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The expression of drug-metabolising enzymes is affected by many endo-
genous and exogenous factors, including sex, age, diet and exposure to xeno-
biotics and drugs. To understand fully how the organism metabolises a drug,
these alterations in gene expression must be taken into account. The central
process, the definition of likely regulatory elements in the genes coding for
enzymes and transporters involved in drug disposition, can be vastly acceler-
ated using existing and emerging bioinformatics methods to unravel the reg-
ulatory networks causing drug-mediated induction of genes. Here, various
approaches to predict transcription factor interactions with regulatory DNA
elements are reviewed.
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1.  Introduction 

A large number of drugs and other xenobiotics are known to affect the expression of
drug-metabolising enzymes and transporters (for recent reviews refer to [1-3]). In
doing so, they may alter their own metabolism, as well as that of other compounds
cleared by the same enzyme or transporter system. Transcription factors, in particu-
lar of the nuclear receptor and the basic helix–loop–helix families, mediate these
changes of gene expression. This review discusses bioinformatics approaches to
investigate genomic sequences, and how binding sites of transcription factors likely
to be involved in the regulation of target genes can be identified.

Over the last decade, biology has entered an age where genomic information is
commonplace. At present, the complete sequence of 373 genomes is available, among
which 41 are from eukaryotes, including many organisms of clinical or research inter-
est [101]. In addition to these freely available resources, researchers may have access to
further proprietary or licensed sequence databases. Today, the challenge, therefore, is
how to efficiently extract meaning from this host of information.

In the press conference that announced the results of the human genome
sequencing effort, Bill Clinton proclaimed, as a tribute to Galileo, ‘Today, we are
learning the language in which God created life’ [102]. The picture that this state-
ment evokes strikingly reflects many of the problems faced with the deciphering of
genomic information. Indeed, looking at the raw sequence of nucleotides making
up a genome is like looking at an unknown language, for which we know neither the
alphabet nor the words, and even less what they may mean.

The process of understanding the information can be characterised by the following
steps of a cycle. First is the identification of elements; in order to extract meaning from
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a sequence, we need to annotate, structure and classify the
information contained within. Similar to how we might deci-
pher a foreign text by discerning certain letter combinations
and tentatively assigning words, known and inferred informa-
tion is combined with genome sequences in the form of anno-
tation of known or putative genes and exons, allelic variants,
and so on. All these pieces of primary information are stored in
large databases, and are made available through interfaces such
as Ensembl [4,103] or the UCSC Genome Browser [5,104], and
can be used as stepping stones in inferring further information
from the genome. Second is assigning function to elements; the
next level of understanding genes is the assignment of particular
functions in the cellular context, similar to the translation of
words in an unknown text. Third is unravelling the context;
ultimately, contextual information, in the form of functional,
metabolic and regulatory networks between different genes and
proteins, needs to be interpreted in order to understand not
only the individual function of a gene, but its function within
the context of the system. This is the challenge that systems
biology is beginning to address [6,7]. Understanding the
regulatory and metabolic context is the next necessary step to
further our understanding of the information produced in
genome-sequencing projects.

This paper focuses on the regulatory aspect of gene context,
specifically on the transcriptional regulation of drug-meta-
bolising and -transporting enzymes. In particular, bioinfor-
matics methods are described that are available to assist in the
study of these regulatory processes.

2.  Regulation of drug-metabolising enzymes 
by transcription factors

At its most fundamental, transcriptional control is exerted by
means of transcription factors binding to target sites within a
gene (e.g., in the untranslated regions or in introns) or around
a gene (upstream or downstream). In response to endogenous
or exogenous signals, transcription factors become activated
and bind to their DNA response element through specific
DNA-binding domains, such as the basic
helix–loop–helix/PAS motif found in the aryl hydrocarbon
receptor [8] or a three-helix zinc-finger motif found in nuclear
receptors [9]. Nuclear receptors such as the pregnane X recep-
tor (PXR) and the constitutive androstane receptor (CAR) are
key transcription factors that mediate the induction of clini-
cally relevant CYPs, in particular of the CYP2, -3 and -4 fam-
ilies, as well as of drug transporters (reviewed in [3,10]).
Following activation or nuclear translocation by drugs, other
xenobiotics and endogenous compounds, PXR and CAR
form heterodimers with the retinoid X receptor (RXR) and
bind to the cis-regulatory elements described below. Their
binding to these DNA sequences results in the recruitment of
co-activator proteins, accessory proteins that cause chromatin
decondensation and thus render the DNA more accessible to
other transcription factors and the transcription initiation
complex. Moreover, members of the activation complex signal

directly to the transcription machinery, causing enhanced
transcription of the gene at the transcription start site. There
is extensive crosstalk between PXR, CAR and other nuclear
receptors of the same family, namely with bile acid receptor
FXR (farnesoid X receptor), the sterol receptor liver X
receptor (LXR) and the vitamin D receptor [11].

To predict whether a particular transcription factor regu-
lates a certain gene, it is thus necessary to investigate the pres-
ence of response elements within the gene. This is a difficult
task, as transcriptional activation of a target gene cannot sim-
ply be modelled by activation or suppression through tran-
scription factors, but rather it depends on a multitude of
factors, such as competitive or cooperative binding of proteins
to DNA elements [12], chromatin bending and further, con-
text-dependent interactions (reviewed in [13]), which are not
directly tractable at present.

Moreover, prediction of transcription factor-binding sites is
hindered by the fact that the core sequence elements recog-
nised by transcription factors are short and exhibit considera-
ble sequence variability. Composed of only four different
nucleic acids, DNA sequences have lower information con-
tent compared with peptide sequences. This makes motif dis-
covery and detection much harder than in proteins, and any
algorithm to find such ill-defined, short sites will invariably
return numerous false positive results.

To discern regulatory elements within DNA sequences
specifically, additional features of these elements must be
considered. Most importantly, transcription factor-binding
sites have been observed to cluster together in cis-regulatory
modules [13,14]. These comprise response elements of several
transcription factors, and serve as information-processing
devices, effectively integrating multiple inputs and
cross-connecting signal transduction pathways [15]. Such
regulatory modules are 300 – 500 bp long and often con-
served in the same gene in different species, as well as
between genes involved in the same pathways or responses.
In addition, noncoding regions of the genome containing
cis-regulatory modules show higher interspecies conservation
than neutral intergenic regions.

3.  Approaches to study 
transcriptional regulation

A popular way to investigate which transcription factors
influence the expression of a given gene, or, inversely,
which genes may be influenced by a particular transcrip-
tion factor (or a set) is to use a computer program to look
for response elements of the transcription factor in ques-
tion. Various methods and strategies for this search, as well
as various postfiltering methods, have been published and
for the most part are available to use as through a web por-
tal or as a standalone program. Often, however, it is left to
the user how to best apply prior knowledge in choosing a
combined approach that attains desired specificity and
sensitivity levels.
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The techniques described below lend themselves to
combination with other bioinformatics methods, as well as
with independent experimental results from, for example,
expression array experiments or studies performed in other
model systems. The more information is collected before
embarking on a project, and the better the binding sites of
interest are modelled and understood, the more meaningful
the outcome will be. As a starting point, the binding site of a
transcription factor must be represented in a way to be
recognised efficiently in target sequences.

3.1  Modelling transcription factor-binding preference
Fundamentally, binding sites consist of short sequences, up
to a length of 20 bp. Functional binding sites can be variable
in sequence; at most positions of the binding site, base
exchanges are possible without affecting the functionality of
the binding site, as observed, for example, in [16] or [17]. At
the same time, particular positions within the binding site,
when altered, abolish or strongly reduce binding of the
transcription factor. Transcriptional regulation is thus based
on a very flexible system that recognises a variety of
sequences, but even so, constraints are put on what
constitutes a functional binding site.

A given transcription factor’s preference for binding site
sequences must be modelled in a way in which searching is effi-
cient, in which the model is specific, but takes the variability of
experimentally verified binding sites of this transcription factor
into account, and finally a way in which the number of false
detections is kept low. There are several common ways of
achieving these goals, which are briefly discussed.

3.1.1  Patterns: consensus sequences and 
regular expressions
This way of representing the common denominator of a col-
lection of aligned sequences is most familiar to any biologist.
That in itself is a major advantage of consensus sequences –
they are very accessible and easily understood. Bases within a
consensus sequence are represented by IUB-IUPAC DNA
ambiguity codes (Table 1).

Given the example sequences, AGTTCA, AGGTGT,
AGTCTT and AGTCAA, we align the sequences and derive
the consensus sequence as AGKYNW. Consensus sequences
are an efficient way to represent information for searching in
large sequence databases, as computer programs can deal with
this representation very easily and quickly. On the other hand,
consensus sequences are not well suited to represent DNA
binding sites for proteins [18,19]. When a consensus sequence is
created, information about the frequency of nucleotides at a
given position is lost. For example, a position where both
thymine and adenine nucleotides are observed will be marked
with the ‘W’ symbol, regardless of whether the two nucleo-
tides occur with the same frequency, or whether one of them
was found in the overwhelming majority of cases. Moreover,
querying sequences for binding sites using a consensus
sequence can only lead to match/no match decisions; no
quantitative score of how well a particular sequence fits the
consensus can be derived, thus preventing any attempt to rank
and prioritise matches.

Consensus sequences are fine-tuned by modifying the
underlying rule set. For instance, a position where A was
found nine times, and T only once would be better repre-
sented by A than by W. Likewise, positions with only a slight
preference for a specific nucleotide are better represented by
N. Moreover, it may be advisable to ignore rare variations,
and thus to remove outliers from the consensus building step.
Neither of these strategies, however, can solve the funda-
mental lack of a useful scoring function. Advantages, limita-
tions and applications of consensus sequences are summarised
in Table 2.

Consensus sequences are simple examples of regular expres-
sions, a computer science concept. They allow the definition
of variable patterns in texts or in sequences and follow a given
set of semantic rules. One example for a more elaborate rule
set is the prosite syntax used to describe patterns in proteins
(see [105]), another example is the regular expression syntax
used in programming languages, such as Perl (Table 3). Regu-
lar expressions combine an alphabet of characters (such as the
letters of the alphabet, the nucleic acid symbols, or the
one-letter amino acid code) with a number of grouping char-
acters, special characters and characters that define logical
operations and repetition. Regular expressions are more pow-
erful than consensus sequences due to their notion of quanti-
fiers and modifiers, allowing for gaps, insertions, variable
spacing and variable sequence lengths. For instance, a pattern
to recognise the mRNA polyA tail, defined as the
polyadenylation signal plus a tail of up to 250 adenines

Table 1. IUB-IUPAC DNA ambiguity codes (used to 
express consensus sequences, where one position may 
stand for more than one kind of nucleotide).

Ambiguity codes Corresponding nucleotides

A Adenine

C Cytosine

G Guanine

T Thymine

M A or C

R A or G

W A or T

S C or G

Y C or T

K G or T

V A or C or G

H A or C or T

D A or G or T

B C or G or T

X/N A, C, G or T
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attached 10 – 20 bases downstream, can be defined like this:
/AAUAA(A|C|G|U){10,20}(A){,250}$/. The binding site of a
transcription factor dimer that binds to two copies of the
AGKYNW consensus separated by four or five nucleotides is
described by: /AG(G|T)(T|C)(A|C|G|T)(A|T)(A|C|G|T){4,5}
AG(G|T)(T|C)(A|C|G|T)(A|T)/. Advantages, limitations and
applications of regular expression pattern searches are
summarised in Table 2.

3.1.2  Nucleotide distribution matrices
Nucleotide distribution matrices, position-specific scoring
matrices, positional weight matrices (PWMs) and nucleotide
weight matrices are closely related concepts. Matrix models

solve one of the problems inherent with pattern representa-
tions: specific information about the distribution of nucleo-
tides in the sequence is retained, and for each position of the
binding site we can look up how likely a particular nucleotide
is to occur in the binding sites the matrix was modelled after.
Moreover, matrix models provide a scoring function that
allows for the comparison of matches that were found in a
sequence. Using the example from above (four binding sites:
AGTTCA, AGGTGT, AGTCTT and AGTCAA), a matrix
would be created in the following way: after aligning the
sequences, the number of times an A, C, G or T nucleotide is
present is counted for every column. For each nucleotide, its
frequency is then entered into the matrix (the light grey box

Table 2. Advantages, limitations and applications of binding site models.

Consensus sequences
Advantages Simplicity: consensus sequences are intuitive and easily created

Well-known: good to communicate with other researchers

Limitations Qualitative: binary match/no match decision, no differentiated scoring

Lossy: creation of a consensus discards information

Delicate: very dependent on the chosen training set

No possibility to accommodate gaps

Applications Useful whenever the sequence feature you are searching for is extraordinarily similar; for example, 
restriction sites

Patterns/regular expressions
Advantages Straightforward: easy to create and easy to understand

Flexible: patterns can handle insertions, deletions and variable repetition

Limitations Qualitative: binary match/no match decision, no scoring

Lossy: creation of a pattern discards information

Effectivity: too many variable positions will quickly allow almost anything to match

Applications Searching for reasonably similar, relatively short, sequence features 

Patterns are often used to describe features of proteins

Positional weight matrices
Advantages Specificity: frequency information from the multiple sequence alignment is retained

Quantitative: scoring function allows differentiated analysis, not just yes/no answers

Limitations Indels: insertions and deletions cannot be incorporated into the model

Applications Currently method of choice for variable DNA sequences, such as transcription factor-binding sites

Generalised profiles and HMMs

Advantages Indels: can deal with insertions and deletions

Penalties can be precisely defined

Sensitive: able to detect weak homologies

Scoring: good, robust scoring system

Reliability: HMMs are solidly based on probability theory

Limitations Software: requires sophisticated software

Expertise: significant a priori knowledge needed to use competently and successfully. The theoretical 
foundation of HMMs is complex, and requires perseverance from the user

Applications Detection of motifs in proteins and nucleic acids

HMM: Hidden Markov Model.
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in Figure 1). Nucleotide distribution matrices created this way
are for example used in the Nuclear Receptor Binding Site
Scanner (NUBIScan), developed by the group of Podvinec
et al. [20], or in the MatInspector [21] algorithm. Other algo-
rithms use a log-odds score of the nucleotide frequencies. This
is obtained by dividing the observed frequency by the
expected (background) frequency of the particular base.
Finally, the logarithm of the odds score is entered into the
matrix (e.g., see [22]). As training sets are always limited in size,
and do not reflect all positive binding sites, many approaches
introduce pseudocounts to circumvent the problem where a
base was never encountered at a particular position within the
training set, but cannot be excluded to occur in functional
binding sites. A simple pseudocount method works on the
assumption that all bases occur at least once at each position,
whereas more sophisticated methods take the background
distribution of nucleotides into account.

Nucleotide distribution matrices can be further refined by
introducing a positional weight. The rationale behind this
approach is that not all positions within a binding site are
equally important for binding. Whereas at some positions, the
chemical identity of the nucleotide may be crucial, at others,
there may not be direct interaction with the transcription fac-
tor, and the nucleotide may merely be important for spacing.
As a measure of how important a particular position within
the context of the whole binding site is, we can determine the
sequence conservation of that position among a set of aligned
binding sites. A position at which all four nucleotides are
found to occur equally as likely in functional binding sites is
expected to be less important for binding than a position at
which only one or two particular nucleotides are found. Infor-
mation theory provides the theoretical framework to deter-
mine the information content of a particular signal [23]. The
degree of sequence conservation at each position of the matrix

Table 3. Some special characters and delimiters in Perl-like regular expression syntax.

Character Meaning

^ Start of a sequence

. Any character

$ End of a sequence

| Separates alternatives

( ) Encloses a subpattern

? Preceeding expression may be there, or not

+ Preceeding expression must be there at least once, but can be repeated

* Preceeding expression can be absent, or present once or many times

{n} Match preceeding expression exactly n times

(n, } Match preceeding expression ≥ n times

{ ,n} Match preceeding expression 0 – n times

{n,m} Match preceeding expression n up to m times

Refer to the text for some examples of how queries can be constructed using these symbols in conjunction with normal characters. The list is incomplete, a full 
introduction into regular expressions in Perl is provided in [129].

Figure 1. Creation of a weight matrix from four response element sequences. From four exemplary hexameric sequences, a
nucleotide distribution matrix containing the frequencies of each nucleotide at each position was calculated (light grey box). In addition,
positional weights were calculated for each position within the matrix (grey box).

Sequence 1 A G T T C A 
Sequence 2 A G G T G T 
Sequence 3 A G T C T T 
Sequence 4 A G T C A A 
A 1.00  0.00  0.00  0.00 0.25  0.50  
C 0.00  0.00  0.00  0.50  0.25  0.00  
G 0.00  1.00  0.25  0.00  0.25  0.00  
T 0.00 0.00  0.75  0.50  0.25  0.50  
Weight 100 100 59 50 0 50
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can be quantified through the information content of the
nucleotide frequencies at that position. This value can be
expressed in different ways; the weight values shown in
Figure 1 are calculated as described in [20], and are scaled in the
range of 0 –100; Equation 1:

Here, Wi signifies weight at position i of the matrix, b
stands for any of the four bases A, C, G and T, and pi(b) is the
frequency of the base b at position i. This equation is a varia-
tion of the one used in MatInspector [21]. Many other algo-
rithms for matrix generation express positional weights as bits,
with the maximum value being 2 bits for DNA sequences.
These values are calculated as the difference between the max-
imum possible entropy and the entropy of the observed
symbol distribution, according to Equation 2 [24]:

Here, 4 is the number of symbols in the DNA alphabet,
and pb is the observed frequency for each base at a particular
sequence position.

Introducing positional weight is a common strategy to
improve predictions in a number of matrix-based algorithms
for the detection of transcription factor-binding sites. To
search a sequence for hits to the matrix, all possible subse-
quences of the same length as the matrix are compared with
the matrix by scanning the matrix along the query sequence.

To each subsequence, a score is attributed based on how
frequent each nucleotide of that subsequence was observed at
its corresponding position during matrix creation. The posi-
tional weight is taken into account, so that positions with less
variation throughout the training set contribute more to the
final score. Finally, hits that exceed a particular threshold are
reported. Advantages, limitations and applications of nucleo-
tide distribution matrices and positional weight matrices are
summarised in Table 2.

Whereas weight matrices are designed to allow computers to
perform efficient searches of query sequences, a related con-
cept, the sequence logo, represents the same key information
in a more visual and intuitive manner [24]. Here, the bases
found in an aligned collection of binding sites are displayed
from left to right as stacks of the letters A, C, G and T. The
height of each letter is relative to its frequency at that position,
and the overall height of the stack is relative to the information
content of the particular position. A web server generating
sequence logos is available [25,106].

3.1.3  Generalised profiles and hidden Markov models
Generalised profiles can be considered an extension of matrices
that allows for insertions and deletions between bases. Using
generalised profiles, DNA motifs can be modelled accurately
starting from sets of true positive sequences [17]. At every posi-
tion of the matrix, not only scores for each base are defined,
but also scores for gap opening (the first base of an insertion),
gap elongation (any further insertion), and a score if that posi-
tion of the matrix is deleted (Figure 2). These insertion and
deletion scores are usually penalty scores, that is, if insertion or
deletion is detected, it will usually lessen the score. A common,
publicly available suite of programs is pftools V2.0, written by
Bucher [107]. It contains tools to create and calibrate profiles,
and to perform searches with them.

Finally, generalised profiles can be transformed into hidden
Markov models (HMMs) [26,27]. HMMs are a formal founda-
tion for making probabilistic models of assigning features to
parts of linear sequences. An HMM is composed of distinct
nodes, or states that the system it describes can be in. It is

Figure 2. Extending the weight matrix to a generalised profile. In addition to the probability values pi for each base at each
position, and the weight Wi at that position, each position also has a score (d1 to d6) that is attributed when this position is deleted.
Moreover, io is a score attributed for a gap opening and ie, the first base of an insertion. Lastly, the score ie is applied for any additional
insertion. Scoring thus follows the arrows, taking either a score from the boxes, or one of the transition scores associated with insertions.
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probably best envisaged not as a method for detecting features,
but rather as a generator that can produce sequences like the
one we are testing for. There are paths through the model that
connect the individual nodes and that are associated with tran-
sition probabilities. In addition, each node has distinct emission
probabilities – the likeliness of emitting a particular signal (in
our case the bases A, C, G and T) when the process is in the
specific state associated with the node. A path through the
model changes the state it is in, for example, from ‘no binding
site’ to ‘first base of a likely binding site’, from ‘first base of a
binding site’ to ‘second base of a binding site’, and so forth. In
each state associated with emission of a signal, signals will be
generated according to the emission probabilities of that state.
Both the transition probability and emission probability para-
meter set are assigned from training sequences. Using a
dynamic programming algorithm, the most probable state path
through the model given a query sequence and an HMM is
then found. HMMs are full probabilistic models. This fact
allows the application of Bayesian probability theory to analyse
results obtained and to optimise the parameters of the model.
One common toolset for doing analyses using HMMs is the
HMMer suite [108]. Moreover, HMMs are used in a number of
algorithms to detect transcription factor-binding sites (see
below). Advantages, limitations and applications of generalised
profiles and HMMs are summarised in Table 2.

3.2  Discovery of binding sites
By far the largest part of binding site discovery is still done by
classical, wet-lab experimental methods, such as electrophoretic
mobility shift assays (EMSA), site-directed mutagenesis and
DNA-affinity purification, and not by initial computational
screening. The functional characterisation of a binding site and
of the transcription factor it interacts with, along with informa-
tion about the physiological role of this transcription factor, is
the gold standard for a binding site model.

Large databases are available that contain information about
transcription factors taken from the scientific literature. In these,
information about transcription factors and the sites recognised
by them is then annotated and stored. The best-known example,
and probably the most extensive of these, is the commercial
TRANSFAC database [28], available from Biobase [109]. An older
version is also freely accessible through Sequence Retrieval Sys-
tem (SRS) as the TFMATRIX databank [110]. Another database
for matrix models, JASPAR, is freely available at [111] and focuses
on nonredundancy and curation for improved quality [29].
Another freely available database is TRRD, which collects exper-
imentally confirmed information about regulatory regions of
genes, including transcription factor-binding sites [30,112]. Still,
the number of sites catalogued in these databases is clearly just a
small fraction of the total number of transcription
factor-binding sites present in the genome.

The typical manner in which transcription factor-binding
sites are discovered is serendipitous. Most of the time, binding
sites are still discovered one by one, as the regulation of a
particular gene is analysed. These data are then collected from

the literature, and used for binding-site predictions. From such
collections of binding sites for a transcription factor, weight
matrices or profiles are then created. Only relatively few studies
have been done on mammalian transcription factors; in parti-
cularly on the ones implied in the regulation of drug-metabolis-
ing enzymes, where the express purpose was the generation of
transcription factor-binding site models. One such technique,
SELEX (for SELective EXpansion) works by initially creating a
random population of short, double-stranded DNA oligomers,
followed by several cycles of selecting oligomers that bind to the
transcription factor under study, for example, using EMSA
experiments, and amplifying this selected population, so that
good binders become enriched in each cycle. After a number of
cycles, the resulting oligomers are sequenced and the sequences
used to build a model for the binding site, such as in [17]. Such
approaches can eliminate a shortcoming often encountered
with binding-site models: true, verified binding sites are usually
scarce, even after intensive literature study, and the training set
of sequences is most likely small and in the statistical ‘grey area’.
Moreover, the true positive binding sites found in the literature
are not obtained from an unbiased, random study, but rather
were found in genes that were analysed in another context than
expressly for model building. Care, however, is necessary to
prevent overselection for pure strength of interaction, as
binding strength, rather than functionality, is the selection
criterion in SELEX.

3.2.1  Computational approaches to find novel 
binding sites
Several algorithms have been proposed that are able to pick up
statistically over-represented patterns within sequences. MEME
[31,113] is based on the expectation-maximisation algorithm, and
returns nucleotide count matrices of found motifs. It can be
used online or locally. The Gibbs Motif Sampler [32,114] is
another tool, using Gibbs sampling to discover conserved ele-
ments between sequences. MDScan [33,115] applies a protocol of
word enumeration from high-confidence sequences, followed
by matrix updating using a whole set of sequences obtained
from ChIP-chip or expression-array experiments. Teiresias
[34,116] is a general-purpose pattern discovery algorithm used in
fields ranging from pattern discovery in DNA or proteins to
text mining and market analysis. In general, these unbiased
methods require a set of sequences assumed to share at least one
common transcription factor-binding site, even though many
methods can cope with sequence sets where not every sequence
has a particular site. Such a set of genes may be a collection of
orthologues of the gene of interest from other species, or a set of
genes shown to respond in the same fashion to a stimulus, for
instance, in an expression-array experiment. These two criteria
can be combined for more specificity, selecting for motifs found
in orthologues of coregulated genes.

3.3  Knowledge-based detection of binding sites
In the majority of use cases, bioinformatics approaches are
used to detect the presence of binding sites for any of a
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number of known transcription factors within a gene, based
on knowledge imparted in the form of positional weight
matrices, profiles or HMMs. More ambitious projects investi-
gate whole sets of differentially regulated genes for the pres-
ence of a shared set of transcription factor-binding sites. The
following describes a selection of tools that seem particularly
useful to us. Whenever possible, reference is made to tools
that do not require local installation, but rather are accessible
via the web. Still, the list cannot be exhaustive, and many
resources were left out due to space restraints.

In order to retrieve promoter sequences of genes, both the
SOURCE server [35,117] and the TRASER tool [118] were
found to be helpful. The first dynamically aggregates informa-
tion about human, mouse or rat genes from a number of data-
bases and collates the information, including EntrezGene
(formerly LocusLink) ID, into easily navigable GeneReports.
The latter allows the retrieval of genomic sequence based on
an EntrezGene ID. To find known transcriptional start sites
of a gene of interest, the UCSC or ENSEMBL genome
browsers are perhaps the most easily accessible and compre-
hensive resource nowadays, whereas for a long time, the
Eukaryotic Promoter Database [36] was considered the sole
definite resource.

With the exception of TESS [37], which can recognise tran-
scription factor-binding sites also by pattern matching, the
algorithms discussed in the following use matrix-based mod-
els, generalised profiles or HMMs to predict binding sites.
Much of the pioneering work in the prediction of transcrip-
tion factor-binding sites has come from the groups of Stormo,
Schneider, Bucher and Werner [26,38-41]. Algorithms such as
MatInspector [21] and Match [109] use binding sites defined in
TRANSFAC to predict sites in query sequences based on
PWMs. Another approach, Delila-Genome, uses an informa-
tion-theoretic approach and PWMs to allow the analysis of
whole genomes for binding sites, and has been recently used
in an analysis of PXR/RXR binding sites [42,119]. NHR-scan is
an algorithm that was published recently [43,120] as a tool to
find binding sites for nuclear hormone receptors. It models
the whole two-part binding site of nuclear receptors as an
HMM. In contrast, NUBIScan models each of the response
element’s half-sites separately [20].

Many of the algorithms mentioned above have been devel-
oped for quite some time, and have proved their usefulness in
a number of projects. However, a problem often encountered
with search tools that solely rely on matching matrix or
HMM models to a query sequence is a low ability to discrim-
inate between true matches that exhibit activity in in vitro
tests and random occurrences of sequences resembling a bind-
ing site. This is understandable, as these algorithms need to
detect short degenerate sequences in long genomic sequences.

Therefore, recent developments have focused on improv-
ing the signal to noise ratio in the detection of transcription
factor-binding sites. This can be achieved mainly through
two approaches: either the binding site to be detected is
complemented with additional information, so that the

model becomes more specific, or the sequence to be analysed
is filtered before the actual search, so that only stretches of
sequence likely to actually contain a binding site are ana-
lysed. Evidently, these two approaches for improvement can
be used in conjunction, as well.

3.4  Improving the quality of predictions
3.4.1  Making the model more complex
Physiological and pharmacological signals to up- or down-
regulate a gene are often mediated by several transcription fac-
tors acting in concert. This is reflected by the fact that in
many cases, binding sites for these transcription factors are
found combined in so-called cis-regulatory modules (CRMs),
regulatory stretches of DNA ∼ 300 – 500 bp long. This
allowed for the development of a number of algorithms that
search for such CRMs rather than for individual transcription
factor-binding sites.

CRM-based algorithms can be broadly divided into two
classes: unsupervised algorithms, such as EMCModule [44],
ModuleSearcher [45,121] or CRÈME [46,122], discover CRMs in
input sequences, starting from a database of putative tran-
scription factor-binding sites; other algorithms, such as FastM
[47], ModelInspector [48], Ahab [49,123], Stubb [50], MScan
[51,124] or ClusterBuster [52,125] are scoring putative CRMs
based on user-defined CRM models.

Podvinec et al. have developed an algorithm called NUBIS-
can, which also exploits the complexity of a composite model
to improve the quality of predictions [20]. This algorithm was
designed to detect binding sites of nuclear receptors, such as
CAR or PXR, and uses the fact that these receptors bind as
heterodimers to two binding sites that are within a few bases
of each other to improve the quality of predictions. This algo-
rithm has been used successfully for the detection of func-
tional nuclear receptor-binding sites in sequences as large as
30 kb [53-57].

3.4.2  Filtering the query sequence
Another helpful approach to increase the specificity of results
from a binding site search is to narrow down the amount of
sequence being analysed. If there is a way to identify parts of
the sequence more likely to contain regulatory elements, sub-
sequent searches can concentrate on those parts. This way,
false positives are suppressed by leaving out large parts of the
sequence; the risk of incurring false negative results is
increased, however.

A first selection is often done by focusing on a particular
part of a gene’s sequence. Most of the time, transcription fac-
tor-binding sites are close to the transcriptional start site of
the gene, but notably, binding sites are also commonly within
introns of the gene they regulate, as well as in the 3′ flanking
region of genes. Scaffolding/matrix attachment regions
(S/MAR) within the chromosome serve as regulatory isolators
and provide a natural boundary of the sequence to be analysed
[58,59]. Although there has been work on cataloguing and
detecting these sites [60,109], their detection remains nontrivial,
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and may not be worth the effort, especially as S/MAR sites are
usually spaced far apart. In a first approach, analysis is often
simply focused on a 5′-extended region of the gene under
study, such as the 10 kb leading up to the transcriptional start
site, possibly including the first exon. This choice often works
astonishingly well. Whereas such a large query sequence will
lead to the detection of spurious sites, clusters of sites can, for
instance, be tested for function with relative ease in vitro [53].
It has to be kept in mind, however, that transcription factors
can bind further away from the gene.

Another way of filtering the query sequence is to remove
repetitive elements that occur all over the genome. Filtering
must be done judiciously, however, as it does not take much to
remove a binding site along with the repetitive element near it.

Phylogenetic footprinting has been one of the biggest
advances in this field in recent years. This technique is based
on the observation that selective pressure acts on different
parts of the genome with different rates. The hypothesis
underlying the technique is that functional elements within
the genome are on average subject to higher selective pressure
than nonfunctional parts of the genome, due to the fact that
mutations within a functional element are more likely to be
detrimental to the organism and, therefore, are selected
against more strongly. This should allow the identification of
functional elements by performing cross-species comparisons
of genome sequences. As a spin-off of genome sequencing
programs, novel pairwise alignment algorithms for long
sequences sharing only short regions of high similarity have
been developed, such as Glass [61], AVID [62,122] or LAGAN
[63]. If per cent pairwise identity is calculated in an alignment
of the same gene from different organisms, using tools such as
PipMaker [64,126], exons as an example of functional elements
are typically easily discernible in a plot of this value along the
sequence, as the pairwise identity is much higher within
coding sequence compared with introns.

In the last years, phylogenetic footprinting has become the
method of choice for improving predictions of transcription
factor binding. From a sequence of many thousands of bases,
phylogenetic footprinting on average retains only 20% as
short subsequences of 150 – 200 bp length [65], which subse-
quently can be analysed for binding sites. This reduction of
the sequence to be searched increases the signal to noise ratio,
as a lot of ‘uninteresting’ sequence is prevented from interfer-
ing. However, there is evidence that regulatory sites are not
necessarily conserved even among closely related species
[66-68]. By using phylogenetic footprinting as a filtering step,
one may thus risk discarding valid predictions.

A number of algorithms are available on the web, such as
rVISTA [69,122], ConSite [70,127], Toucan Workbench [71,121] or
oPOSSUM [72], which allow for phylogenetic footprinting of
a sequence, followed by analysis for binding sites using posi-
tional weight matrices. Most of these algorithms add another
step of cross-species validation by default: not only do they
constrain the search to conserved regions, but finally only
report transcription factor-binding sites whose predictions

overlap in both species. A more visual approach to browsing a
gene of choice and examine evolutionary conserved regions is
offered by the ECR Browser [73,122]. Additional phylogenetic
footprinting resources are available through the Phylofoot
portal site [128].

4.  Conclusion

The ultimate algorithm that predicts the induction potential of
a compound based on its three-dimensional structure and
knowledge of the cognate regulatory pathways and genes likely
to be induced or repressed remains beyond reach for the fore-
seeable future. Still, research is steadily progressing, both in the
study of receptor–ligand interactions by means of molecular
mechanics, docking or quantitative structure–activity relation-
ship methods, and in the field of correctly predicting the effect
of transcription factors on cellular regulatory networks.

This review focuses solely on the latter question: which
genes will be activated by a particular transcription factor?
Naive methods to discover conserved sequences among coreg-
ulated genes are valuable in cases in which little is known
about likely mediators. Despite high noise levels, recent
algorithms can extract regulatory pathways from such
experiments, for instance in [74,75].

In cases where a transcription factor set of ‘usual suspects’ is
known, approaches using PWMs or HMMs are well esta-
blished and the logical choice. The amount of predictions
returned by these methods can be overwhelming [76]. Recent
advances have, therefore, focused on better postprocessing of
the results, be it by identifying and visualising clusters of
transcription factors [77] or by filtering for conserved sites,
using phylogenetic footprinting to reduce the amount of false
positives. This technique has become useful for the study of
regulation in disease-relevant organisms only recently, with
the increasing availability of metazoan genome sequences.

Two points, however, are crucial in a phylogenetic
foot-printing study. First, the species to be compared need
to be well chosen. Footprinting with two species that are
too closely related will not be efficient, as too much non-
functional DNA is shared between them, as is the case for
mouse and rat. On the other hand, comparison between
species too far apart, such as human and the pufferfish Fugu
rubripes will often not reveal any conserved noncoding
regions of interest. Second, one needs to be aware that phy-
logenetic footprinting selects for regulatory elements com-
mon between species. This is desired and necessary in order
to reduce the false positive rate, and estimates suggest that
70% of all transcription factor-binding sites are contained
within conserved regions [65,66]. This fact may, however,
give rise to missed functional regulatory sites whenever reg-
ulation is species specific. One example is the upregulation
of murine CYP7A transcription in response to oxysterols,
mediated by the LXR. In man, no such regulation is seen,
as the regulatory element is absent in CYP7A1, the human
orthologuous gene.
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It cannot be denied that familiarising oneself with bioinfor-
matics methods currently available for the analysis of response
elements resembles an uphill march at good times, and orien-
teering in the fog at bad times. Still, time invested in under-
standing the methodology and particular strengths and
weaknesses of the different approaches is time well spent, as
knowledge thus gained will make up time by allowing the
combination of fast in silico prediction with a targeted in vitro
follow-up. It is the authors’ hope that the present text, in par-
ticular its references to available algorithms, will provide a road
map to assist in research and keep orienteering to a minimum.

5.  Expert opinion

The discovery of response elements with the sequence of tar-
get genes is an important step in the analysis of the exact
mechanisms of that gene’s regulation. The definition of a
short subsequence (< 300 bp) mediating regulation enables
the pursuit of numerous experimental approaches that allow
the further characterisation of this response, such as muta-
genesis experiments, DNAse I footprinting, DNA-affinity
purification, EMSA or transactivation assays. These standard
experiments allow the thorough characterisation of a binding
site of interest, in terms of what nucleotides are needed for
interaction, which proteins it can interact with, and whether
protein binding patterns change dependent on treatment
condition. All of the above methods, however, require a
sufficiently short response element sequence.

The experimental definition of short response elements is
both work intensive and time consuming. Classical approaches,
such DNAse I hypersensitivity assays or dissection of a large
regulatory region into smaller subfragments responsive in
reporter gene assays, are tedious. Here, any computational
approach offering a possible shortcut is welcome. Although it is
unrealistic to postulate that in silico prediction of response ele-
ments can replace experimental evidence at the current state of
knowledge about DNA–protein interactions, computational
analysis can lead to the selection of a manageable number of
likely sites of regulation that can then be tested in vitro rapidly
and efficiently. If the predictions prove true, a significant
amount of time and work has been saved, and if no activity is
found to be mediated by the predicted sites, little time was lost.
Therefore, any approach that has a reasonable chance of pre-
dicting functional sites even with a fairly low success ratio is
valuable, as it leads to easily and quickly verifiable predictions.

It is impossible to provide an all-encompassing protocol for
the analysis of binding sites. We have found it useful to start
the analysis with a set of genes, even a small set, that are coex-
pressed. Next, we find it important to narrow down the search
space: try to define candidate receptors and transcription fac-
tors based on known regulatory pathways, and try to narrow
down the location of likely response elements to conserved
elements, doing phylogenetic footprinting. A typical starting
point for such studies would be pairwise human–mouse com-
parisons, with the benefit that assays to test response elements
from both species are already well established in the labora-
tory. When searching for transcription factor-binding sites,
also keep in mind that binding sites often cluster into
modules, which makes searches more specific.

In the typical use cases, such as the search for transcription
factor-binding sites driving the expression of a particular gene
of interest, or the search for transcription factor-binding sites
responsible for the enhanced expression of a set of coexpressed
genes, a shortlist of predicted transcription factor-binding
sites will be the successful outcome of computational
approaches, once the search space has been sufficiently nar-
rowed down. At this point, predictions need to be verified
experimentally. We regularly study such predictions by ampli-
fying the area surrounding the binding site by polymerase
chain reaction, and inserting the resulting sequence into a
reporter vector. Up to a few dozen predicted sites can be feasi-
bly tested for functionality in this way using reporter gene
assays or nuclear receptor transactivation assays. Sites showing
response can then further be characterised by site-directed
mutagenesis or electrophoretic mobility shift assays. All of
these experimental techniques, however, have a notable short-
coming, as they test the function of response elements within
the context of nonchromatinised DNA. Further techniques,
such as in vitro footprinting or chromatin immunoprecipita-
tion, can be subsequently used to elucidate the activity of
elements in the context of chromatin.

To conclude, we believe that bioinformatics and wet-lab sci-
ence can only unleash their true potential when they work
together. On one hand, all bioinformatics methods rely in a
more or less direct way on knowledge derived from in vitro or
in vivo experiments, and on the other hand, predictions
obtained with algorithms and models need to be verified exper-
imentally in the laboratory. There must be constant feedback
between the two disciplines, and a sensible fusion of both
methodologies can achieve greater leaps than any one by itself.
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Websites

Websites of special note have been highlighted as 
of interest (•) to readers.

101. http://www.genomesonline.org 
GOLD Genomes OnLine database (2005).

102. http://www.genome.gov/10001356 
Remarks made by the President, Prime 
Minister Tony Blair of England (via 

satellite), Dr Francis Collins, Director of the 
National Human Genome Research 
Institute, and Dr Craig Venter, President 
and Chief Scientific Officer, Celera 
Genomics Corporation, on the Completion 
of the first survey of the entire Human 
Genome Project (2000).

103. http://www.ensembl.org/index.html 
Ensembl Genome browser (2005).

104. http://genome.ucsc.edu/ 
Genome browser (2005).

105. http://www.expasy.org/tools/scanprosite/scan
prosite-doc.html 
ScanProsite tool manual (2004).

106. http://weblogo.berkeley.edu/
WebLogo (2005).

107. http://www.isrec.isb-sib.ch/ftp-server/pftools/
Download of the pftools package (2005).

108. http://hmmer.wustl.edu/
HMMER: sequence analysis using profile 
hidden Markov models (2005).

109. http://www.gene-regulation.com/
Gene Regulation portal site (2005).

• Partially commercial site, provides access 
to a number of databases and tools to 
analyse gene regulation.

110. http://srs.ebi.ac.uk/
SRS Release 7.1.3.1 (2005).

111. http://jaspar.cgb.ki.se/
The JASPAR database (2004).

112. http://wwwmgs.bionet.nsc.ru/mgs/gnw/trrd/
TRRD – Transcription Regulatory Regions 
Database (2005).

113. http://meme.sdsc.edu/
MEME website (2005).

114. http://bayesweb.wadsworth.org/gibbs/
gibbs.html 
The Gibbs Motif Sampler homepage 
(2005).

115. http://seqmotifs.stanford.edu 
A suite of web-based programs to search for 
regulatory motifs in prokaryotes and 
eukaryotes (2004).

116. http://cbcsrv.watson.ibm.com/Tspd.html 
TEIRESIAS: Sequence Pattern Discovery 
(2005).

117. http://source.stanford.edu 
SOURCE search (2005).

118. http://genome-www6.stanford.edu/cgi-bin/
Traser/traser 

TRASER – Transcript Sequence Retrieval 
(2005).

119. http://r.faculty.umkc.edu/roganp/Informatio
n/delgen.html 
Delila-Genome webpage (2005).

120. http://mordor.cgb.ki.se/cgi-bin/NHR-scan/
nhr_scan.cgi 
NHR-Scan (2005).

121. http://www.esat.kuleuven.ac.be/~saerts/
software/toucan.php 
TOUCAN – regulatory sequence analysis 
(2005).

122. http://www.dcode.org/
Comparative Genomics Center at Lawrence 
Livermore National Laboratory (2005).

• Portal to a large number of comparative 
genomics tools.

123. http://gaspard.bio.nyu.edu/Ahab.html 
Ahab (2003).

124. http://mscan.cgb.ki.se/cgi-bin/MSCAN 

125. http://zlab.bu.edu/cluster-buster/

126. http://pipmaker.bx.psu.edu/cgi-bin/
pipmaker 
PipMaker and MultiPipMaker (2005).

127. http://mordor.cgb.ki.se/cgi-bin/CONSITE/
consite/
CONSITE (2005).

128. http://www.phylofoot.org/
Tools for phylogenetic footprinting (2005).

• Portal to a number of phylogenetic 
footprinting resources.

129. http://perldoc.perl.org/perlretut.html 
perlretut – Perl regular expressions tutorial 
(2000).
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