
Biochemical and Biophysical Research Communications 309 (2003) 495–501

www.elsevier.com/locate/ybbrc

BBRC

Breakthroughs and Views

Recent advances in computational promoter analysis
in understanding the transcriptional regulatory network

Ping Qiu*

Bioinformatics Group and Discovery Technology Department at Schering-Plough Research Institute,

2015 Galloping Hill Road, Kenilworth, NJ 07033, USA

Received 11 July 2003
Abstract

The computational approach to the study of transcriptional regulation networks has become more attractive and feasible with

the rapid accumulation of complete genome sequences and the advance of high-throughput expression profiling technology. In this

review, current computational approaches for understanding the transcriptional regulatory network, including promoter prediction,

transcription factor binding site identification, combinatorial regulatory elements prediction, and transcription factor target gene

identification, are discussed. The role of comparative genomics in transcription regulatory region analysis is also reviewed.
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Regulation of gene expression involves a complex

molecular network. DNA-binding transcription factors
(TFs) are one of the important components in this net-

work. Transcription of genes is controlled primarily by

TFs recognizing and binding to specific short DNA se-

quence motifs in the cis-regulatory region (promoter and

enhancer) of these genes, leading to activation or re-

pression of transcription in response to changes in the

environment, as well as during development. Therefore,

one major task of deciphering transcriptional regulation
networks is to identify all transcription factor binding

sites (TFBSs) bound by all TFs encoded in a genome,

which eventually will provide the information necessary

to construct models for transcriptional regulatory net-

works [1]. With the completion of the human genome, as

well those of several rodents (e.g., mouse and rat), de-

ciphering gene regulation networks computationally has

become a major task in the post-genome-sequencing era.
Over the last several years, two driving forces have

accelerated the advance in this field. First, high-
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throughput sequencing technology has allowed the se-

quencing of complete genomes of a large variety of
species (including human, mouse, and rat), which makes

genome-wide comparisons or phylogenetic footprinting

feasible endeavors. Second, high-throughput expression

profiling technology like microarrays (genechip) and

serial analysis of gene expression (SAGE) have allowed

rapid parallel analysis of expression levels of hundreds

of thousands of genes in a single assay. The underlying

assumption of using high-throughput expression profil-
ing technology in regulatory region analysis is that a set

of co-regulated genes usually share a similar set of reg-

ulatory motifs.

In this review, I discuss recent advances in the com-

putational approach to the identification of promoters,

TFBSs, combinatorial regulatory elements and TF tar-

get genes as well as the role of comparative genomics in

regulatory region analysis.
Identification of promoters

The first step towards the identification of a TFBS is

finding the promoter. We define the promoter to be the
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upstream region proximal to a gene’s transcription start
site (TSS). Despite the importance of promoters, our

ability to identify them is generally less advanced than

our ability to identify coding regions. This is because

promoters are very diverse and even well-known motifs

are not always conserved in all promoters. Furthermore,

each gene also contains a set of unique combination of

TFBSs in the promoter that determines its temporal and

spatial expression. The human genome contains about
1850 unique TFs [2], each of which binds to a specific

TFBS and the number of combinatorial pattern per-

mutations is immense.

Several computational methods for predicting pro-

moters have been developed over the last several years.

In general, algorithms can be classified into two

groups. First, there is the signal-based approach, which

relies on the recognition of relatively conserved signals
and conserved spacing among patterns such as the

TATA box, CCAAT box, and TFBS using neural

network, genetic algorithm (PROMOTER2.0) [3] or

using weight matrix based approach (ProScan) [4].

Second, there is the content-based approach, which

distinguishes promoter sequences from non-promoter

sequences based on content differences such as triplet

base-pair preferences around transcription start site
(TSS), hexamer frequencies in consecutive 100-bp up-

stream regions, etc. using linear discriminant function

(TSSG, TSSW) [5] or quadratic discriminant analysis

(CorePromoter) [6]. Yet, while those programs pre-

dicted about 13–54% of the promoters correctly, each

program also predicted a number of false positive

promoters. A recently developed system, PromoterIn-

spector [7] which is based on context features extracted
from training sequences by an unsupervised learning

technique, was reported to produce a considerably re-

duced level of false positive recognition. More recent

approach combined methods discussed above with

CpG island information, as many vertebrate promoter

regions coincide with CpG islands. The sensitivity

and specificity of the combined approach was greatly

enhanced [8–10].
With the accumulation of well-annotated genes, sev-

eral studies have tried to predict promoter sequences by

aligning full-length mRNA with their counterpart ge-

nomic sequences. This approach can achieve over 80%

accuracy in promoter localization [11–13]. Yet, due to

the incompleteness of full-length transcripts, a comple-

mentary approach by Liu et al. [14] makes use of the

expressed sequence tags (ESTs) to anchor the position of
a gene, and then gene prediction software is used to

identify the missing 50 exons of the genes. The region

upstream of the 50-most predicted exon is then searched

by another promoter-prediction algorithm for a candi-

date promoter. The authors claim that this method

(CONPRO) can identify promoters with very high

confidence.
Identification of TFBSs and composite TF modules

After promoter regions are identified, it is then pos-

sible to search for cis-regulatory elements computation-

ally by screening genomic sequences for the presence of

TFBS motifs that have already been identified. Because

most TFs bind to short (5–25 bp), degenerate sequence

motifs that occur very frequently in the genome, a po-

sition weight matrix (PWM) is often used to quantita-
tively represent the binding specificity of these factors.

The consensus sequences represented by IUPAC string

or PWM can be used to search the genome for known TF

binding-site elements. Several programs have been

developed to perform searches based on PWM and

IUPAC: SIGNAL SCAN, MATRIX SEARCH, Mat-

inspector, ConsInspector, TFSearch, etc. [15]. TR

ANSFAC is a database that collects TFs, TFBSs, and
TFBS sequence profiles (IUPAC or PWM) generated

from the published literature [16]. While a PWM-based

search is considered to be more sensitive, a major

drawback of using PWM directly in identifying TF

binding sites is that only a small fraction of the predicted

binding sites is functionally significant. A method for

reducing the large number of false positives, phyloge-

netic footprinting approach, has been used by many re-
searchers and will be discussed below.

The recent advancement of microarray technology

and the availability of a large number of complete

genome sequences make the use of computational

methods to find potential functional TFBSs more ro-

bust. Genes can be classified into different clusters

based on their expression patterns. Genes in the same

cluster are assumed to be co-regulated. Different
methods can then be used to discover regulatory ele-

ments within the genes in the same cluster. The com-

mon feature of these methods is to search for

overrepresented motifs in the collection of regulatory

regions [17]. Popular programs that can perform this

task are Consensus [18], MEME [19], Gibbs Sampler

[20], ANN-Spec [21], AlignACE [17], PROJECTION

[22], MDScan [23], and the more recent YMF [24].
However, to date, such methodologies have been suc-

cessfully demonstrated mainly in prokaryote and lower

eukaryotic organisms. Elkon et al. [25] demonstrated

that a similar approach can also be applied to reveal

transcriptional networks in human cells. Focusing on

transcriptional mechanisms that control cell cycle

progression, they revealed eight TFs whose binding

sites are significantly overrepresented in promoters of
genes whose expression is cell-cycle-dependent.

It needs to be noted that the correlation between

gene cluster and regulatory motifs is imprecise for at

least two reasons. First, not all co-regulated gene

promoters share a common motif, because some of the

identified genes in a given cluster might in fact be

secondary response genes. Second, because of the
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combinatorial nature of TFs, the same motif can be
found in the promoter regions of genes that are not co-

regulated. To circumvent the limitations of gene clus-

tering based on expression profiles, Bussemaker et al.

[26] used a regression model in which upstream motifs

contribute additively to the log-expression level of a

gene to predict statistically significant motifs. Another

algorithm, “MobyDick,” was designed for discovering

multiple motifs from among a large collection of se-
quences, even without expression data [27]. This

method decomposed a set of DNA sequences into the

most probable dictionary of motifs, or words, which

enables many cis-regulatory elements with high statis-

tical significance to be extracted from yeast genome

without other empirical information.

Importantly, however, few of the methods described

above attempt to link computationally discovered reg-
ulatory motifs that are currently unknown with the

TFs that bind to them. Recently, approaches taken by

Birnbaum et al. [28] and Zhu et al. [29] promised to

provide this missing information. Based on the as-

sumption that in some cases, the mRNA levels of TFs

and their target genes are correlated, Birnbaum et al.

established a link between TFs and motifs by decom-

posing promoter regions into ‘7-mers’ and then corre-
lating the composite expression pattern of all genes

containing each 7-mer with TF expression pattern. The

TF-centric clustering algorithm developed by Zhu et al.

takes an opposite approach and uses a particular TF

expression pattern to identify cis-regulatory motifs. If a

particular TF is chosen as a seed for expression clus-

tering, then some of the genes in the cluster should

contain the regulatory motif to which the seed TF
binds. By using a Gibbs sampling algorithm to identify

shared cis-regulatory elements in promoters of clus-

tered genes, at least one of the discovered motifs would

be the site bound by the original seed TF. While these

two approaches both demonstrated certain success,

they are both limited by the common underlying as-

sumption that expression profiles of TFs correlate with

the expression profiles of their target genes. Generally,
expression profiling analysis of genes requires that the

expression levels of those genes fluctuate in different

conditions, while in fact the expression levels of TF

genes as compared with those of other gene classes are

usually low, and any fluctuations in the expression

levels of TF genes may not be detectable against

background fluctuation levels. Finally, many TFs may

be constitutively expressed, but strictly controlled post-
translationally.

To facilitate the identification of TFBSs, researchers

make use of more than genome sequence and expression

profiling information. Ettwiller et al. [30] combined

functional information such as protein–protein interac-

tions or metabolic networks with genome information in

Saccharomyces cerevisiae and developed a new scoring
method to predict cis-regulatory motifs in the upstream
region of genes. Mandel et al. [31] described a novel

approach to identify TFBSs based on structural infor-

mation of the protein–DNA complex and successfully

demonstrated it when applied to known TF–DNA in-

teractions.

Genes are rarely controlled by a single TF. Rather,

accumulating evidence suggests that specific combina-

tions of TFs are required to achieve the complex dif-
ferential expression of genes in higher organisms. The

structural basis for combinatorial regulation exists in

the organization of multiple TFBSs into modules in the

promoters of each gene, usually a few hundred base

pairs proximal to the TSS site [32].

One effort to document all combinatorial elements is

TRANSCompel [33], a database of published informa-

tion on composite regulatory elements. However, the
effectiveness of TRANSCompel is still limited by its

small size: release 7.1 (2003) contains only 366 entries.

To sidestep the limitations of TRANSCompel, several

groups have devised different computational approaches

to detect TF synergism. One approach depends on the

notion that a pair of TFs acting synergistically will have

a higher frequency of corresponding cis-elements that

co-localize on the promoter region than random oc-
currence [34,12]. However, while the identified hits were

partially validated by published experimental evidence,

these methods can only detect composite modules con-

sisting of known TFs with known PWMs. A second

approach, Co-Bind (for COoperative BINDing), uses

Gibbs sampling strategy to model the cooperativity be-

tween two TFs and to define PWMs for identified

binding sites [35].
Pilpel et al. [36] used high-throughput expression

profiling technology to identify novel TF combinations

in the promoters of the yeast S. cerevisiae. Their ap-

proach involves screening genomic sequences against a

database of known and putative regulatory motifs to

identify genes containing each motif. The effect of each

motif on gene expression is then evaluated by examining

the expression profiles of genes containing this motif.
For each motif or combination, an expression coherence

score, a measure of the overall similarity of the expres-

sion profiles of all the genes containing that motif in

several different conditions, is calculated. A pair of

motifs is considered synergistic if the expression coher-

ence score of genes containing both motifs in their

promoters is significantly higher than that of genes

containing either motif alone.
Cross-species genome comparison in regulatory region

analysis

The methods discussed thus far are capable of iden-

tifying likely TFBSs via the alignment of regulatory
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regions of co-expressed genes or by statistical analysis of
over-represented motifs in single-celled organisms such

as yeast. However, in multicellular organisms, searches

for over-represented motifs and sequence alignment

strategies are more complex and usually will return a

high frequency of false positive results because regula-

tory elements are not necessarily located immediately

upstream of the coding region as in single-celled or-

ganism, and can be found upstream or downstream of
the gene, in introns, or even spread over tens or even

hundreds of kilobase pairs.

Comparative genomics (also referred to as phylo-

genetic footprinting (PF)) has emerged as a powerful

tool for addressing the complexities of identification of

TFBSs in multicellular eukaryotes. This approach relies

on the assumption that functional sequences such as

coding regions and regulatory modules are more con-
served evolutionarily than nonfunctional regions. Sev-

eral algorithms have been developed for cross-species

sequence comparison. Some are based on local align-

ment: BLAST [37]; PIPMaker [38]; BBA[39]; and DBA

[40]. Others are based on global alignment: CLUSTAL

W [41] and VISTA [42]. Still other programs avoid

being limited to cross-species sequence comparison and

are designed specifically for discovery of putative con-
served TFBSs using comparative genomics. Examples

of such programs are rVISTA [43] and FootPrinter

[44]. Most recently, Lenhard et al. [45] devised a flex-

ible suite of methods (ConSite) for the identification

and visualization of conserved TFBSs that resulted in a

significant reduction of noise and increase of specificity

of predicted TFBSs over other methods. The system

reports putative TFBSs that are not only situated in
conserved regions but also located as pairs of sites

in equivalent positions in alignments between two

orthologous sequences.

The major advantage of PF over the single-genome,

multigene approach discussed above is that the latter

method requires a reliable set of co-regulated genes. In

contrast, PF is capable of identifying regulatory ele-

ments specific even to a single gene, as long as they are
sufficiently conserved across species. Therefore, PF is

especially useful when only a small set of high-quality

co-regulated genes is available. PF of a set of co-regu-

lated genes can substantially reduce the size of the

sequence to be searched for functional sites.

PF has been used to identify regulatory control ele-

ments with considerable success [43–51]. Wasserman

et al. [50] reported that 98% (74/75) of experimentally
defined binding sites of skeletal–muscle-specific TFs are

confined to 19% of the conserved region among human

and rodent in a set of skeletal muscle specific genes.

Furthermore, they were able to identify all three known

major muscle-specific TFs (MYF, SRF, and MEF2).

Qiu et al., by taking a similar PF approach in con-

junction with a TRANSFAC PWM search and statis-
tical analysis, identified all three known parathyroid
hormone (PTH)-responsive TFs (AP1, RUNX2, and

CREB), and generated a list of other potential TFs in-

volved in the PTH pathway [51].
TF target gene identification

Identification of TFs that control the expression of a
given gene is important, yet equally important is to be

able to predict downstream genes that are responsive to

a set of TFs. The notion of TFBS coordination, or close

positioning, has been used widely to identify target

genes that are regulated by similar mechanisms [52–57].

While many methods for the identification of TF target

genes have been reported, they all share several common

features. First, most of the methods derive a set of TFBS
elements from a set of co-regulated genes or a set of

genes with similar functions. The individual binding el-

ements are then combined into one recognition module/

model, which is then used to screen the genome for

promoters of genes regulated by similar mechanisms.

Second, the phylogenetic footprinting approach is used

to either reduce the size of the genomic region to be

searched for target genes, or to increase the sensitivity of
the model building. Third, TF binding specificity is often

expressed by PWM. Finally, many methods make use of

high-throughput expression profiling data such as

microarray and SAGE.

The results obtained thus far are very promising. For

example, Liu et al. [55] used logistic regression models to

the promoters of 62 known NF-jB-regulated immune

genes to derive TFBS patterns. By means of the com-
parative genomics approach, these patterns were used to

scan a set of 6440 previously identified human promot-

ers. The analysis predicted 28 NF-jB-related genes, 19

of which have a known function; 18 of the 19 are reg-

ulated by NF-jB. The analysis also predicted nine novel

putative NF-jB-regulated immune genes that were

confirmed with available SAGE data as also being reg-

ulated by NF-jB. This method of predicting gene
function, based on characteristic patterns of TF binding,

evolutionary conservation, and expression studies, can

be applicable to finding genes with other functions.

Another example reported by Halfon et al. [56] is based

on a single detailed model—the Drosophila dorsal me-

sodermal enhancer (the even-skipped muscle and heart

enhancer, or eve MHE) which contains five key TFBSs.

Using this model, they screened the D. melanogaster

genome in order to identify sequence elements associ-

ated with the same combination of TFs described in the

eve MHE model. They were also able, via sequence

alignment of the search results, to derive additional

potential TFBSs and confirmed some of these predic-

tions empirically. The authors also suggest that their

simple model-based approach, if combined with
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expression profiling and phylogenetic footprinting, will
allow genome-wide characterization of functionally re-

lated cis-regulatory elements, a functional step toward

understanding the genetic regulatory networks involved

in development.

While all these methods drastically improve the like-

lihood of identifying target genes for a given TF, all of

them nonetheless have their limitations. One common

problem of all those approaches is the fairly large
amount of false positives, though various approaches

(phylogenetics footprinting, statistical analysis and

model building, etc.) have been implemented to mini-

mize the false positive ratio. Yet despite this drawback,

the computational method provides a systematic test for

determining whether a gene may be regulated by a given

TF, and a framework for continued analysis of the

transcriptional regulation network. The ultimate test for
the validity of predictions made by computational

methods is still in vivo analysis. The advent of large-

scale sequencing projects and the accumulation of ex-

pression data make it increasingly essential to remind

ourselves that in vivo validation needs to be combined
Fig. 1. Strategy for computation based transcriptional regulatory network a

mapping or in silico promoter prediction. A set of co-regulated genes can be d

to be analyzed. The promoters can be applied to TFBS or composite elem

through statistical model-building. The module or the original TFBS can be

genomics (phylogenetic footprinting) can be used in both target gene identific

validate the in silico target gene prediction. The ultimate test for the val

experimental analysis.
with the computational approach in order to understand
transcriptional regulatory networks.
Conclusion

The rapid accumulation of the genomic sequences of

different species and the huge amount of expression

profiling data are validating computational analysis as a
powerful tool for elucidating the transcriptional regu-

latory network. The systematic integration of diverse

data types (e.g., individual TFBS hits generated by

PWM or IUPAC strings, expression data, sequence data

from multiple organisms etc.) together with the devel-

opment of progressively more sophisticated computa-

tional algorithms for promoter prediction, regulatory

element identification, and TF coordination modeling,
as well as the accumulation of experimental databases of

genes and TFs (such as TRANSFAC, TRANSCompel,

etc.), will synergistically yield new information and re-

duce data output to a manageable scale for further ex-

perimental validation (Fig. 1), thus providing an
nalysis. Promoter regions can be collected either through mRNA/EST

erived from expression profiling analysis to refine the promoter dataset

ents analysis. A predictive regulatory module can be further derived

used to find other genes regulated in a similar pattern. Comparative

ation and TFBS identification. Expression profiling can also be used to

idity of predictions made by computational methods is still in vivo
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integrated platform for deciphering the transcriptional
regulatory network.
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