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Abstract—The development of computer-assisted methods for transcription factor binding sites (TFBS) recognition is nec-
essary for study the DNA regulatory transcription code. There are a great number of experimental methods that enable
TFBS identification in genome sequences. The experimental data can be used to elaborate multiple computer approaches
to recognition of TFBS, each of which has its own advantages and limitations. A short review of the characteristics of com-
puter methods of TFBS prediction based on various principles is presented. Methods used for experimental monitoring of
predicted sites are analyzed. Data concerning DNA regulatory potential and its realization at the chromatin level, obtained
using these methods, are discussed along with approaches to recognition of target genes of certain transcription factors in

the genome sequences.
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The main elements of DNA regulatory transcription
code are comprised of short (5-20 bp) sequences—regula-
tory elements specifically interacting with transcription
factors (TFs). Various combinations of regulatory ele-
ments in promoter and enhancer gene regions and TF
ensembles interacting with them define the level of gene
expression depending on the stage of organism develop-
ment, cell type, and external (environmental) effects [1-
3]. The elaboration of methods for recognition of tran-
scription factor binding sites (TFBSs) in nucleotide
sequences is the first step on the way to developing meth-
ods for prediction of gene expression level in different sit-
uations based on the primary structure of its regulatory
regions. TFBS recognition by computer methods is also
necessary for revealing groups of coordinately regulated
genes and reconstruction of the signal transduction path-

Abbreviations: ChlP) chromatin immunoprecipitation; EMSA)
electromobility shift assay; GRE) glucocorticoid-responsive
element; SAGE) serial analysis of gene expression; TF) tran-
scription factor; TFBS) transcription factor binding site.

* To whom correspondence should be addressed.

ways using experimental data on transcription changes
obtained by methods of differential display, serial analysis
of gene expression (SAGE), or analysis of gene expression
using microarrays, as well as for solution of many other
problems.

One of the most important problems is searching in
the genome for target genes of a certain TF, which is espe-
cially important for studying mechanisms of the cell or
organism response to various stimuli. Thus, in investiga-
tion of the response to hypoxia the revealing of the HIF1
target genes is necessary [4]. Studying the immune
response, induced by interferon-a or -f3, suggests a search
for ISGF3 target genes [5]. The list of such examples
could be continued.

The complexity of organization and high degeneracy
of the regulatory transcription DNA code lead to serious
difficulties in developing computer methods for TFBS
recognition. An additional difficulty is connected with
estimation of the reality of predicted sites including both
the verification of a computer method and the evaluation
of functionality of predicted sites, which is not the same.
Theoretical approaches used for this purpose, such as
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comparative genomics [6-8] and evaluation of similarity
of expression profiles of TF and TF-regulated genes [9],
give us some insight into the functionality of predicted
sites and only an indirect estimation of the accuracy of
the recognition method. Direct experimental verification
of predicted TFBSs is more efficient for evaluation of the
method. However, there are only a few works concerning
this problem [10-13], since they are rather labor-consum-
ing and expensive because they require checking each
predicted site. Also, it is only possible to carry them out
under close collaboration of such scientists as specialists
in bioinformatics elaborating methods for TFBS recogni-
tion and experimentalists capable of their testing.

The goals of this work were analysis of computer
methods for TFBS prediction and the ways of their exper-
imental monitoring, discussion of results obtained using
experimentally verified computer methods in investiga-
tion of genome sequences, as well as discussion of meth-
ods for identification of target genes for certain TE.

COMPUTER APPROACHES

Sources of training samples for TFBS recognition
techniques. The elaboration of methods for TFBS recog-
nition is traditionally carried out on the basis of analysis
of samples of TFBS sequences, for which the ability to
interact with the TF and/or functionality were detected
experimentally. Several specialized information resources
contain eukaryotic TFBS sequences: TRANSFAC [2],
TRED [14], TRRD [3], 0oTED [15], and MPromDb
[16].

Usually such databases contain information con-
cerning the extent of previous experimental study of these
sites. These data are represented either as “quality” of the
site (TRED, TRANSFAC) with indication of the experi-
ment type (such as electromobility shift assay (EMSA),
DNase I footprinting) or as digital code of the experiment
(TRRD), which makes it possible to arrange sets of TFBS
sequences meeting the user’s requirements. No doubt the
arrangement of good training samples of TFBSs requires
proofs of the ability of each sequence from the sample to
interact with TE. As a rule the following experiments are
carried out to obtain such proofs: EMSA using the puri-
fied protein; DNase I footprinting with the purified pro-
tein; EMSA using nuclear extract and antibodies to tran-
scription factor. When only data on the involvement of an
element in gene expression regulation are used, the dete-
rioration of training sample with binding sites of other
TFs due to the existence of so-called tethering elements is
possible. For example, well-known elements of glucocor-
ticoid regulation (glucocorticoid-responsive elements)
(GRE) directly interact with the glucocorticoid hormone
receptors. However, there is a sufficiently large group of
“joined” GRE, actually being sites for binding Fos/Jun
[17], Stat5 [18], Smad3 [19], and some other TFs, with
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which the glucocorticoid receptor interacts via pro-
tein—protein interactions without contacting DNA.

Quite a number of information resources are known
with already prepared TFBS matrix: TRANSFAC [2],
JASPAR [20], and ARTSITE [21]. The TFBS matrix
present in the above-mentioned databases can be divided
into two types: designed on the basis of either natural
(genomic) sequences of given TF binding sites, or artifi-
cial, selected in vitro by high affinity to a certain TE The
method for selection of sequences used as a basis for
matrix deduction should be also considered in the devel-
opment of recognition techniques.

In some situations, the TFBS sample may dissociate
to sub-samples corresponding to structural variants of
sites. For example, analysis of 160 glucocorticoid recep-
tor binding sites from TRRD [3] has shown that only 54%
of such sites are homologous to the palindrome GRE
(AGAACANnnTGTTCT), to which there binds a homo-
dimer of receptor protein. The other 40% of sites are rep-
resented by hexanucleotide half-sites (TGTTCT), to
which there binds the receptor monomer form. In this
case, most such sites are involved in glucocorticoid regu-
lation [22]. Functional sites of the estrogen receptor [23]
and CTF1/NF1 [24] are also represented by two variants:
a palindrome and a half-site. It is especially important to
take into consideration the separation of sites into groups
(site grouping) when sites for binding one and the same
TF may be represented both by direct and inverted
repeats of a conserved motif. Binding sites for androgen
receptor [25] and SREBPs (sterol-responsive element
binding proteins) [26] are examples of this. TFBS can
also differ by the length of a spacer between half-sites.
Thus, the RAR/RXR heterodimer binds to direct repeats
AGGTCA with a spacer both of one and five nucleotides
(direct repeats DR1 and DRS5) [27], whereas PPAR/RXR
interacts with sites that represent the different type direct
repeats (DRI, DRO, and DR2) [27, 28]. The optimal
length of a spacer dividing the inverted repeat
TTTC...GAAA in the STAT1 binding sites is 3 bp, but
sites with 2 bp spacers are also known [29, 30]. The
absence of separation of samples of binding sites for such
TFs to corresponding sub-samples may result in a signifi-
cant (sometimes fatal) qualitative deterioration of many
recognition techniques.

Computer technologies of TFBS recognition. Each
TFBS is known to be able to interact specifically with reg-
ulatory DNA sequences differing by the context. The
peculiarities of these interactions impose limitations on
the DNA sequence exhibited in a partial conservativeness
of the TFBS base sequence. Just this situation is the basis
of most methods for TFBS prediction.

One of the most widespread strategies for searching
putative sites is based on revealing coincidences with a
weight matrix obtained from a training sample of experi-
mentally confirmed TFBS sequences and describing the
frequency distribution probability of four nucleotides in
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each position [31]. This approach is justified by methods
of statistical physics [32], is the natural development of
searching for consensus sequences [33], and uses a sug-
gestion concerning the independence of each nucleotide
interaction with protein. Hundreds of the weight matrix
variants were used for TFBS recognition. Thus, the pop-
ular MatInspector [34] uses >700 weight matrices from
the TRANSFAC database [2]. However, it was shown that
the quality of TFBS recognition by the weight matrix
technique may differ significantly in different situations
[35]. Also, it is assumed that the use of weight matrices
produces many overpredictions [36]. A serious drawback
of the weight matrix technique is its inability to account
for variations in the spacer length and half-site orienta-
tion within TFBS [37]. Since most TFs interact with
DNA as homo- and/or heterodimers, the use of weight
matrices for TFBS recognition often requires separation
of training samples to corresponding sub-samples. Non-
observance of this requirement can be responsible for sig-
nificant deterioration of the recognition quality.

Detailed analysis of experimental data on different
affinity of TF to its binding sites on DNA made doubtful
the idea of a nucleotide-independent interaction with
protein [35, 38-40]. It was shown that revealing weak cor-
relations between nucleotides simultaneously with the use
of weight matrices can improve the quality of recognition
[41]. In particular, to achieve this, weight matrices based
on the dinucleotide frequency are constructed [42].
However, since the alphabet of dinucleotides exceeds
fourfold that of nucleotides, the large volume of training
samples is necessary to obtain reliable results. At the pres-
ent time, samples of such a volume can not be collected
for many TFs.

As an alternative approach to creation of TFBS
recognition methods, the stock of conformational and
physicochemical properties of the DNA region defined
by base sequence of the latter is used [43]. These proper-
ties are mainly responsible for the existence of TFBS
because local conformation of DNA, determined by the
context, is one of the main factors of specificity of
DNA-—protein interactions [44, 45]. In particular, it was
shown on the example of Met] TFBS analysis that
accounting for the DNA helix properties together with
traditional methods, based on context analysis, improves
the quality of recognition [46]. The DNA conformation-
al parameters can be determined both for dinucleotide
and for the trinucleotide codes [47]. Thus, the SITECON
method of TFBS recognition is based on the analysis of
physicochemical properties of DNA double helix in the
region of TFBS [48]. The use of dinucleotides parameters
in the SITECON training automatically results in
accounting for nucleotide interdependence upon interac-
tion with protein. An unquestionable merit of this
approach is that its construction does not require large
training samples. However, as in the case of weight matri-
ces, this method does not account for deletions or inser-
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tions in the site core sequence, as well as alterations in the
half-site orientations [49].

The method of hidden Markov chains [50] can be
used to model the variability in the half-site orientation
and in the length of a spacer between them, to use matrix
fragments upon construction of the method for searching
potential insertions, to generate sequences in accordance
with the model, and to evaluate the similarity of any
model with the chosen one [51]. These parameters of the
method have allowed one, in particular, to design a real-
istic approach to recognition of sites for binding the sub-
class NR1-2 and NR4-6 of nuclear receptors [52], organ-
ized as direct or inverted repeats of the TGACCT motif
with a spacer varying from 0 to 9 bp [37]. The approach
based on the methods of discriminant analysis is also not
very sensitive to deletions and insertions [53, 54]. In the
case of nucleotide sequences, the recognition is based on
the analysis of their statistical characteristics. Such char-
acteristics include oligonucleotide frequencies.

Such approaches as Gibbs sampler [55], principle of
maximal plausibility [56, 57], neural networks [58], etc.
are used for TFBS recognition. Their detailed review is
given in [59, 60]. In this case the quality of recognition is
comparable with that by the weight matrix technique.

EXPERIMENTAL APPROACHES USED
FOR MONITORING OF TFBS PREDICTED
BY COMPUTER METHODS

Practically the whole arsenal of experimental
approaches elaborated for testing of TFBSs predicted by
different computer methods in regulatory regions of indi-
vidual genes is used for experimental monitoring of such
sites as well as for revealing functional elements in regula-
tory regions. Thus, in numerous works different tools
from this arsenal have been used for experimental verifi-
cation of different TFBSs found in DNA sequences of
regulatory regions using consensus or various Internet-
available programs (TESS [61], Matlnspector [34],
MATCH [62], Matrix Search [63], etc.). However, only
some experimental approaches appear to be suitable for
immediate monitoring of accuracy and efficiency of
developed computer methods of TFBS recognition. The
main requirements for such approaches include the pos-
sibility of rapid analysis of several tens of sites, lack of
ambiguity of the result interpretation, as well as relative
economy in time and money of the method.

The EMSA fully meets these requirements. This
method allows quick estimation of the TF under study
binding to several tens of double-stranded oligonu-
cleotides corresponding to predicted sites. The source of
TF can be either nuclear extract of cells expressing the
given protein (and then the method should be comple-
mented with cross-competition or supershift assays) or
the purified recombinant protein. Thus, the EMSA with
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nuclear extract together with cross-competition analysis
were successfully applied by Tronche et al. [10] for verifi-
cation of predicted HNF1 binding sites. The search for
putative sites was carried out using a weight matrix in
annotated genomic sequences of vertebrates. Fifty-four
potential sites underwent experimental monitoring and
52 of these were “strong” HNF1 sites. This means that
the false-positives of the computer method proposed by
the authors was less than 5%.

We have used the supershift assays for monitoring of
SF1 binding sites. These sites were found in not yet stud-
ied genes of the mammalian steroidogenesis system by the
SiteGA method based on detection of significant correla-
tions between dinucleotide frequencies within local site
regions [54] and by the SITECON technique revealing
positions with a high level of conservativeness in the DNA
double helix conformation and physicochemical proper-
ties [48]. In the first case, 15 of 18 predicted sites were
confirmed, i.e. the overprediction was 17% [12]. In the
second case, the ability to interact with SF1 was con-
firmed for all 18 predicted sites, which is indicative of a
very low level of the overprediction [13].

Main advantage of the EMSA is the uniqueness of
the interpretation of the result. The method registers only
the fact of the presence or absence of TF binding to the
predicted site, which makes possible the precise estima-
tion of overprediction error and choosing appropriate
parameters for the recognizing method that would allow
establishing an optimal ratio of false-positives and false-
negatives.

Another experimental approach to monitoring of
TFBS predicted by computer methods is chromatin
immunoprecipitation (ChIP). The method is based on
fixation of DNA-—protein interactions in vivo by
formaldehyde cross-links and use of specific antibodies
for isolation of complexes containing the protein under
study [59]. The advantage of the method is a more pro-
nounced, compared to the EMSA, approximation to esti-
mation of the site functionality. However, estimation of
the overprediction error (existing in any computer
approach) by the method of chromatin immunoprecipi-
tation is not as precise as that in the case of the EMSA.
First, the TF under study can be cross-linked both to
DNA and any other chromatin component, including
other DNA-bound TFE Second, the use of ChIP makes
impossible detection of site position within the 100-
500 bp DNA fragment. Also, the method is much more
labor consuming and expensive compared with EMSA. It
requires selection of cell lines expressing both the factor
under study and products of genes containing predicted
sites, and it is often associated with the necessity of
immunoprecipitation with antibodies to all members of
TF family capable of interaction with the same sites.

Nevertheless, ChIP made possible successful moni-
toring of binding sites of several TFs predicted by differ-
ent methods. Thus, the use of antibodies to six members
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of the E2F family confirmed the existence of the protein
binding sites predicted using weight matrix in 10 genes
involved in the cell proliferation control [11]. The same
method confirmed Myc binding sites revealed by phylo-
genetic footprinting in the genes encoding enzymes of
glycolysis [64].

DNA REGULATORY POTENTIAL
AND ITS REALIZATION

The lack of ambiguity of interpretation of the result
of the computer method control by EMSA makes possi-
ble the use of such verified methods for estimation of the
number of TFBS under investigation in the genome.
Thus, for HNF1 it is a single site per 10,000 bp [10], for
SF1 it is 1.5 sites per 10,000 bp [12] or three sites per
10,000 [3]. This means that in the human genome there
are hundreds of thousands of binding sites for these TFs.
It is important to note that since the experimental checks
have shown that only a few sites are false-positives (<5%
HNF1 [10], from 0 to 17% SF1 [12, 13]), these estima-
tions indicate the real presence of these TFBSs in the
genomic sequences. Thus, the results point to a very high
regulatory potential of eukaryotic DNA. The question of
the realization of this potential, i.e. which TFBSs existing
in the genome are involved in transcription regulation, is
still open.

In this connection data obtained using a broad-scale
variant of the chromatin immunoprecipitation assay
ChIP-chip, theoretically allowing detection of the whole
aggregate of these TFBSs, are of great interest [59]. These
data show that tens of thousands of sites in the genome
interact in vivo with the TF under study. Thus, ChIP-chip
gives the estimate of 12,000 sites for Spl, 25,000 for c-
Myc [65], and 65,000 for p53 [66]. For CREB sites the
estimate is 19,000 [67], which correlates with the estima-
tion of the number of CREB molecules in a cell (40,000)
[68].

Thus, there is a discrepancy of over one order of
magnitude between regulatory potential of genomic DNA
(hundreds of thousands of sites) and its realization (tens
of thousands of sites). This discrepancy can be partially
explained by the fact that in a concrete type of cells in a
certain functional condition (which are used in the ChIP-
chip experiment) only some sites are available for binding
to TF in the chromatin context. In other cell types and
under different situations, alterations in the chromatin
state may result in the availability of another group of
binding sites of the same TE. An additional factor respon-
sible for such discrepancy is the existence of families of
factors interacting with he same sites, whereas in the
present-day works using ChIP-chip, usually binding of
only a single member of the family is detected. However,
even with accounting for these reasons, the discrepancy
between the number of sites in genomic DNA and the
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number of sites occupied by TFs in vivo is very high,
which suggests that some fraction of TFBSs does not par-
ticipate in transcription regulation. The existence of such
“silent” sites is supported, in particular, by the discovery
of sites for HNF1 and SF1 binding in the genes expressed
in organs and tissues where neither these factors nor their
homologs able to bind the same sites are expressed [10,
12]. This puts forward the problems of searching for ways
to discriminate between “silent” sites and functioning
ones, as well as of elucidating the question concerning the
need for “silent” TFBSs.

FROM SITE RECOGNITION
TO IDENTIFICATION OF TARGET GENES

The existence of any TFBS in the gene nucleotide
sequence is a necessary but not sufficient condition to
have this gene transcription under immediate control of
this TE As a rule, transcription regulation requires a
series of additional conditions that may be different both
for different TFs and for different genes. The elucidation
of such conditions and their subsequent accounting in
elaboration of computer methods for recognition of the
different TF target genes is needed for successful work of
these methods.

One similar condition is the cooperation of TF
bound to its site on DNA with other TFs interacting with
closely located sites. In some cases, this fact can be used
successfully for recognition of certain TF target genes.
Thus, during analysis of promoter regions of 62 genes of
the immune system, regulated by NF-«B, the AP1, IK,
IRE, and STAT, binding sites were revealed as the most
frequent neighbors of NF-«xB sites [69]. Using these data
for selection of the NF-«xB-regulated genes, products of
which are supposedly involved in immune response, as
well as in the course of estimation of the NF-«B site con-
servativeness in human and murine ortholog genes, the
authors revealed 28 new genes of the immune system that
are potential NF-kB targets [69]. In searching for NFAT
potential target genes, expressed in activated T cells, the
ability of NFAT to cooperate with AP1 as well as the
inclination of the NFAT/API composite elements to
clustering were used [70]. In addition, approaches based
both on simultaneous recognition of binding sites of sev-
eral TF, interacting for carrying out a certain function, as
well as on different combinations of such TFBSs,
appeared to be a very profitable way for revealing func-
tionally combined groups of genes. Thus, a model for
recognition of regulatory regions of genes expressed only
or mostly in liver was designed on the basis of simultane-
ous application of weight matrices for binding sites for
HNFI1, HNF3, HNF4, and C/EBP factors expressed
mainly in this organ [71]. Similarly, recognition of bind-
ing sites for ISG3, STAT1, IRF1, and NF-«B, playing the
key role in interferon production, as well as recognition of
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their different combinations was used as a basis of a
method for searching for interferon-regulated genes in
genomic sequences [72].

However, the approach to recognition of concrete
TF target genes based on the simultaneous search for its
partner binding sites, which together with the given TF
provide for a certain functional response, is associated
with a number of limitations. For example, this approach
is difficult to use in searching for the TF target genes
involved in control of a great variety of physiological
processes and, as a result, having a great number of TF
“partners”, each of which is involved in regulation of a
small number of genes. At the same time, the problems on
revealing all target genes of such TFs emerge quite often.
Thus, in regard to clinical problems, it is extremely
important to reveal the great number of target genes of the
PPAR TF family, synthetic ligands of which are widely
used for the treatment of obesity and diabetes [73], as well
as target genes of glucocorticoid receptor, whose natural
and synthetic ligands are used as immunological depres-
sants and anti-inflammatory drugs [74], whereas side-
effects of such therapy remain largely unknown.

In such cases either clustering of concrete TF bind-
ing sites in the regulatory region [70] or certain regulari-
ties in the TFBS localization with respect to the tran-
scription start site can be considered as additional condi-
tions. In particular, based on studying such regularities in
the arrangement of SF1 binding sites in its known target
genes, we have suggested the following criterion for iden-
tification of potential target genes of this factor as the
existence of at least one SFI1 site in the region of
(—=300; +1) for the existence of at least one more SF1 site
in the region of (—2100; —300) or (+1; +2100) [12].
Using this criterion, new SF1 target genes were revealed
in the human genome among genes encoding cytokine
receptors, growth factors involved in the subsequent steps
of signal transduction, and among genes of the male
reproductive system, which according to published data
corresponds to physiological functions of these genes
[12].

There are now many computer approaches to TFBS
recognition; this is a necessary component of genome
computer annotation and a basic instrument for analysis
of gene expression data obtained with microarrays and
required for solving many other problems of molecular
biology, biochemistry, physiology, and molecular medi-
cine. The main shortcoming of most of these approaches
is a high level of overpredictions. However, the experi-
mental verification of sites predicted by various methods
is required to distinguish between overprediction error of
a method and revealing “silent” TFBSs not participating
in expression regulation.

Analysis of available data on experimental monitor-
ing of some predicted TFBS using the EMSA has shown
that their representation in the genome is very high, up to
several hundreds of thousands per genome [10, 12, 13],
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and only a small number of them are pseudopredicted
(<5% for HNF1 [10], from 0 to 18% for SF1 [12, 13]). In
this case, some TFBSs are found in genes not regulated by
the protein under study. A factor decreasing the excessive
binding of TF is the inaccessibility of extended DNA
regions for binding due to the DNA compact package in
the cell nucleus in the form of chromatin. There are sev-
eral levels of chromatin structural organization that can
influence the binding site accessibility to different TFs
[75]. On the other hand, a hypothesis explaining the
abundance of TFBSs in the genome might be considering
the existence of “traps” for transcription factors, provid-
ing for local increase in their concentration in a necessary
region.

The observed abundance in the TFBS content in
genomic DNA as well as the complex nature of the tran-
scription regulation mechanisms indicate that the use of
additional criteria is necessary for searching for target
genes of a certain transcription factor. These can be the
regularities in the arrangement relative the transcription
start, clustering the single type TFBS, and certain regu-
larities in mutual arrangement.
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