied to other palindromic motifs, like Fnr (data not shown), leads us to suggest that the excess information observed in the strong
dyad of asymmetrical palindromic profiles may be used
primarily for binding affinity, while search operates
mainly on the remaining symmetrical information.
Reassessing binding site evolution
Given the number of factors governing the equilibrium
among Rsequence, protein concentration, binding site
number and effective affinity range, it is difficult to accurately assess the theory outlined above in the case of
skewed genomes. Nonetheless, certain broad predictions
can still be made for the evolution of transcription factors
trapped in a genome drifting towards skew. As discussed
above, based on the equality between Rfrequency and Rsequence,
RE predicts that anti-skew motifs on a skewed genome are
prone to lose some positional information because the
search problem is overtly simplified in the skewed
genome. As the P. aeruginosa Fur case illustrates, however,
this does not seem to be the case. In fact, the evidence sug-
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Search efficiency in E. coli with "weakened" CRP sites. Mean ROC curves for the Ri search method trying to locate CRP
binding sites on the E. coli genome, using the original, asymmetric and mirrored collections of CRP. The plot is scaled to
encompass a 1/10 true to false positive ratio for CRP (2100 false positives). The Rsequence profile of the original, asymmetrical
and mirrored CRP motifs is shown in the inset.
gests that, for the transcription factor to fulfill an equivalent function in the skewed genome, its anti-skew motif
must retain or even increase its positional information
content. This is due to the fact that affinity ranking must
now operate in a background in which the search process
does not contribute significantly to the effective affinity
range (Figure 8b). Transcription factors may adapt partly
to this situation by lowering their number of copies in the
cell (and thus increasing the relevance of the search process in determining effective affinity), but it is difficult to
see how they might shed away positional information, as
this would only limit further their operational range.
Transcription factors targeting pro-skew sites face the
opposite problem. In this case, the search problem
becomes a fundamental limiting factor and high Rsequence
values are required in order to distinguish sites from the
genomic background. Nonetheless, the minimum Rsequence
value required for efficient location of sites does not guar-

antee per se a desirable effective range for affinity. Thus,
additional information content may still be required to
provide an effective affinity range. In particular, one must
take into account that, due to the pro-skew composition
of sites, any increase in the linear affinity range will result
in a very large increase in effective affinity range, as search
requirements will very rapidly disrupt the original affinity
scope. This suggests that a considerable amount of additional information will be required to maintain an adequate effective affinity range. Although they do not
constitute solid proof, the search results for Fur shown in
Figure 3 certainly support this hypothesis. These results
suggest that 14 bits of information in a 33% GC-rich
genome ought to be enough to provide a search efficiency
roughly similar to that of CRP in E. coli. Nevertheless, H.
influenzae CRP displays 17.83 bits, indicating that additional information is being used to provide it with an adequate operating range.
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From a broader perspective, the fact that Rsequence values do
not decrease for P. aeruginosa Fur and H. influenzae CRP is
in agreement with a peculiarity of Rsequence that has been
puzzling researchers for decades. As outlined in the introduction, in skewed genomes Rsequence decreases without
regard to the direction of the motif skew. The reason is
that the background genomic entropy (Hbefore) decreases,
making less information available for encoding recognition. Schneider et al. argued that by going against the skew
a transcription factor might exploit search efficiency and
benefit from the skew [13], but in terms of information
theory this would be akin to a free lunch proposition:
motifs could become more informative in a less informative setting. As we have shown above, however, a skew in
genome composition introduces a net reduction in information that influences both the search and ranking problems to different extents. Thus, search might be facilitated
by the genomic skew, but at the cost of hampering the
effective affinity range. In order to compensate for the
overall loss in information content and maintain comparable functionality, transcription factors in skewed
genomes are forced to increase or at the least maintain the
positional information content of their motifs.
In contrast to the conventional viewpoint, anti-skew sites
trapped in a genome drifting towards skew would benefit
from moving towards the skew instead of remaining
against it. Clearly, if P. aeruginosa Fur moved towards the
skew, the search problem would gain relevance, yielding a
larger effective affinity range for the same positional information. In addition, it can be argued that positional information would be less expensive to maintain for a motif
more attuned to the genomic skew. Indeed, P. aeruginosa
Fur seems to be drifting towards the skew, but its drift
appears to be remarkably slow. A possible explanation for
this fact is that migration towards the skew implies a coevolutionary process between a transcription factor and
its binding sites that may not be easy to attain without
temporal loss of functionality. Given this constraint,
maintenance or increase of positional information con-

tent against the skew may be a much simpler pathway and
thus act as a powerful attractor in the evolutionary landscape faced by transcription factors trapped in genomes
drifting towards skew.
Reassessing binding site search
In the light of the arguments expounded above, it seems
apparent that straightforward heuristic improvements and
ad-hoc modifications of information theory methods are
ill-suited to cope with the inherent complexity of the
interactions between transcription factor binding sites
and the genomes they sit in. The poor results of REderived methods in skewed genomes certainly support
this idea. Arguably, more complex methods can be used to
model the background genomic sequence more accurately, as it is routinely done in motif discovery tools using
Markov models [63-65]. This would allow implementing
more reliable corrections to improve search in skewed
genomes. However, it must be borne in mind that functional affinity range requirements on site conservation
may still degrade performance even if accurate background models are used. This is because any background
correction becomes effectively a weighting factor in the
analysis of putative binding sites. As we have shown here,
weighting increases the chances of random false positives
by making methods focus on fewer positions. Therefore,
any excess weighting due to affinity range requirements
on Rsequence will tend to increase false positive rates in spite
of accurate background corrections. In the light of this,
non-weighted methods based on Rsequence (Ri, HI) seem on
average the best choice in the general problem of site
search because they make the least assumptions (Table 1).
The avoidance of prior assumptions is also a characteristic
of several machine-learning paradigms, like Artificial
Neural Networks (ANN) or Hidden Markov Models
(HMM). Due to their iterative training nature, these methods are ideally suited to detect and incorporate into their
internal model complex deviations in the genomic background [66,67]. Therefore, they have the potential to
match and even outperform information theory methods

Table 1: Summary of relative method performances.

Random background

Genomic background

Method

Type

Equiprobable

Skewed

Equiprobable

Skewed

Reference

Ri
Iseq
Rsequence · BvH
R'sequence
RE · BvH
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FitomHI
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W

++++
++++
++

++
++++
+

++++
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++
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[23]
[25]
[27,28]

W

++

+++

++

++

This work

W

++

+

++
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This work

Summary of relative method performance on the search problem against different backgrounds. Increasing numbers of + signs symbolize higher
accuracy. W stands for weighted and NW for non-weighted method.

Page 19 of 22
(page number not for citation purposes)

BMC Bioinformatics 2009, 10:57

for site search. Moreover, these methods can also use and
infer different types of information (e.g. curvature)
encoded within the sequence, as well as existing interdependences between motif positions [67-69]. Still, method
standardization and broad applicability remain a thorny
issue for these computing paradigms, and a substantial
effort in this direction is required before they can be successfully applied to the binding site search problem.

Conclusion
The results presented above have several important implications for the understanding of binding site search, information and evolution. On the search problem, we
conclude that non-weighted Rsequence-based methods
should be used preferentially, as they contain fewer
assumptions and are thus less prone to misfire on real biological data. Conversely, weighted Rsequence-based methods
seem to be better indicated to affinity rank sites. Relative
entropy and similar heuristic corrections for skew composition should be avoided, since they are based on the misguided hypothesis that search and differential regulation
are equivalent problems for the protein. In contrast, we
propose that information content as defined by Rsequence is
a compound measure that incorporates requirements
from the search and regulation processes. This revised paradigm suggests that binding sites will tend to drift towards
the genomic skew, not against it, and increase their conservation to circumvent the global loss of information
content in skewed genomes.

Methods
Sequences and collections of binding sites
Complete genome sequences for E. coli str. K-12 substr.
P.
aeruginosa
PAO1
MG1655
[NC_000913],
[NC_002516], H. influenzae Rd KW20 [NC_000907], Colwellia psychrerythraea 34H [NC_003910], Salinibacter ruber
DSM 13855 [NC_007677], Thiobacillus denitrificans ATCC
25259 [NC_007404], Enterococcus faecalis V583
[NC_004668], Anaplasma marginale str. St. Maries
[NC_004842] and Nitrosococcus oceani ATCC 19707
[NC_007484] were downloaded from the Entrez database
at NCBI http://www.ncbi.nlm.nih.gov/Entrez/.

Collections of binding sites (Table S2, Additional file 1)
for E. coli Fis, CRP and Fur sites, and for P. aeruginosa Fur
sites were downloaded from the Prodoric database [70].
The collection of E. coli LexA binding sites was obtained
from [53]. H. influenzae CRP binding sites were provided
by Rosie Redfield [71].
Computer programs
Searches for binding sites using the different methods
described herein were conducted entirely with Fitom, a
program to locate binding sites in genomic sequences
[72]. Fitom allows different modes of action, in which the
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user can chose on a variety of search methods, threshold
adjustments, report styles and background entropy calculations. For the purposes of this work, all searches were
carried using the computed background entropy of the
full genome sequence [23] and no small sample correction [13] in the estimation of Rsequence and RE.
Random backgrounds with different skews were generated with RandSeq, a simple program written in C++ to
generate random sequences based on a naïve Bernoulli
model of mononucleotide frequencies. To simulate search
processes on random backgrounds, binding sites from
experimentally validated collections (Table S2, Additional
file 1) were inserted at known positions in the randomly
generated sequences. Frequencies for 20-mers in real and
artificial genomes were computed with NmerFreq. Executable programs, user manuals and source code are available for download at http://research.umbc.edu/~erill.
ROC curves
All reported ROC curves correspond to simulated search
processes, either on real genomic sequence or on artificially generated sequence. In a simulated search process, a
collection of experimentally validated binding sites is provided to Fitom and the program scans both strands of the
target sequence. Experimentally validated binding sites
present in the target sequence are considered positives. All
other sites in the target sequence are considered negatives.
For a given threshold , sensitivity is computed as the ratio
between true positives (positives reported as positives by
Fitom according to ) and positives. Likewise, specificity
is computed as the ratio between true negatives (negatives
reported as negatives by Fitom according to ) and negatives. ROC curves of simulated search processes on artificially generated sequence show the mean and standard
deviation of three independent experiments (on three different randomly generated sequences).

Authors' contributions
IE conceived and designed the study, carried out all programming and data collection and drafted the manuscript. MCO verified data and results, helped to draft the
manuscript and participated in the design of the study.
Both authors read and approved the final manuscript.

Additional material
Additional file 1
Table S2. Table showing information logos for different TF-binding
motifs.
Click here for file
[http://www.biomedcentral.com/content/supplementary/14712105-10-57-S1.doc]

Page 20 of 22
(page number not for citation purposes)

BMC Bioinformatics 2009, 10:57

Acknowledgements

http://www.biomedcentral.com/1471-2105/10/57

25.

The authors wish to thank Andrew Cameron and Rosie Redfield for kindly
providing the sequences of CRP sites of H. influenzae. This work was supported partly by UMBC Special Research Assistantship/Initiative Support
program. The authors would like to thank the reviewers of this manuscript
for their insightful comments and suggestions.

27.

References

28.

1.

2.

3.
4.
5.
6.
7.
8.
9.
10.

11.
12.

13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.

Aparicio O, Geisberg JV, Struhl K: Chromatin immunoprecipitation for determining the association of proteins with specific
genomic sequences in vivo. Current protocols in cell biology/editorial
board, Juan S Bonifacino [et al] 2004, Chapter 17:Unit 17.17.
Robertson G, Hirst M, Bainbridge M, Bilenky M, Zhao Y, Zeng T,
Euskirchen G, Bernier B, Varhol R, Delaney A, et al.: Genome-wide
profiles of STAT1 DNA association using chromatin immunoprecipitation and massively parallel sequencing. Nat Methods 2007, 4(8):651-657.
Bailey TL, Elkan C: Fitting a mixture model by expectation
maximization to discover motifs in biopolymers. Proc Int Conf
on Intell Syst Mol Biol 1994, 2:28-36.
Stormo GD, Hartzell GW 3rd: Identifying protein-binding sites
from unaligned DNA fragments. Proceedings of the National Academy of Sciences of the United States of America 1989, 86(4):1183-1187.
Lawrence CE, Altschul SF, Boguski MS, Liu JS, Neuwald AF, Wootton
JC: Detecting subtle sequence signals: a Gibbs sampling strategy for multiple alignment. Science 1993, 262(5131):208-214.
van Helden J, Rios AF, Collado-Vides J: Discovering regulatory
elements in non-coding sequences by analysis of spaced
dyads. Nucleic acids research 2000, 28(8):1808-1818.
Betel D, Hogue C: Kangaroo – A pattern-matching program
for biological sequences. BMC bioinformatics 2002, 3(1):20.
Gelfand MS: Prediction of function in DNA sequence analysis.
J Comput Biol 1995, 2(1):87-115.
Osada R, Zaslavsky E, Singh M: Comparative analysis of methods
for representing and searching for transcription factor binding sites. Bioinformatics (Oxford, England) 2004, 20(18):3516-3525.
Berg OG, von Hippel PH: Selection of DNA binding sites by regulatory proteins. Statistical-mechanical theory and application to operators and promoters. Journal of molecular biology
1987, 193(4):723-750.
von Hippel PH, Berg OG: On the specificity of DNA-protein
interactions. Proceedings of the National Academy of Sciences of the
United States of America 1986, 83(6):1608-1612.
Berg OG: Selection of DNA binding sites by regulatory proteins: the LexA protein and the arginine repressor use different strategies for functional specificity. Nucleic acids research
1988, 16(11):5089-5105.
Schneider TD, Stormo GD, Gold L, Ehrenfeucht A: Information
content of binding sites on nucleotide sequences. Journal of
molecular biology 1986, 188(3):415-431.
Shannon CE: A mathematical theory of communication. Bell
System Technical Journal 1948, 27:379-423.
Gatlin LL: The information content of DNA. J Theor Biol 1966,
10(2):281-300.
Gatlin LL: The information content of DNA. II. J Theor Biol 1968,
18(2):181-194.
Gibbs JW: Elementary principles in statistical mechanics.
New York: Charles Scribners Sons; 1902.
Jaynes ET: Information Theory and Statistical Mechanics. Physical Review 1957, 106(4):620.
Jaynes ET: Information Theory and Statistical Mechanics. II.
Physical Review 1957, 108(2):171.
Schneider TD: Evolution of biological information. Nucleic acids
research 2000, 28(14):2794-2799.
Kullback S, Leibler RA: On information and sufficiency. Annals of
Mathematical Statistics 1951, 22:79-86.
Stormo GD: Information content and free energy in DNA–
protein interactions. J Theor Biol 1998, 195(1):135-137.
Schneider TD: Information Content of Individual Genetic
Sequences. Journal of Theoretical Biology 1997, 189(4):427-441.
Staden R: Computer methods to locate signals in nucleic acid
sequences. Nucleic acids research 1984, 12(1 Pt 2):505-519.

26.

29.

30.

31.
32.
33.
34.

35.
36.

37.

38.

39.
40.
41.
42.
43.
44.
45.
46.

47.

Hertz GZ, Hartzell GW 3rd, Stormo GD: Identification of consensus patterns in unaligned DNA sequences known to be
functionally related. Comput Appl Biosci 1990, 6(2):81-92.
Stormo GD, Fields DS: Specificity, free energy and information
content in protein-DNA interactions. Trends in biochemical sciences 1998, 23(3):109-113.
O'Neill MC: Consensus methods for finding and ranking DNA
binding sites. Application to Escherichia coli promoters. Journal of molecular biology 1989, 207(2):301-310.
O'Neill MC: A general procedure for locating and analyzing
protein-binding sequence motifs in nucleic acids. Proceedings
of the National Academy of Sciences of the United States of America 1998,
95(18):10710-10715.
Barash B, Elidan G, Friedman N, Kaplan T: Modeling dependencies
in protein-DNA binding sites. In Proceedings of the seventh annual
international conference on Research in computational molecular biology
Berlin, Germany: ACM; 2003.
Bulyk ML, Johnson PL, Church GM: Nucleotides of transcription
factor binding sites exert interdependent effects on the binding affinities of transcription factors. Nucleic acids research 2002,
30(5):1255-1261.
Zweig MH, Campbell G: Receiver-operating characteristic
(ROC) plots: a fundamental evaluation tool in clinical medicine. Clinical chemistry 1993, 39(4):561-577.
Trifonov EN: Interfering contexts of regulatory sequence elements. Comput Appl Biosci 1996, 12(5):423-429.
Asayama M, Ohyama T: Curved DNA and Prokaryotic Promoters. DNA Conformation and Transcription 2005:37-51.
Jauregui R, Abreu-Goodger C, Moreno-Hagelsieb G, Collado-Vides J,
Merino E: Conservation of DNA curvature signals in regulatory regions of prokaryotic genes. Nucleic acids research 2003,
31(23):6770-6777.
Kozobay-Avraham L, Hosid S, Bolshoy A: Curvature distribution
in prokaryotic genomes. In silico biology 2004, 4(3):361-375.
Shultzaberger RK, Roberts LR, Lyakhov IG, Sidorov IA, Stephen AG,
Fisher RJ, Schneider TD: Correlation between binding rate constants and individual information of E. coli Fis binding sites.
Nucleic acids research 2007, 35(16):5275-5283.
Griffith KL, Shah IM, Myers TE, O'Neill MC, Wolf RE Jr: Evidence
for "pre-recruitment" as a new mechanism of transcription
activation in Escherichia coli: the large excess of SoxS binding sites per cell relative to the number of SoxS molecules
per cell. Biochem Biophys Res Commun 2002, 291(4):979-986.
Sun LJ, Peterson BR, Verdine GL: Dual role of the nuclear factor
of activated T cells insert region in DNA recognition and
cooperative contacts to activator protein 1. Proceedings of the
National Academy of Sciences of the United States of America 1997,
94(10):4919-4924.
Rudnick J, Bruinsma R: DNA-protein cooperative binding
through variable-range elastic coupling. Biophysical journal 1999,
76(4):1725-1733.
GuhaThakurta D, Stormo GD: Identifying target sites for cooperatively binding factors. Bioinformatics (Oxford, England) 2001,
17(7):608-621.
Shultzaberger RK, Chen Z, Lewis KA, Schneider TD: Anatomy of
Escherichia coli sigma70 promoters. Nucleic acids research 2007,
35(3):771-788.
Shultzaberger RK, Bucheimer RE, Rudd KE, Schneider TD: Anatomy
of Escherichia coli ribosome binding sites. Journal of molecular
biology 2001, 313(1):215-228.
Phillips GJ, Arnold J, Ivarie R: Mono- through hexanucleotide
composition of the Escherichia coli genome: a Markov chain
analysis. Nucleic acids research 1987, 15(6):2611-2626.
Pride DT, Meinersmann RJ, Wassenaar TM, Blaser MJ: Evolutionary
Implications of Microbial Genome Tetranucleotide Frequency Biases. Genome research 2003, 13(2):145-158.
D'Haeseleer P: What are DNA sequence motifs? Nature biotechnology 2006, 24(4):423-425.
Chen Z, Lewis KA, Shultzaberger RK, Lyakhov IG, Zheng M, Doan B,
Storz G, Schneider TD: Discovery of Fur binding site clusters in
Escherichia coli by information theory models. Nucleic acids
research 2007, 35(20):6762-6777.
Kim JT, Martinetz T, Polani D: Bioinformatic principles underlying the information content of transcription factor binding
sites. J Theor Biol 2003, 220(4):529-544.

Page 21 of 22
(page number not for citation purposes)

BMC Bioinformatics 2009, 10:57

48.
49.
50.

51.
52.
53.

54.
55.
56.

57.

58.
59.
60.
61.
62.

63.

64.
65.
66.
67.

68.
69.
70.

71.

Schnarr M, Oertel-Buchheit P, Kazmaier M, Granger-Schnarr M:
DNA binding properties of the LexA repressor. Biochimie
1991, 73(4):423-431.
Kolb A, Spassky A, Chapon C, Blazy B, Buc H: On the different
binding affinities of CRP at the lac, gal and malT promoter
regions. Nucleic acids research 1983, 11(22):7833-7852.
Gaston K, Kolb A, Busby S: Binding of the Escherichia coli cyclic
AMP receptor protein to DNA fragments containing consensus nucleotide sequences. The Biochemical journal 1989,
261(2):649-653.
Baichoo N, Helmann JD: Recognition of DNA by Fur: a Reinterpretation of the Fur Box Consensus Sequence. Journal of bacteriology 2002, 184(21):5826-5832.
von Hippel PH, Berg OG: Facilitated target location in biological systems. The Journal of biological chemistry 1989, 264(2):675-678.
Fernandez De Henestrosa AR, Ogi T, Aoyagi S, Chafin D, Hayes JJ,
Ohmori H, Woodgate R: Identification of additional genes
belonging to the LexA regulon in Escherichia coli. Molecular
microbiology 2000, 35(6):1560-1572.
Schneider TD, Stormo GD: Excess information at bacteriophage T7 genomic promoters detected by a random cloning technique. Nucleic acids research 1989, 17(2):659-674.
Huisman O, D'Ari R, George J: Further characterization of sfiA
and sfiB mutations in Escherichia coli. Journal of bacteriology
1980, 144(1):185-191.
Erill I, Escribano M, Campoy S, Barbe J: In silico analysis reveals
substantial variability in the gene contents of the gamma
proteobacteria LexA-regulon. Bioinformatics (Oxford, England)
2003, 19(17):2225-2236.
Uchida K, Furukohri A, Shinozaki Y, Mori T, Ogawara D, Kanaya S,
Nohmi T, Maki H, Akiyama M: Overproduction of Escherichia
coli DNA polymerase DinB (Pol IV) inhibits replication fork
progression and is lethal. Mol Microbiol 2008, 70(3):608-622.
Krishna S, Maslov S, Sneppen K: UV-induced mutagenesis in
Escherichia coli SOS response: a quantitative model. PLoS
computational biology 2007, 3(3):e41.
Cole ST: Characterisation of the promoter for the LexA regulated sulA gene of Escherichia coli. Mol Gen Genet 1983,
189(3):400-404.
Butala M, Zgur-Bertok D, Busby SJ: The bacterial LexA transcriptional repressor. Cell Mol Life Sci 2008, 66(1):82-93.
Brent R: Regulation and autoregulation by lexA protein. Biochimie 1982, 64(8–9):565-569.
Kohler JJ, Metallo SJ, Schneider TL, Schepartz A: DNA specificity
enhanced by sequential binding of protein monomers. Proceedings of the National Academy of Sciences of the United States of America 1999, 96(21):11735-11739.
Thijs G, Marchal K, Lescot M, Rombauts S, De Moor B, Rouze P,
Moreau Y: A Gibbs sampling method to detect overrepresented motifs in the upstream regions of coexpressed genes.
J Comput Biol 2002, 9(2):447-464.
Liu X, Brutlag DL, Liu JS: BioProspector: discovering conserved
DNA motifs in upstream regulatory regions of co-expressed
genes. Pacific Symposium on Biocomputing 2001:127-138.
Bailey TL, Elkan C: Unsupervised Learning of Multiple Motifs in
Biopolymers Using Expectation Maximization. Machine Learning 1995, 21(1–2):51-80.
Heumann JM, Lapedes AS, Stormo GD: Neural networks for
determining protein specificity and multiple alignment of
binding sites. Proc Int Conf Intell Syst Mol Biol 1994, 2:188-194.
Xiaoyue Z, Haiyan H, Terence PS: Finding short DNA motifs
using permuted markov models. In Proceedings of the eighth
annual international conference on Resaerch in computational molecular
biology San Diego, California, USA: ACM; 2004.
Parbhane RV, Tambe SS, Kulkarni BD: ANN modeling of DNA
sequences: new strategies using DNA shape code. Computers
& chemistry 2000, 24(6):699-711.
O'Neill MC: Training back-propagation neural networks to
define and detect DNA-binding sites. Nucleic acids research
1991, 19(2):313-318.
Munch R, Hiller K, Grote A, Scheer M, Klein J, Schobert M, Jahn D:
Virtual Footprint and PRODORIC: an integrative framework for regulon prediction in prokaryotes. Bioinformatics
(Oxford, England) 2005, 21(22):4187-4189.
Redfield RJ, Cameron AD, Qian Q, Hinds J, Ali TR, Kroll JS, Langford
PR: A novel CRP-dependent regulon controls expression of

http://www.biomedcentral.com/1471-2105/10/57

72.
73.
74.
75.

competence genes in Haemophilus influenzae. Journal of
molecular biology 2005, 347(4):735-747.
Abella M, Campoy S, Erill I, Rojo F, Barbe J: Cohabitation of two
different lexA regulons in Pseudomonas putida. Journal of bacteriology 2007, 189(24):8855-8862.
Munch R, Hiller K, Barg H, Heldt D, Linz S, Wingender E, Jahn D:
PRODORIC: prokaryotic database of gene regulation.
Nucleic acids research 2003, 31(1):266-269.
Schneider TD, Stephens RM: Sequence logos: a new way to display consensus sequences.
Nucleic acids research 1990,
18(20):6097-6100.
Crooks GE, Hon G, Chandonia JM, Brenner SE: WebLogo: a
sequence logo generator.
Genome research 2004,
14(6):1188-1190.

Publish with Bio Med Central and every
scientist can read your work free of charge
"BioMed Central will be the most significant development for
disseminating the results of biomedical researc h in our lifetime."
Sir Paul Nurse, Cancer Research UK

Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central
yours — you keep the copyright

BioMedcentral

Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp

Page 22 of 22
(page number not for citation purposes)

