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Abstract: Locating signals for the initiation of gene expression in DNA sequences is an important unsolved problem in
genetics. Over more than two decades researchers have applied a large variety of sophisticated computational
techniques in order to address it, but only with moderate success. In this paper we investigate the reasons for
the relatively poor performance of the current models, and outline some possible directions for future work in
this field.

1 INTRODUCTION recognized among all non-sites (Schneider et al.,
1986), disillusionment soon followed, as any attempt
Eukaryotic gene expression is regulated by a complexto isolate functional elements iDNA resulted in an
network of proteinBNA and protein—protein interac- enormous number of false positives. Learning from
tions. The prevailing opinion, corroborated by many that experience, and further experimental evidence,
studies, is that most of these interactions take placethe bioinformatics community has widely adopted a
within a few hundred bases upstream from the tran- view that the motifs for transcription factor bind-
scription start site, although this is still somewhat con- ing in functional regions are grouped in regulatory
troversial (Nelson et al., 2004). In addition, sites im- modules, sometimes featuring multiple copies of in-
portant for the regulation of genes have been found dividual sites. This idea is not new (Ackers et al.,
in introns and in downstream sequences, as well as1982; Mehldau and Myers, 1993; Kel et al., 1995),
at distant loci, such as thg-globin LCR (Hardison however in the recent years there has been an ex-
et al., 1997b). Promoter regions in yeast are charac-plosion of computational algorithms designed in an
terized by multiple occurrences of the same binding attempt to identify such modules (Hu et al., 2000;
motif (van Helden et al., 1998), and this is also the GuhaThakurta and Stormo, 2001; Rebeiz et al., 2002;
case with many genes from other species. At present,Eskin and Pevzner, 2002; Jegga et al., 2002; Johans-
relatively little is known about genetic pathways and son etal., 2003; Sharan et al., 2003; Sinha et al., 2003;
the mechanisms of gene co-expression, but this situa-Aerts et al., 2004; Donaldson et al., 2005; Kundaje
tion is rapidly changing, especially with the advances et al., 2005; Pierstorff et al., 2006; Papatsenko, 2007;
in microarray technology and protein—proteininterac- Schones et al., 2007), to list just a few. Some of the
tion studies. However, while these advances provide methods also relied on the assumption that multiple
an insight into expression patterns and associations,copies of the same motif should be a component of
they do not tell anything about the mechanisms driv- these modules (Qin et al., 2003; van Helden, 2004). If
ing them, nor about the sites IPNA responsible for  a particular motif is over-represented, i.e. if it occurs
their regulation. in a genomic segment or a group of segments more of-
Despite of significant efforts over the last twenty ten than expected by chance, it was anticipated that it
years to computationally predict transcription factor should indicate a functional signal. Moreover, if mul-
binding signals in promoter and other regions of the tiple motifs in close proximity satisfy this condition,
genome, this remains an elusive goal. While early it was presumed to be a strong indication of function.
approaches relied on a rather naive assumption thatSoftware developed for the location of such modules
the target sites for protein binding must feature in- generally relied on previous information about the in-
formation content sufficient for them to be uniquely dividual binding sites forming the modules. The ap-
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proaches were based on the phylogenetic conserva- Combinations of the above approaches are widely
tion (Jegga et al., 2002; Sharan et al., 2003; Sinhaapplied. We shall look at each one individually.
et al., 2004; Dieterich et al., 2004; Donaldson et al.,
2005; Pierstorff et al., 2006) of homologous regions 2 1 Single Motifs in Groups of
or promoters, approximate matching to known motif Sequences
sequences acquired from databases sucrRaNS- q
FAC (Matys et al., 2006) or some combination of . . o
both. The search was performed for the statistically !f the motifs recognized by transcription factor pro-
significant clusters of motifs (Johansson et al., 2003; teins were specific (such as these recognized by re-
Alkema et al., 2004; Kundaje et al., 2005; Schones Striction enzymes, for instance), the search for sys-
et al., 2007), and it was often combined with match- tematically present short signals would show promise.
ing them to conserved regions in alignments. This It is commonly accepted that a transcription factor
was necessary in order to reduce the search Space, bLH|nd|n-g site COI"ISIStS_ of 5to0 25 nucleOtIdeS, and most
it proved inaccurate. A regulatory module can con- €xperimentally confirmed cores tend to be on the
tain elements that have not been included in the origi- Shorter side of that range. Considering just 5 char-
nal set, but the elements which did get included were acters, and assuming that most transcriptional regula-
sometimes spurious, at least when bindingivo is ~ tory activity indeed happens within about 500 bases
concerned. Indeed, over years evaluation studies havd!Pstream of the gene start, under the simplistic model
been consistently demonstrating that these tools havef €2ChDNA base being equally likely, the proba-
not been very effective (Fickett and Hatzigeorgiou, bility of a chance occurrence of such motif at any
1997: Tompa et al., 2005), despite of the progress in Single position would be M4° ~ 0.00098. Within
our understanding of the genome, advances in tech-& Window of 500 bases the expected number would
nology and sophistication of the models. thus be around 0.49. Using the Poisson distribution
Many approaches were based on gene expres-We can estimate the probability of seeing it at least
sion study results, and the postulated co-regulation.once in any given window to be 1e~%%~ 0.39.
Promoter regions of such genes were considered si-IN consequence, if one would consider a set of just
multaneously, and the programs used Gibbs sam-4 Cis-regulatory segments of co-expressed genes (de-
pling (Lawrence et al., 1993; Thijs et al., 2002), termined by microarray experiments, for instance) in
Bayesian clustering (Qin et al., 2003), Markov Mod- Order to achieve statistical significance (i.g-avalue
els (Liu et al., 2001), Expectation Maximization (Bai- Of |ess than 0.05) and 5 to be highly significapt-(
ley and Elkan, 1994), Shannon’s entropy (Kundaje value < 0.01). This is encouraging, having in mind
et al., 2005), simultaneous dyad motif discovery (Es- that the co_n3|dered motifs are just 5 characters Io_ng,
kin and Pevzner, 2002), genetic algorithms (Aerts @nd that with 6 and more characters one can achieve
et al., 2004) and other techniques in order to isolate Statistical significance with regulatory sequences of
regulatory modules. Despite of the use of very sophis- Just 2 co-expressed genes. If several motifs exhibit

ticated algorithms these methods have not achievedc0-occurrence within a single set of regulatory se-
desired accuracy. Why? quences, that would almost certainly indicate a real

signal, or at least a part of it (discarding for the mo-

ment the fact that such co-occurrences would also

show up at many random places in the genome).

2 TARGETING THE Even genes which are co-expressed under certain
OVER-REPRESENTED MOTIFS conditions may not be regulated in the same way.

Their transcription initiation complexes may not be
The use of motif over-representation for the predic- same, or even similar, or they may exhibit a weak
tion of transcription factor binding signals can be similarity sufficient to yield co-expression only un-

roughly divided into three categories: der certain circumstances. In addition, in any set of
1. Over-representation of single motifs in groups of 'égulatory sequences any given motif may be absent
related functional sequences. from some, so the requirement that it should be found

_ ) . in all should be relaxed. Regardless of this, one can
2. Over-representation of m_otlfs from a limited set, argue that when a set of regulatory sequences of co-
such as these recorded in the databaseSNK o, hressed genes is available, one can determine the
regulatory elements, in a single region under con- it ynjikely to be shared by chance, and reliably
sideration. identify at least these most common. Further studies
3. Over-representation of phylogenetically con- can then be performed to identify proteins bound to
served blocks in a genomic segment of interest.  these motifs, and their co-factors.
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Unfortunately, nature does not follow simplistic et al., 2007), one can expect a reasonable correlation.

models. Even as the core promoters lie upstream of  concentrating on a motif recorded in a database
the genes, most of their activity _depends on the en- rather than on any general one that may be repeated
hancer and other elements, which may be very far gramatically decreases the complexity of the search.
from the genes and regulating several of them si- | the extreme cases of long motifs with a strong con-
multaneously. In some cases, the co-expression patsensus one can perform simple pattern matching and
tern may stem from a group of genes affected by the identify the targets uniquely in the genome. However,
same enhancer, rather than several enhancers featur,ch motifs are not common, so the promise of this
ing same motifs. Evenwhen there are separate Contm'approach lies in the search for database motif clus-
elements targeted by same transcription factor pro-ers j.e. regulatory modules. This still makes sense:
teins, and even if we assume that they would not func- TRaANSFAC, the richest of the above mentioned re-
tion across domains, this expands the 500-base win-goyrces, presently contains 7915 transcriptional bind-
dow to tens of thousands of bases, where only very jnq sites, with consensus motifs organized into 398
long motifs would have a chance of achieving statis- position weight matrices. They come from different
tical significance. species, however one can use this number in rough
Another problem is in that we may not even be calculations. Assuming the average length of a mo-
able to detect a true binding signal present in all con- tjf represented in a PWM to be around 9 (and for
sidered sequences. Transcription factors often featurethe moment discarding the fact that multiple motifs
a notorious lack of specificity, and within any given can match a single consensus) and the same random
motif only certain positions, which need not be adja- model as above, the number of possible motifs of
cent, may be important. The true transcription fac- thjg length would be %= 262144. Consequently,
tor binding is determined by a very small number of gne could estimate the probability that a motif from
bases, sometimes as small as 3. The use of positiory set of 400 would start at any given position in the
weight matrices (further referred to &VMs) may  genome as 4Q@1° ~ 0.0015. Within a window of 500
be helpful in detecting these, but this method is far baseS, putative regu'atory region, the expected num-
from perfect. Their biggest problem is in that they do  per of chance occurrences of a motif recorded in the
not take into account the spatial structure of the mo- gatabase would roughly be around@®. Taking this
tifs (such as positioning of the bases critical for bind- pnymper as the Poissdn one would need as few as
ing within the major or minor grove of theNA he- 3 motifs recored in a database within a window of
lix), which may be crucial in determining whether the 500 bases (presumably serving as the anchoring for a
specific nucleotide will interact with a protein or not.  regulatory module) in order to achieve statistical sig-
Alas, even the most recently published work, while al- pjficance p—value< 0.05). Such considerations have
IOWing for non—ContigUOUS critical YESidueS, still fails given rise to the creation of many software tools.
to take into account anything but raw sequence infor- The first problem with this approach is that in a

mation (Chakravarty efil:, 200" large genome such as human, even if we concentrate
: only on windows upstream of the known or predicted
2.2 Modules of Elements Retrieved genes that would give us around 30 thousand regions,
from Databases so with thep—value of 0.05 we would still get around
1500 false positive hits. Of course, for larger mod-

Researchers have spent many years meticulously colU€s thep—values would be much lower, but one can
lecting the experimental data concerning the bind- hardly expect to locate very large clusters of sites,
ing of transcriptional proteins, and compiling the in- &t least according to the current views on transcrip-
formation about the bound motifs in databases suchtional regulation. If a module is shared among a few
as TRANSFAC (Matys et al., 2006), Jaspar (Vlieghe dozen regulatq_ry_ sequences, and we would want to
et al., 2006) or Mapper (Marinescu et al., 2005). The keep the specificity of the search at 0.5 or better, we
consistency with which certain sequences are boundWould need to have the expected chance groupings at
in vitro gives a strong support to the view that the around, say, 50, which would dictate tpevalue of
exact nucleotide sequence is important, and that Spa_0.0017. Even L_lnder the a_lbove c_)utllned simplified cir-
tial and epigenetic factors may be more instrumental cumstances this would dictate literally dozens of mo-
in blocking the sequences which are compositionally tifs to participate in the module, forming a common
similar to the true binding targets, but which should core. Consequently, the poor performance of module
not be used under the particular circumstances. Al- Séarching software comes as no surprise.

though it is still somewhat unclear how much of the The real-world situation is actually much worse:
binding effectdn vitro would also happeim vivo (Jin genomic sequences are not random assemblies of 4
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letters, the regulatory module locations (moreover, lo- when the effects of non-specific binding and permissi-
cations that can be taken by individual participating ble divergence in regulatory signal consensus, as well
motifs) are not limited to windows of length 500 im- as these of inter—species differences, would be mini-
mediately upstream of the genes, and many variantsmal, any short signal would not be sufficient to war-
of a motif may match its consensus (as represented byrant significance, or it would require a multiple align-
the PWM). The currently available databases are nei- ment of dozens of very close genomic sequences (Sto-
ther complete nor accurate, and thresholds for matrix janovic, 2004). This is becoming feasible with bac-
matching are set in a vedd hoc, heuristic fashion.  terial, but not yet with eukaryotic genomes. Re-
In consequencePWMs tend to match large groups searchers have thus concentrated on the identification
of motifs, producing hits literally everywhere. Epi- of clusters of conserved sites, guided by essentially
genetics phenomena may act in such fashion as tothe same reasoning as outlined in the previous sec-
dramatically reduce the numbers of elements partic- tions. In relatively short segments DNA it is un-
ipating in a regulatory module, by making many in- likely that rearrangements would be taking place on
stances of chance groupings resembling it inaccessi-a substantial scale, and the positional conservation of
ble to transcriptional proteins, and many interactions regulatory signals would lead to good alignments with
within modules are taking place at the protein, not short phylogenetic footprints clearly visible.

DNA level, further reducing the number of motifs i The probabilistic reasoning applied in this case re-
the genome that would need to be recognized in orderjigq on the strength of the signals (i.e. sequence con-
to initiate transcription (and thus the size of the motif seryation), the likelihood of seeing such conserved

cluster corresponding to the module). motif by chance, given the phylogenetic distance be-
tween the sequences, and, because the later is often
2.3 Phylogenetic Approaches difficult to establish, on the empirical determination

of the background conservation within the alignment,

Another popular approach to identifying functional @S its Sections which appear to stand out.
signals relies on phylogenetic conservation. Its ba-  The first problem with this approach lies in the
sis is a very reasonable assumption that a functionalquality of the alignment itself: genetic regulatory sig-
constraint prevents mutationsimA from becoming  nals are short and non-specific, and thus not very
fixed in population, while sites which are not impor- likely to be precisely positioned, although their rel-
tant are free to independently mutate and fix along ative offsets would probably be small. This, on one
separate branches of the evolutionary tree. This hy-hand, may lead to an imprecise definition of motif
pothesis has been amply confirmed by the study of boundaries, which often shows as only a partial over-
coding sequences, and within them of the synony- lap between the footprint and the experimentally con-
mous and non-synonymous substitutions. The en-firmed binding site. On the other, the footprint itself
couraging results in the study of genes have led to themay be difficult to identify, as its improperly aligned
assumption that phylogenetic conservation can be ex-bases would both lower the signal and increase the
ploited in the search for regulatory signals. neighboring region noise. In protein sequences one
For this purpose, many investigators have turned can at least partially exploit structural characteristics
attention to the identification of phylogenetic foot- (such asu—helix signatures) in order to improve the
prints, both in pair-wise sequence comparisons andalignment quality, but irbNA the only relatively re-
multiple alignments. Studies have been performed in liable markers are the exons of genes. If one looks
order to establish the most informative genetic dis- for their immediate upstream promoter regions this
tance between compared species, which have to bemay be helpful, but unfortunately the 5’ untranslated
far apart so to minimize the noise coming from ran- regions of variable lengths and weaker conservation
dom conservation, but close enough to share simi- (With some notable exceptions discussed below) tend
lar regulatory signals (Hardison et al., 1997a; Miller, to reduce the anchoring strength of the first exon.
2001), as well as the most informative additional Even when the alignment is reliable, the probabil-
species to place in a multiple alignment (Thomas et ity of random conservation in even distantly related
al., 2003). Pairwise, within the mammalian scope, se- sequences is too high to lend credibility to any but
guences which have diverged about 70 million years extremely large groupings of footprints, too large to
ago (such as human and mouse) have shown greatedte plausible anchor sites for the transcriptional com-
promise, although optimal phylogenetic distance for plexes. Somewhat surprisingly, such large concen-
analysis tends to vary with the genomic locus (Hardi- trations of footprints are not uncommon in higher
son, 2000). eukaryotic genomes. In fact, many of these are so
Even under the most favorable circumstances, large that they can hardly be considered as groupings
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of individual, discrete elements (Jones and Pevzner,100 sequences of length 500 each are shown in Ta-
2006). The most dramatic example are the non- ble 2. Our findings clearly indicated that, first, all
coding ultra-conserved segments, defined as blocksgenomic sequences feature dramatically higher num-
of 200 or more bases with absolute identity among all bers of repeated short motifs than one would expect
compared species. Within the human genome thereby chance, and, second, that the differences in num-
are about 500 such blocks conserved among all se-bers of such motifs do not appear to be significant be-
guenced mammals, but sometimes even among alltween random intergenic and presumably regulatory
vertebrates. The role of these elements is currently sequences upstream of the known genes, despite of
unknown, as many knock-out experiments have re- the trend that one can notice in the last two columns
peatedly failed to produce visible effects in model an- of Table 2. Repeatedly, chi-square tests performed on
imals. Consequently, some researchers have postuthese columns and other data could show only mild,
lated that the ultra-conservation (as well as conserva-but inconclusive, bias. This indicates that something
tion of other long non-coding blocks) may be a con- else in addition to the functional signal is at play, but
sequence of a regional repair mechanism of excep-it is somewhat unclear what that might be.

tional strength, but so far nobody was able to charac-
terize what that mechanism might be, as well as why
it would have been put in place at its target loci.

In a series of studies started more than forty years
ago (Waring and Britten, 1966) Britten, Davidson and
others demonstrated that the nuclear genome of di-
verse eukaryotes contained a large fraction of repeti-
tive DNA, and recent large—scale genome sequencing
has established the ubiquitous existence of repeats.
Many of them are of tandem nature, relatively eas-
ily recognizable, however the majority are the result
of the repeated interspersed insertion of transposable
elements, often not capable of further activity (Smit,

In order to quantify this phenomenon, we have
looked at the patterns of conservation in mammalian
Hox gene clusters (Stojanovic and Dewar, 2005),
which are well preserved, and home to some of the
mentioned ultra-conserved blocks. Interestingly, in
Hox the highest overall conservation has been ob-

served within the 5UTR regions of genes, as illus- ) ;
trated in Table 1. While good conservation of untrans- 1998 Feschqtte gixtla 2002) — once integrated, these
sequences will never transpose again and can be con-

lated regions is not common genome-wide, it has ~. . A
been observed in several other cases, such as mam§'.derecj molecular foss_lls. Regardle_ss of the|r_ or-
malian casein genes (Rijnkels et al., 2003). In sum- i ghld giNke mechanisms responsible for their in-
mary, this indicates that there is much more to phy- activation, it is widely accepted that fossilized trans-

logenetic conservation than a simple functional con- posons, as a whole, do n_ot assume funcUon to the
straint. Before that mechanism is understood somehOSt' Consequently, these inactive copies are progres-

. . sively eroded by mutations accumulating at a neutral
skepticism concerning the use of sequence conserva: y y 9

tion as a hallmark of a functional signal is warranted. fate un_tll the_y become unrecogmzab_le._ Wh'.l(.a more
recent insertional events can be readily identified due

to the high similarity of the copies, characterization
of more ancient activity remains a challenge. In the

3 OVER-REPRESENTATION OF human genome, almost half of the sequence is con-
MOTIFS IN GENOMIC sidered unique, but only a small fraction (about 5% of
ENVIRONMENTS the total) is thought to be significant, whether coding

or not. This leaves an open question about the ori-

The over-representation concept itself is problematic. 91" @nd role of the presumably unique non-functional

It has been well known, and for a long time now, Sequence, Whi.c.h is very Iikel_y to. originate fror_n an-

that genomic sequences, even in large “unk” areas cient transpositions and duplications. Due to its de-
are not random assemb,lies of four letters. In Or_’gree of degeneracy, 't.WOUI‘.j remain in the genomic
der to quantify the genome-wide over-representation segments under consideration after repeat masking,

of short motifs, we have recently undertaken a sys- _bUt it would also mtroduce_a large number of seem-

tematic study (Singh et al., 2007) in which we have N9y Over-represented motifs.

noted a remarkable over-representation of many short ~ Therefore, many of the apparent clusters of con-

motifs throughout the presumably unique human ge- served elements are likely just remnants of transpo-
nomic sequences, as well as (to a lesser extent),son insertions. While phylogeny—based approaches
Markov model generated sequences trained on humarare less vulnerable to this effect, it can still be an

chromosomes. As an example, the results countingissue when comparing sequences from species for
the average number of repeated occurrences of mo-which good repeat libraries have not yet been com-
tifs of lengths 4 through 9 measured in 6 datasets of piled. Regardless of the source, the micro-repetitive
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Table 1: Fractions of the total numberldbx (A, B, C andD clusters) alignment columns in 7 distinct genomic envirenta
contained in the regions of minimal length of 25 bp, of averagnservation wittp—value < 0.1 measured against the
background conservation of the entire alignment. The geeic data forHoxD have been parenthesized because of the
Ensembl gene prediction at the location where many of tregiens have been found. OveradioxD data are not as reliable
because only a relatively small amount of high—quality s&xge of this cluster was available in all considered spghigman,
baboon, mouse, rat, cow and pig) at the time of the study.

500-1000bp 5’ 200-500bp5 0-200bp5’ Coding Introns O0-bp® Intergenic|
HoxA 0.067 0.315 0.616 0.223  0.066 0.077 0.05
HoxB 0.115 0.342 0.788 0.639 0.071 0.145 0.02
HoxC 0.104 0.202 0.609 0.521  0.089 0.105 0.03
HoxD 0 0 0 0.061  0.026 0.066 (0.027

Table 2: The mean numbers of repeated patterns of diffeesgtts in different types of nucleotide sequences. Pattern
counting has been done over 100 sequences of length 500hcategory.

Pattern Expected Random ™2rder 39Order 3"Order = Random Upstream
Length Number  Synthetic MarkovM. MarkovM. MarkovM. Genami Regulatory
4 42906 42574 43799 43284 43223 43897 43392

5 19316 18918 23783 22298 22227 26164 26011

6 57.46 5516 8433 7458 7588 10662 11531

7 1503 140 245 2182 233 3866 4754

8 38 312 7.05 575 6.87 1572 213

9 0.95 056 194 147 197 857 1133

structure of genomic sequences of higher eukaryotestational community have so far mostly ignored these
makes it very difficult to locate any feature through developments. At this time the study of binding sig-
over-representation, simply because the backgroundnals inDNA should probably rely more on data min-
is highly non-random. ing approaches than on analytical models, although
statistical analysis of the data will remain important.

When studying a potential regulatory role of a ge-
4 DISCUSSION nomic sequence (or a group of sequences, in_ cases
when co—regulation pattern of a group of genes is sus-
pected), one should take into account, first of all, the
So far much of the computational search for genomic specific experimentally confirmed knowledge about
regulatory signals have been done using sequence inthe region which can be mined from the literature us-
formation only, just because it was the most readily ing currently available technologies. Next, the spe-
available. In the context of sequence analysis look- cific biochemical information about methylation pat-
ing for statistical over-representation was indeed the terns and domain structure should be applied, be-
most sensible approach. However, while the resulting fore raw nucleotide information is considered. At
combinatorial and probabilistic problems are chal- the later stage the prediction and statistical evalua-
lenging and mathematically interesting, biologically tion should be incorporated, but structural data should
they are questionable. That does not mean that theystill be taken into account, when available. Recent
are of no value whatsoever, only that they are cur- studies (Segal et al., 2006; loshikhes et al., 2006)
rently not being used in the right way. have indicated that there may be specific histone pro-
Much of the genome study is still in the data col- teins positioning codes iDNA, and if further evi-
lecting phase. We are not yet in a position to build an- dence confirms this it would greatly help in the char-
alytical models, and without them the quantification acterization of binding signals for other types of pro-
of their effects makes little sense. Over the last few teins, transcription factors in particular (through eas-
years the scientific community has been increasingly ier identification of potentially open chromatin do-
turning attention to epigenetics, and there has recentlymains). Only at this point one can concentrate on
been a significant increase in the accumulated knowl- the motif-related considerations, looking for these
edge about these phenomena. However, the compu+ecorded in databases and these that might be phy-
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logenetically conserved. The over-representgtsn
se may not be sufficient to provide useful informa-
tion, but the appearance of similar motifs in areas
otherwise postulated to share functionality (based on
stronger evidence than just a correlation of expression
in microarray experiments) may be indicative enough
to warrant confidence.

The true discovery has always been through
a well-coordinated combination of computational
and experimental approaches. This takes time, al-
though modern technologies are dramatically facili-
tating such efforts (Jin et al., 2007), so purely compu-
tational methods for genome—wide prediction of tran-
scriptional regulatory signals will remain to be of in-
terest. It is only that the methods will have to change
in order to be really useful, and not just interesting.
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