
Abstract. Functional genomics has been applied in the study
of human malignancies since the inception of this field nearly
a decade ago. Microarray analysis has been specifically used
in an attempt to reclassify carcinomas at the molecular level, to
aid in diagnosis/prognosis and to predict how various types of
tumour respond to different therapeutic agents. Bioinformatics
is now at the forefront of the post-genomics era and is
providing a number of tools with which to mine the large
datasets produced by genome-wide analysis. Of particular
importance is the emergence of techniques that give the ability
to reveal the transcription regulatory networks that are active
in the cell in response to environmental stimuli or disease
states. Deciphering the transcription networks that function in
malignant cells not only will provide the knowledge to
understand how carcinomas progress, but would also allow the
construction of useful therapeutic tools for their effective
treatment. In this review the recent advances that have been
made in functional genomics that allow microarray data to be
more fully interpreted and reveal the transcription networks
that have gone awry in transformed cells are described.

The application of microarray analysis, in the study of
human malignancies, has undergone a paradigm shift in
recent years so that datasets are now being used to elucidate
the complex transcriptional programs that are active in
human cancer. The use of integrative bioinformatics that
allows this type of interpretation is a relatively new
phenomenon and most studies to date have been carried out
using microarray data from yeast. However, a number of
studies have been recently published that have used meta-
analysis of cancer datasets in an effort to identify

transcriptional programs that are specifically active in cancer.
In this review the recent advances that have been made in
the development of bioinformatics resources that are used
to analyse microarray data will be summarised, paying
particular attention to algorithms that function to delineate
cellular transcription networks. The studies that have been
conducted, thus far, that have used these new tools to
analyse the cellular networks that have gone awry during the
development of cancer will be specifically discussed. 

Transcription Factor Databases

For nearly two decades scientists have been compiling
databases that catalogue the trans-factors and cis-elements
that are responsible for gene regulation (see Table I) (1).
This has resulted in the emergence of useful tools, such as
TRANSCompel (2), TRANSFAC (3), ABS (4), JASPAR (5)
and HTPSELEX (6) that index transcription factors and
their target sequences based on experimental data, and
TRED (7), which utilizes both experimental and automated
data. Databases of known transcription factor binding sites
can be used to detect the presence of protein-recognition
elements in a given promoter, but only when the binding site
of the relevant DNA-binding protein and its tolerance to
mismatches in vivo is already known. Because this knowledge
is currently limited to a small subset of transcription factors,
much effort has been applied to the discovery of regulatory
motifs by comparative analysis of the DNA sequences of
promoters. By finding conserved regions between multiple
promoters, motifs can be identified with no prior knowledge
of transcription factor binding sites. A number of models
have emerged that achieve this by searching for statistically
overrepresented conserved sequences flanking a gene’s
coding region. These algorithms, e.g. YMF (8, 9) and
SCORE (10) function by aligning multiple untranslated
regions from the entire genome and identifying sequences
that are significantly overrepresented in comparison to what
is expected by random. At present these tools are mainly
applied in the study of lower eukaryotes where the genome is
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less complex and regulatory elements are easier to identify,
thus extending these algorithms to the human genome has
proved to be somewhat more difficult. In order to clarify this
issue a number of groups have shown that it is possible to
mine the genome of higher eukaryotes by searching for
conserved regulatory elements adjacent to transcription start
site motifs such as TATA and CAAT boxes, e.g. as
catalogued in the DBTSS resource (11, 12), or by searching
for putative cis-elements in the CpG rich regions that are
present in promoter sequences, and in higher proportions
(13). Alternatively, with the co-emergence of microarray
technology and the complete sequence of the human
genome, it is now possible to search for potential
transcription factor binding sites by comparing the upstream
non-coding regions of multiple genes that show similar
expression profiles under certain conditions. Gene sets for
comparative analysis can be chosen based on clustering, such
as hierarchical and k-means (14), from a simple expression
ratio (15) or functional analysis of gene products (16). This
provides scientists with the opportunity to identify promoter
elements that are responsive to certain environmental
conditions, those that play a key role in mediating the
differentiation of certain tissues or those that may be
particularly active in mediating pathological phenotypes.
Databases of predicted transcription factors also exist. DBD
is one such example which functions by analysing the
structure of target proteins and searching for the presence
of protein domains that are indicative of DNA binding (17).

Recently, transcription factor databases have been
compiled with the aim of utilising them to unravel
regulatory networks active in response to diverse
environmental stimuli. The PReMod database describes
more than 100,000 computational predicted transcriptional
regulatory modules within the human genome. These
modules represent the regulatory potential for 229
transcription factors families and are the first genome-
wide/transcription factor-wide collection of predicted
regulatory modules for the human genome (18, 19). CisView
is a browser of regulatory motifs and regions in the genome
(20). Information on transcription factor binding sites can
be viewed in the context of sequence conservation,
neighbouring genes and their structure, GO annotations,
protein domains, DNA repeats and CpG islands. It can then
be used to define gene regulatory modules by searching for
genes with specific combinations of binding sites and by
identifying binding sites over represented in a given set of
gene promoters and/or enhancers. BEARR is a batch
extraction algorithm that allows users to analyse the cis-
regulatory regions of hundreds or even thousands of
differentially expressed genes identified in microarray
studies (21). VISTA is a comprehensive suite of programs
that allows users to align and compare sequences from
multiple species, search for transcription factor binding sites
with comparative sequence analysis, compare sequences
with whole genome assemblies and to analyze multiple
DNA sequence alignments from different species to unravel
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Table I. Databases employed in the identification of promoter sequences.

Resource Description Citation

DBTSS Database of transcriptional start sites Suzuki et al., 2001 (11, 12)
TRAFAC Conserved cis-element search tool Jegga et al., 2002 (35)
TRANSCompel Database of composite regulatory elements Kel-Margoulis et al., 2002 (2)
TRANSFAC Eukaryotic transcription factor database Matys et al., 2003 (3)
Phylofoot Tools for phylogenetic footprinting purposes Lenhard et al., 2003 (31)
CORG Multi-species DNA comparison and annotation Dieterich et al., 2003 (30)
CONSITE Explores trans-factor binding sites from two species Lenhard et al., 2003 (31)
CONFAC Conserved transcription factor binding site finder Karanam and Moreno, 2004 (32)
CisMols Identifies cis-regulatory modules from inputed data Jegga et al., 200534)
TRED Catalogue of transcription regulatory elements Zhao et al., 2005 (7)
Oncomine Repository and analysis of cancer microarray data Rhodes et al., 2005 (61)
ABS Database of regulatory elements Blanco et al., 2006 (4)
JASPAR Database of regulatory elements Sandelin et al., 2004 (5)
HTPSELEX Database of composite regulatory elements Jagannathan et al., 2006 (6)
PReMod Database of transcriptional regulatory modules Blanchette et al., 2006 (18, 19)
CisView Browser of regulatory motifs and regions Sharov et al., 2006 (20)
BEARR Batch extraction algorithm for microarray data Vega et al., 2004 (21)
VISTA Align and compare sequences from multiple species Dubchak and Ryaboy, 2006 (22)
PromAn Promoter analysis by integrating databases Lardenois et al., 2006 (23)
CRSD Composite regulatory signature database Liu et al., 2006 (24)
MPromDb Portal for genome-wide promoter analysis Sun et al., 2006 (60)



phylogenic relationships (22). PromAn is a modular web-
based tool that facilitates promoter analysis by integrating
a variety of databases, methods and programs. It combines
prediction programs and experimental databases to locate
transcription start sites and promoter regions within a large
genomic input sequence (23). Transcription factor binding
sites (TFBSs) can then be predicted using several public
databases and user-defined motifs. The composite
regulatory signature database (CRSD) is another tool that
can be applied when investigating complex regulatory
networks using data from microarray analyses (24). CRSD
has the additional ability to integrate data from both
microRNA and transcription factor regulatory signatures.
The program utilises human UniGene, mature microRNAs,
putative promoter, TRANSFAC, pathway and gene
ontology databases in order to predict potential gene
regulation networks. The Mammalian Promoter Database
(MPromDb) is an integrated database for gene promoters
with experimentally supported annotation of transcription
start sites (TSS), cis-regulatory elements, CpG islands and
ChIP-chip experimental results (60). The current version of
MPromDb contains information on 27,945 genes, 6,394
transcription factor binding sites and 1,771 transcription
factors with links to PubMed and GenBank references.
Target promoters of 5 transcription factors identified by
chromatin immunoprecipitation microarray (ChIP-chip)
assays are also integrated into the database. MPromDb
serves as a portal for genome-wide promoter analysis of
data generated by ChIP-chip experimental studies.

Phylogenetic footprinting, or comparative genomics, is
now being applied to identify novel promoter elements by
comparing the evolutionarily conserved untranslated
elements proximal to known genes from a variety of
organisms (25). The availability of genome sequences
between species has notably advanced comparative
genomics and the understanding of evolutionary biology in
general. The neutral theory of molecular evolution provides
a framework for the identification of DNA sequences in
genomes of different species. Its central hypothesis is that
the vast majority of mutations in the genome are neutral
with respect to the fitness of an organism. Whilst
deleterious mutations are rapidly removed by selection,
neutral mutations persist and follow a stochastic process of
genetic drift through a population. Therefore, non-neutral
DNA sequences (functional DNA sequences) must be
conserved during evolution, whereas neutral mutations are
acquired. Initial studies sufficiently demonstrated that the
human genome could be adequately compared to the
genomes of other organisms allowing for the efficient
identification of homologous regions in functional DNA
sequences (26-28). Subsequently, a number of bioinformatic
tools have emerged that operate by comparing non-coding
regulatory sequences between the genomes of various

organisms to enable the identification of conserved
transcription factor binding sites that are significantly
enriched in the promoters of candidate genes or from
clusters identified by microarray analysis. Examples of these
software suites include TRAFAC (29), CORG (30),
CONSITE (31), CONFAC (32), VAMP (33) and CisMols
Analyser (34). Typically these tools work by aligning the
upstream sequences of target genes between species thus
identifying conserved regions that could potentially function
as cis-regulatory elements and have consequently been
applied in the elucidation of transcription regulatory
networks in a variety of models. In one study relating to
cancer, TRAFAC was used to illustrate a mechanism
whereby the oncogene c-myc regulates the enzymes involved
in glycolysis and was also able to reveal a noncanonical E
box that mediates expression of some of these enzymes (35).
Myc overexpression has been suggested to aberrantly
enhance tumour glycolysis even in the presence of oxygen, a
phenomenon designated as the Warburg effect. The authors
had previously shown, by gene expression profiling, that myc
increases the expression of specific glycolytic enzyme genes,
but were unable to demonstrate that these increases were a
direct effect of myc. Moreover, by using traditional
experimental approaches such as in vitro reporter- and
electrophoresis mobility shift- assays, they were able to
identify a number of myc-sensitive glycolytic genes.
However, these methodologies still did not provide evidence
that Myc directly activated the transcription of these genes.
TRAFAC was therefore used to identify potential myc
binding sites in the promoter regions of the glycolytic genes.
The biological significance of these sequences was then
confirmed experimentally by the chromatin immuno-
preciptiation assay. By adopting this approach the authors
were able to apply phylogenetic footprinting to determine
the architecture of the myc target glycolytic gene network
and further dissect the molecular basis of myc-induced
altered glucose metabolism.

The emergence of bioinformatics tools that function to
identify specific transcriptional elements in the sequenced
human genome is transforming the application of functional
genomics. Until recently the interpretation of data from
microarray analysis has been limited to the identification of
genes whose function may be important in a single pathway
or response. How this related to global changes in the
cellular phenotype had been largely ignored, as the
necessary tools to examine this simply did not exist. With
the advancement of bioinformatics we are now in a position
to utilize all the data that is obtained from large-scale gene
expression analysis and combine it with knowledge of the
completed sequence of the human genome and with
transcription factor, gene ontology and molecular function
databases, thereby more fully utilizing the large datasets
that are generated by global gene expression studies. 

Roberts and Kottaridis: Interpreting Microarray Data (Review)

303



Comparative Functional Genomics in Cancer

Cancer is a complex biological phenomenon that is thought
to arise out of a multi-step process of genetic and epi-
genetic alterations in the cellular DNA, ultimately resulting
in the transformation of the cell and its uncontrolled
growth, division and migration. Identifying the aberrant
molecular pathways that mediate cellular transformation has
been a major challenge in understanding how malignancy
develops. The advent of functional genomics has given
scientists the prospect of examining global changes in gene
expression, thus providing molecular phenotypes that could
potentially help in establishing more effective techniques of
diagnosis and prognosis in a variety of carcinomas (36-38).
Utilising microarrays to decipher the molecular events that
result in tumour progression has proved to be a more
difficult task, particularly since microarray data only
provides a snapshot into a cell’s transcriptome at a specific
point in time. Moreover, many carcinomas contain multiple
genetic alterations, making it difficult to ascribe specific
changes in gene expression profiles to particular alterations
in the genome of a transformed cell. Despite this some
effort has been made to examine the effects of oncogenes
on global gene expression (39, 40-42). However, these
studies have not made full use of all the data available from
the resultant gene expression profile, as researchers have
tended to sift through the differentially expressed genes
choosing to focus on those whose function is known to
them, ignoring large volumes of data in the process and thus
introducing experimenter bias into the analysis. In the past
few years it has become apparent that microarray data can
have wider applications in the study of cancer, particularly
with the advent of comparative genomic microarray analysis
(43, 44). In this type of analysis, gene expression data can
be mapped to chromosomes, revealing potential sites of
chromosomal aberrations, such as amplifications or
deletions, which may predominate in particular types of
cancer. There is also now a growing trend for researchers to
analyse microarray data in terms of ‘gene modules’ instead
of the presentation of differentially regulated gene lists (45).
By grouping genes into functionally related modules it is
possible to identify subtle changes in gene expression that
may be biologically (if not statistically significantly)
important, to more easily interpret molecular pathways that
mediate a particular response and to compare many
different microarray experiments from different tumour
types in an effort to uncover the commonalities and
differences in multiple clinical conditions. Therefore, we are
now moving into a new era of functional genomics, where
the large datasets generated by the evaluation of global gene
expression studies can be more fully interpreted by
improvements in computational methods. It is important, in
the study of cancer, that these improved bioinformatics

tools be applied to this complex disease in an effort to
unravel the molecular processes that mediate the malignant
phenotype, so that ultimately improved targeted
therapeutics can be effectively designed.

Identifying Transcription Networks in Cancer

Traditionally, microarray data have been computationally
analysed by clustering algorithms, such as hierarchical, k-
means or self-organising maps. It has been proposed that
genes that behaved in a similar fashion, i.e. those that
clustered together, could be related, in that they would be
under the control of the same transcription factors.
Reconstructing transcription networks based on clustering
techniques has not met with much success as genes within a
cluster may actually not be related to one another and genes
that are part of the same network may fall into different
clusters. Indeed, this was elegantly demonstrated in a recent
study conducted by the group of Michael Hubank (46). In
this study, p53 targets were identified by applying simple
differential equations and a small p53-responsive training
set of genes to predict the activity profile of p53 and infer
genes within a microarray dataset that behaved in a similar
fashion. The authors presented p53-responsive genes with
different levels of confidence and validated their approach
using siRNA. It was demonstrated that responsive genes fell
into a number of different clusters when the microarray data
was analysed by k-means clustering. Thus demonstrating the
importance of using prior biological knowledge in the
mathematical analysis of microarray data and suggesting
that all microarray analyses of this type should be conducted
taking into account the specific biological action of the
regulator under study.

The regulation of gene expression in eukaryotes is highly
complex and often occurs through the coordinated action of
multiple transcription factors. The use of trans-factor
combinations in the control of gene expression allows a cell
to employ a relatively small number of transcription factors
in the regulation of disparate biological processes. As
discussed above, a number of tools have been developed
that allow us to utilise microarray data to identify novel cis-
regulatory elements. It is also possible to use this
information to decipher the transcriptional networks that
are active in cells under different environmental conditions.
In an innovative study conducted in yeast, the importance
of the combinatorial nature of transcriptional regulation was
established by specifically examining clusters of up-
regulated genes for the presence of combinations of specific
cis-regulatory motifs (47). To identify motif combinations
that control gene expression patterns, a database of known
and putative regulatory motifs was established and all the
genes in the S. cerevisiae genome containing each motif in
their promoter were identified. Gene expression profiling of
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genes whose promoters contained the particular motif or
motif combination was then used to evaluate the effect of
each motif on gene expression. For each motif or
combination, a score was given, reflecting the similarity of
the expression profiles of all the genes containing that
motif, in several different conditions, including different
stages of the cell cycle, sporulation, diauxic shift, heat and
cold shock, and treatment with DTT, pheromone and DNA-
damaging agents. Using this information motif synergy maps
displaying the discovered motif associations were generated,
thus providing a global view of the connections between
regulators of the transcriptional networks within the cell
under the different environmental conditions tested. The
authors demonstrated that a relatively small number of
motifs functioned as nodes, exerting their influence on a
variety of different biological processes.

This type of co-ordinated data combination from the
results of different microarray experiments, with a view to
examining global regulation of transcription is termed meta-
analysis and has been broadly applied in the study of cancer.
The ability to compare gene expression profiles from
multiple platforms has been made possible by examining the
degree of statistical significance that a gene is differentially
expressed relative to the control rather than looking at the
expression level of the gene per se (48). Meta-analyses of
cancer datasets have permitted the identification of gene
modules, allowing for the reduction of complex cancer
signatures to small numbers of activated transcription
programs and even to the identification of a common
transcription program that is active in most types of cancer
(49). Indeed, it has even been suggested that all new
microarray studies should incorporate meta-analysis into
their experimental design to overcome the high numbers of
false positives that the analysis of single datasets yield (50).
Meta-analysis can also help to identify specific transcription
factors whose deregulation plays a key role in tumour
development. For instance, in one study, the importance of
aberrant E2F activity in cancer was reaffirmed during a
search for the regulatory programs linking transcription
factors to the target genes found to be up-regulated in
specific cancer types (51). It was shown that E2F target
genes were disproportionately up-regulated in more than
half of the gene expression profiles examined, which were
obtained from a multitude of different cancer types. In
addition to re-affirming an established hypothesis, meta-
analyis can also be used to identify important underlying
transcription programs active in specific carcinomas. In one
of the pioneering meta-analysis studies, a synchronous
network of transcriptional regulation in the polyamine and
purine biosynthesis pathways was identified in prostate
cancer using data from four different datasets, representing
the two major microarray platforms (52). Therefore, it is
now transpiring that integrative bioinformatics analyses

have the potential to generate new hypotheses about cancer
progression, allowing the identification of new targets for
cancer therapy and moving us towards a complete
understanding of the aberrant transcription programs active
in cancer. 

Meta-analyses have also been used in an effort to identify
potential common transcription modules responsible for
metastasis in diverse tumour types. In one study, a gene
expression signature that distinguished primary from
metastatic adenocarcinomas was identified by analysing
primary versus metastatic tumours from a variety of origins,
including lung, breast, prostate, colon, uterus and ovaries
(53). A 128-gene signature (or reduced 17-gene signature)
was then applied to gene expression profiles obtained from
stage I/II lung, breast and prostate adenocarcinomas and
was able to predict the metastatic potential of each tumour.
Particularly, tumours predicted to contain the metastatic
module were also associated with a poor clinical outcome.
These results suggest that the metastatic potential is
encoded within the bulk of a primary tumour, thus
challenging the idea that metastases arise from rare cells
within a primary tumour. Meta-analysis has also been
applied to predict survival times in patients diagnosed with
stage I/II non-small cell lung carcinoma (54). In this study,
a 64-gene signature was identified from microarray analysis
by correlating gene expression profiles to the corresponding
two- and five-year survival times of the patients from which
the tumours were originally derived. This signature was then
used to effectively identify the risk factor for aggressive
disease progression in newly diagnosed patients, and it was
proposed that the gene signature could potentially be used
in classifying which patients should receive more intense
chemotherapeutic dosing regimes.

This ability to use gene expression data to identify gene
modules, which mediate specific responses to environmental
stimuli (or to a diseased state) and to correlate their
regulation to the cis-regulatory elements present upstream
of the genes in each module, has transformed the way in
which microarray data are interpreted (55). For instance, by
using the modular approach it is possible to examine
whether particular gene modules are active in a variety of
different carcinomas, or whether individual carcinomas
require the function of unique gene modules. This has
allowed us to look for transcriptional commonalities
between different carcinomas, which should aid in the
design of widely applicable anti-cancer therapeutic
strategies. In one particular study, gene expression data
from 1,975 microarrays, spanning 22 different carcinomas
were used to identify gene modules that were activated or
deactivated in specific types of cancer (56). Using this
approach the authors found that a bone osteoblastic module
was active in a number of carcinomas whose primary
metastatic site was known to be the bone. Thus, a common
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mechanism of bone metastasis between a variety of different
carcinomas was identified, which could be targeted in the
development of novel anticancer therapies. It is also
possible to identify the higher-level regulator that controls
the expression of the genes in each module (55).
Examination of the upstream regulatory sequences of each
gene in a module reveals the presence of common cis-
regulatory elements that are known to be the target of the
module’s regulator. Therefore, by identifying specific
regulatory proteins that control the activation of gene
modules in different carcinomas, it should be possible to
extrapolate the important cis-elements that mediate
transcription in the transformed cell.

The growing number of publicly available microarray
datasets has facilitated the meta-analysis phenomenon.
Indeed, such a large amount of data is currently available
that researchers interested in specific genes have begun to
use it to identify all the conditions under which their gene is
active before embarking on traditional wet bench
experimentation. This allows the researcher to uncover
novel pathways that their gene of interest may be involved
in. Finnochario and colleagues used this approach to
identify expression datasets containing information on genes
regulated by the tumour suppressor genes p16 and pRb, and
were able to uncover a strong correlation with genes
regulated by the EWS/FLI fusion protein, the gene
responsible for the development of Ewings sarcoma (57).
The authors were then able to use this data to predict the
molecular mechanisms underpinning the progression of
Ewings sarcoma and pointed out the importance that
altered control of the cell cycle plays in this process.

The continuing development of the human interactome
is also contributing to a more effective interpretation of
large-scale gene expression datasets. Interactomes comprise
maps of proteins that are known to functionally interact
with one another, and are generated using the results from
yeast two-hybrid screens, by collecting information from the
literature and from computational methodologies (58).
Although the human interactome is far from complete it is
still being effectively used to interpret microarray data with
a view to identifying important networks responsible for
tumour progression. For instance the importance of
aberrantly active Raf in the development of multiple
myeloma has been reiterated using this approach, where it
was demonstrated that Raf is a key protein that interacts
with a number of proteins found to be up-regulated in this
cancer by microarray analysis (59). Furthermore, proteins
mutated in cancer were found to contain a high ratio of
domains with a high propensity for mediating protein
interactions (58). It could be argued that the completion of
the human interactome is a critical step in the full
integration of genome-wide expression analysis. The ability
to map gene (and protein) expression data to such maps

would afford us the opportunity to directly visualise
networks of diverse protein interactions induced under
specific environmental and disease-specific conditions and
allow the identification of key nodes that could act as
targets for the design of new therapeutic agents.

Conclusion

The ability of molecular biologists to analyse genome-wide
expression changes in response to environmental stimuli has
provided scientists with an opportunity to unravel the gene
regulatory processes that underpin complex biological
responses. In the post-genomic era it is now the
responsibility of the bioinformatician to provide biologists
with the tools with which to accomplish this goal. In recent
years a number of resources have been made available that
for the first time give a realistic chance of truly
understanding how complex biological regulatory networks
dictate the cellular phenotype. A few studies have begun to
explore new computational methods that allow cancer-
specific transcriptional programs to be deciphered from
genomic sequence data and microarray meta-analyses.
Identification of these networks should afford us the
opportunity to link the well-characterised aberrant upstream
signalling events, associated with tumour progression, to the
more complex transcriptional pathways that they control.
This will ultimately lead to the development of more
efficacious anticancer therapies that are rationally designed
based on an intricate understanding of the transformed
phenotype. 
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