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Abstract
The identification of transcription factor binding sites in genome sequences is an
important problem in contemporary sequence analysis, and a plethora of approaches to
the problem have been proposed, implemented and evaluated in recent years. Although
the biological and statistical models, descriptions of binding sites and computational
algorithms used vary considerably amongst these methods, most share a common
assumption – that all motifs are equally likely to be transcription factor binding sites.
Here we argue that this simplifying assumption is incorrect – that the specific nature of
transcription factor-DNA interactions imposes constraints on the types of motifs that are
likely to be transcription factor binding sites and on the relationships between motifs
recognized by members of structurally similar transcription factors. We propose that our
structural and biochemical understanding of the interactions between transcription factors
and DNA can be used to guide de novo motif detection methods, and, in a series of
related papers introduce several methods that incorporate this idea.

Introduction:
Of the myriad ways that cells control the abundance and activity of the proteins
encoded by their genomes, regulation of mRNA synthesis is perhaps the most general and
significant. Transcriptional regulation plays a central role in a multitude of critical
cellular processes and responses, and is a central force in the development and
differentiation of multicellular organisms. There has thus been considerable interest in
understanding how genome sequences specify when and where genes should be

transcribed, and the availability of a wide range of genome sequences has greatly
accelerated research to decipher the genomic regulatory code.
Although they are only part of the complex networks that regulate transcription,
sequence specific DNA binding proteins (transcription factors) provide a crucial link
between DNA sequence and the cellular machinery that controls and carries out mRNA
synthesis. Transcription factors regulate gene expression by binding to sequences
flanking a gene (cis-sequences), interacting with each other and with other proteins (e.g.
cofactors, chromatin-remodeling enzymes, and general transcription factors) to modulate
the rate of transcription initiation at the appropriate promoter. To a large extent, the
specific temporal, positional and conditional pattern of expression of each gene is a
function (albeit a very complicated one) of the arrangement of transcription factor
binding sites in its cis-DNA.
Thus, in analyzing the transcription regulatory content of a genome, it is of
paramount importance to know the binding specificities of all the organism’s
transcription factors. Although methods exist to experimentally determine the in vitro [1,
2] and in vivo [3-5] binding specificities of transcription factors, it is not yet feasible to
routinely apply these methods to the hundreds or thousands of transcription factors
encoded by most organisms’ genomes.
There has, therefore, been considerable focus on methods to deduce the binding
specificities of transcription factors in the absence of direct experimental data. In recent
years, two largely independent approaches to this problem have emerged. In one
approach, structural and biochemical rules are used to predict the binding specificity of a
given transcription factor given its amino acid sequence (reviewed in [6]). In a second

approach, statistical models are used to identify from genome sequences and other
information those sequences – or more precisely models of related families of sequencesthat are likely to be binding sites for some biologically active transcription factor
(reviewed in [7]). Surprisingly, although both of these approaches show considerable
promise, there have been few efforts to combine their insights into a unified approach to
the de novo detection and prediction of transcription factor binding sites. Here, we briefly
review these two different approaches, point out the ways in which they can usefully be
combined, and propose an approach to transcription factor binding site detection that
incorporates aspects of both approaches. A series of related papers describe specific
implementations and evaluations of this approach.

Modeling and Inference of Transcription Factor Binding Specificities
Following early structural work on protein-DNA complexes, there was
considerable optimism that a protein recognition code would be discovered that would
allow for the binding specificity of a factor to be directly deduced from its amino acid
sequence [8]. However, as more and more structures were determined, it became clear
that such a deterministic code does not exist [9], with recent studies highlighting how the
detailed complexity and subtle variation of protein-DNA interactions makes such a code
impossible to deduce [10].
In recent years, the idea of a deterministic code has been replaced by that of a
“probabilistic code”, in which the amino acid sequence of a transcription factor – in
particular the identity of bases known to interact with DNA in related proteins – is used

to assess the likelihood that a given sequence will be bound by the factor or to design
factors likely to bind to a given target sequence [6, 11-17].
An entirely different approach has emerged with the increased availability of
genome sequence data. In particular, numerous methods have been developed and
applied to infer models of transcription factor binding sites directly from sequences, often
in combination with other types of information. For example, a large class of approaches
seeks models of transcription factor binding sites (usually in the form of position-weight
matrixes [18, 19]) that are enriched in sets of sequences that, based on experimental data,
are thought to contain common transcription factor binding sites. Enriched sequences are
identified in various ways, the most common based on maximum likelihood estimations
of finite mixture models as implemented in MEME [20] or the Gibbs sampler [21]. Many
alternate approaches have been introduced, including word counting methods [22-24],
probabilistic segmentation or dictionary based approaches [25], and direct modeling of
the relationship between sequences and expression data [26, 27].
Although the biological and statistical models, descriptions of binding sites and
computational algorithms used vary considerably amongst these methods, they all share
the assumption that all motifs are created equal; that any and all motifs have an equal a
priori probability of being a transcription factor binding site. Our central argument
here is that this assumption is incorrect – that the biophysical and biochemical
nature of transcription factor-DNA (TF-DNA) interactions imposes constraints on
the types of motifs that are likely to be transcription factor binding sites, and that
our structural and biochemical understanding of the interactions between

transcription factors and DNA can be used to guide de novo motif detection
methods.

Constraints on Sequence Specificities:
Transcription factors rarely bind exclusively to a single nucleotide sequence.
Rather, they usually recognize a family of sequences that share some highly conserved
bases as well as some more flexible positions (see Figure 1). These families of sequences
are generally described either as consensus sequences (Figure 1B) that specify which
base(s) are acceptable at each position or as position-weight matrixes (PWMs; Figure 1C)
that describe the probability of observing each base at each position within bound
sequences. Because consensus sequences are a special case of PWMs, and because there
is solid theory relating PWMs to binding affinities [28, 29], we will limit this discussion
to PWMs.
The matrix values of a PWM specify the relative preference of the transcription
factor for specific bases at each position. Binding sites (and PWMs) can also be
characterized by the overall tolerance of the factor for substitution at each position within
the site. A common measure of this substitution tolerance is Shannon information ([30];
Figure 1D). Information (formally I = 2 −

∑f

B
B ={ A,C ,G ,T }

log 2 f B where f B is the frequency of

base B [31]) is inversely proportional to substitution tolerance, and can be thought of as a
direct measure of the selectivity of the transcription factor at each position, with higher
information representing greater selectivity. Positions where only one base is ever
observed have little tolerance for base substitutions and therefore contain maximal

information (2.0), while all bases are observed at equal frequency have minimal
information (0.0).
Although information is a function only of observed base frequencies in
sequences bound by the factor, it is natural to think of information as a measure of the
importance of each base in productive transcription factor-DNA interactions as a site’s
tolerance for substitution should reflect the nature and extent of its contacts with the
transcription factor. An important recent paper [32] provides support for this relationship.
These authors analyzed five bacterial DNA binding proteins, whose structures bound to
DNA had been determined by x-ray crystallography, and computed the number of
contacts between each base in the bound DNA and the protein. For each factor they
assembled collections of sequences known from experimental data to be bound by the
protein, computed PWMs from these sequences, and showed that there is a strong
correlation between the number of contacts at a position in the bound sequence and the
information content of the corresponding position of the PWM. Bases that are more
extensively contacted by the protein are more conserved. We have observed a similar
relationship for several yeast transcription factors.
Although this observation that there is relationship between the structural
footprint of a protein on DNA and the information profile of the PWM that describes
sequences bound by this protein is, in some ways, fairly obvious and has been indirectly
described previously [33], it is surprising that this fundamental characteristic of
protein-DNA interactions has not been incorporated into de novo motif detection
algorithms. Here, we propose several ways in which this could be accomplished, and in

a related set of papers offer specific implementations of these ideas.

Clustering of information within PWMs.
Transcription factors rarely contact a single base without interacting with adjacent
bases. For example, many types of transcription factors insert an alpha-helix into the
major groove of DNA and make base-specific contacts with 4 or 5 adjacent nucleotides,
with the most contacts being made to the central 2 or 3 nucleotides [34]. It follows that
the position of high information (and thus also low information) positions should be
clustered within PWMs.
Such clustering is observed in transcription factor PWMs based on experimental
data. Figure 2 shows that, in PWMs from the transcription factor database TRANSFAC
[35], there is a strong correlation between the information at adjacent position (the
information content of all pairs of adjacent positions shows a Pearson correlation of 0.57,
as compared to an average Pearson correlation of 0.14 for 100 trials where the positions
within each matrix were randomly permuted).
As will be discussed below, this common feature of PWMs that represent bona
fide transcription factor binding sites can be readily incorporated into motif detection
algorithms and used to improve the specificity and sensitivity.

Shared information profiles for structurally related transcription factors.
An important corollary of the observation that there is a relationship between the
structural footprint of a transcription factor bound to DNA and the information profile of
its PWM, is that if we knew (or could predict) the footprint of a transcription factor on

DNA then we would expect the information profile of the PWM describing sequences
bound by this factor to match this footprint.
Of course, it is not practical to experimentally determine the structural footprint of
every factor in which we are interested. However, it should often be possible to infer the
structural footprint – or equivalently the expected information content of the PWM –
from those of structurally related transcription factors. An examination of transcription
factor-DNA complexes for factors within the same broad structural class, suggests that
the structural footprint of TFs on DNA is often reasonably well conserved, even when the
amino acid sequence and binding specificity of the factor are not. Therefore, and we can
hypothesize that the PWMs for homologous transcription factors should have similar
information profiles. To the extent that this is true (a detailed examination of the PWMs
in TRANSFAC loosely supports this hypothesis, although the quantity and quality of the
data were insufficient to demonstrate it conclusively), this property could have a
significant impact on methods to recognize transcription factor binding sites and on our
ability to match identified motifs with specific transcription factors.
For example, PWMs describing the binding sites of homeodomain proteins (of the
helix-turn-helix family of transcription factors) generally have a core of 4 highly
conserved bases flanked on either side by 1 or 2 more partially conserved bases. This is
consistent with the structures of homeodomain proteins complexed to DNA, in which an
α-helix positioned in the DNA major groove makes extensive contacts with 4 or 5 bases

and lesser contacts with a few bases flanking this core on either side. When attempting to
construct a PWM describing sites that might be bound by an otherwise uncharacterized

homeodomain protein, it would make sense to begin by looking for motifs with similar
information profiles to other homeodomain binding sites.
A more concrete example of where such a strategy could be used is the recent
determination of sequences bound in vivo by 107 different transcriptional regulators
(most of which are DNA binding proteins) of the yeast Saccharomyces cerevisiae [36].
The authors of this work attempted to use their data to discover or refine PWMs
describing each factor’s binding specificity by running the program MEME on each set
of bound sequences. In some cases, this approach was successful. However, in a
surprising number of cases the results were inaccurate or uninformative.
Ninety of these factors are members of well-characterized families of
transcription factors or contain well-characterized DNA binding motifs [37]. We can use
the expectation that transcription factors sharing a common DNA binding domain will
have corresponding PWMs with similar information profiles to make predictions about
the information profiles of the PWMs for most of these ninety factors. As is discussed in
the four related papers, this expectation can be built into motif detection algorithms and
used to search not simply for enriched motifs (as is done by MEME), but for enriched
motifs that have the expected information profile. Our results in applying these methods
to the data of [36] will be detailed in a forthcoming publication.

Use of Common Principles in Motif Detection Algorithms

Both the general and specific properties of transcription factor PWMs discussed
above can be readily incorporated into standard motif detection strategies. From a
statistical/algorithmic point of view, expectations about the information profile of PWMs

can be thought of in two complementary ways. First, they can be thought of as prior
knowledge, and implemented as a statistical prior on the space of motifs representing the
likelihood that a given motif is a transcription factor binding site or a binding site for a
specific family of transcription factor. Most current motif detection algorithms (e.g.
MEME, Gibbs sampler) assume a uniform prior - that all PWMs are equally likely to
describe a transcription factor binding site regardless of how information is distributed
within the PWM. Alternatively, these expectations can be thought of as a constraint on
the motifs that are identified by the motif detection algorithm. For example, in searching
for homeodomain binding sites we could search only for motifs with an appropriate
information profile.
We note that MEME and several other motif detection algorithms already
implement one type of structural constraint imposed by specific structural characteristics
of a class of transcription factors, namely those that bind DNA as homodimers. In most
cases, these factors recognize motifs with an internal 2-fold axis of symmetry (e.g.
CGTACG). If it is known that a factor is – or could be – a homodimer, it makes sense to
only consider 2-fold symmetric motifs as possible examples of binding sites. MEME, for
example, implements this “palindrome” constraint by averaging motifs across a 2-fold,
reverse complemented axis of symmetry following the M-step of the EM algorithm.
It is important to note that in no case do the constraints we are discussing place
any constraints on the sequence specificity at any position – the constraints only exist at
the level of the information profile of the motif. Thus, these methods can be thought of as
complementing methods that use amino acid preference rules to predict the base
specificity of a factor [15, 17, 29, 38].

We have evaluated several of these methods, pursuing a number of
complementary approaches described in four separate papers. Two of these methods [39,
40] use prior distributions to describe a dependence structure between the positions of the
PWM, and two others [41, 42] use constraints on the entropy structure of the PWMs.
The approach described in [42] employs a motif model that allows specific
ordering of the information of the individual motif positions (e.g. the information in
position i is greater than that of position j, or, more generally, that the information in the
motif has one or two peaks) and uses the EM-algorithm to maximize the likelihood of the
sequence and model under this constraint. Under the simplifying assumption that at each
position j of a motif there is one (unknown) preferred residue with (unknown) probability
p j > ¼ while the remaining nucleotides have a probability

1− p j
3

each, it becomes

straightforward to compute the maximum likelihood estimator of a PWM under order
restrictions on the information content of its columns and a global maximum can be
obtained easily.
[41]employ a general constraint model in which the information profile of a motif
is constrained to belong to a user-specified family of information profiles, e.g. motifs
with maximal information in a central base and linearly declining information for
positions flanking this central base. The method is fairly flexible in allowing for arbitrary
parametric families of information profiles. The maximum likelihood PWM fitting the
specified constraint is identified using the EM algorithm, where the M-step employs a
constrained nonlinear maximization method.
[39]implement the concept of strong, moderate and weak “conservedness”
(corresponding to high, intermediate and low information) at given positions of the PWM

through specific priors that do not constrain which specific nucleotides are conserved.
Positions in the motif are partitioned into one of the three regimes (strong, moderate, or
weak conservation), based on prior knowledge or assumptions about the information
profile sought. The likelihood of PWMs deviating from the specified prior are penalized
based on the extent of their deviation, with the strength of the penalty under user control.
The penalized likelihood is maximized with the EM algorithm in which the M-step is
closed form (and thus the optimization is more efficient) for most of the regime types.
[40]considers a more complex prior distribution on the motif PWM. The
multinomial probabilities at each position are drawn from a mixture of Dirichlet
distributions (each position of the PWM is indexed by a hidden class variable and the
prior distribution on the multinomial nucleotide probabilities are drawn according to this
class). To enforce the dependence structure among the positions of the motif, the hidden
class variables are drawn from a first order markov chain identified by a K by
K transition matrix ( K is the number of components in the Dirichlet mixture) and

marginal distribution of the class variable at the first position. The number of prior
classes (the number of components in the Dirichlet mixture) are chosen by the user. The
corresponding parameters of the Dirichlet prior distributions, and the transition matrix for
the first order markov chain are supplied by the user, with parameters optimally obtained
from a set of training motifs.

Future Directions

Here, and in a series of related papers, we have discussed how structural
characteristics of transcription factor–DNA interactions constrain the families of

sequences bound by transcription factors, and how these constraints can be used in motif
detection. We believe these methods are the basis for a more expansive and productive
fields of structure based de novo motif detection.
There are clearly many challenges for fully realizing this idea. In particular, there
is a need for far more high-quality data on the binding specificities of transcription
factors. In attempting to analyze available binding matrixes in TRANSFAC [35], we
were struck by how few examples there were of factors whose binding specificities were
reasonably comparable, owing largely to extreme heterogeneity in the methods used to
experimentally and computationally characterize these affinities. We believe that
continued progress in this field is dependent upon the consistent application of highthroughput, high-accuracy measurements of in vitro binding specificities [2] of large
numbers of transcription factors.
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Figure 1. Representations of transcription factor binding sites. A) A hypothetical

collection of sequences bound by a transcription factor. B) Consensus sequence model of
sequences from A. The base at each position in the consensus sequence is the base most
frequently observed at that position. Where two or three bases are observed at roughly
equal frequencies, a redundant IUPAC base is used. C) Position-weight matrix (PWM)
model of the sequences from A. D) Information content of PWM from C.

Figure 2. Clustering of information in transcription factor binding sites in
TRANSFAC. The information content of each position in all transcription factor binding

site matrixes in release 5 of TRANSFAC [35] were computed using the standard
information equation I = 2 −

∑f

B
B ={ A,C ,G ,T }

log 2 f B . Positions were binned (n=20) based on

their information content, and for all positions in each bin the average information
content of adjacent positions was computed and plotted here (red line). The analysis was
repeated on randomized data in which the information content of positions within a
matrix were randomly permuted. The blue line shows the averaged results of 100 random
trials.
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