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Abstract

With the imminent completion of the Human Genome Project, biomedical research is being revolutionised by the ability to carry out
investigations on a genome wide scale. This is particularly important in cancer, a disease that is caused by accumulating abnormalities in
the sequence and expression of a number of critical genes. Gene expression microarray technology is gaining increasingly widespread use
as a means to determine the expression of potentially all human genes at the level of messenger RNA. In this commentary, we review
developments in gene expression microarray technology and illustrate the progress and potential of the methodology in cancer biology,
pharmacology, and drug development. Important applications include: (a) development of a more global understanding of the gene
expression abnormalities that contribute to malignant progression; (b) discovery of new diagnostic and prognostic indicators and biomarkers
of therapeutic response; (c) identification and validation of new molecular targets for drug development; (d) provision of an improved
understanding of the molecular mode of action during lead identification and optimisation, including structure—activity relationships for
on-target versus off-target effects; (€) prediction of potential side-effects during preclinical development and toxicology studies; (f)
confirmation of a molecular mode of action during hypothesis-testing clinical trials; (g) identification of genes involved in conferring drug
sensitivity and resistance; and (h) prediction of patients most likely to benefit from the drug and use in general pharmacogenomic studies.
As aresult of further technological improvements and decreasing costs, the use of microarrays will become an essential and potentially
routine tool for cancer and biomedical research. © 2001 Elsevier Science Inc. All rights reserved.
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1. Introduction and rationale company [1,2]*. The sequence has revealed many surprises,

not least that the 10 billion base pairs likely encode around

1.1. Advent of post-genomic biology

In February of this year, we witnessed arguably one of
the most monumental achievements in biology—the simul-
taneous publication of around 93% of the sequence of the
human genome by a public sector consortium and a private
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Abbreviations: ALL, acute lymphoblastic leukemia; AML, acute my-
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deoxyribonucleotides; ESTSs, expressed sequence tags; mRNA, messenger
RNA; NHL, non-Hodgkin's lymphoma; ORF, open reading frame; RT—
PCR, reverse transcription—polymerase chain reaction; and 17AAG, 17-
allylamino,17-demethoxygel danamycin.

30,000—40,000 genes—rather fewer than some of the earlier
predictions of 100,000 or more[3] and barely twice as many as
the fruit fly. On the other hand, the structure of human genesis
more complex, incorporating multiple vertebrate-specific func-
tional domains into sophisticated protein products, with
further diversity being provided by aternative splicing. One
of the aims behind the strategy of genomic sequencing is to
provide an inventory of all the genes and regulatory se-
guences required to build an organism. The sequencing
continues apace in both the public and private sectors, and
complete sequences of mouse, rat, and other genomes will
follow shortly (see http://www.sanger.ac.uk/or http://mwww.
ncbi.nim.nih.gov/Genomes/index.html). However, the dep-

IDue to the large number of contributors to Ref.[2] (more than 250
authors), the reader is referred to the original article for a complete listing
of the authors' names.
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osition of billions of bases of sequence into the databases
cannot be considered the fina goal as we are unable to
define biological function—or disease pathology—purely
from a genomic DNA sequence. The repositories of genes
and their regulatory sequences represent the starting point of
the new challenge of post-sequence functional genomics,
which is to understand how these components interact and
function [4].

Importantly, in terms of practical application, annotation
of the human genome is certain to produce benefits not only
for understanding basic biology, but also for identifying the
molecular basis of disease and for accelerating the rate of
drug discovery and development. Alongside high through-
put sequencing to determine normal and abnormal gene
structure, the use of microarray technology to measure gene
expression patterns on a global scale is now poised to
revolutionise the discovery and use of new medical treat-
ments. The application of gene expression microarrays in
cancer biology, pharmacology, and drug development is the
subject of this review.

1.2. Gene expression profiling in cancer biology and
treatment

The use of gene expression microarrays is particularly
important in cancer. This is because the accumulation and
combinatorial effects of abnormalities that drive the initia-
tion and malignant progression of cancer result from the
altered sequence or expression level of cancer-causing
genes. These genetic abnormalities, which may be inherited
or acquired, lead to the ‘big six’ hallmark traits of cancer,
namely: (a) self-sufficiency in proliferative growth signals;
(b) insensitivity to growth inhibitory signals; (c) evasion of
apoptosis; (d) acquisition of limitless replicative potential;
(e) induction of angiogenesis; and (f) induction of invasion
and metastasis [5,6].

As will be discussed in subsequent sections, the use of
microarrays can be extremely valuable both in understand-
ing the basic biology and in the treatment of cancer. Impor-
tant applications include: (a) development of a more global
understanding of the gene expression changes that contrib-
ute to malignant progression; (b) discovery of diagnostic
and prognostic indicators and biomarkers of response; (c)
identification and validation of new molecular targets; (d)
provision of an improved understanding of the molecular
mode of action during lead identification and optimisation;
(e) prediction of potential side-effects during preclinical
development and toxicology studies; (f) confirmation of the
molecular mode of action during hypothesis-testing early
clinical trials; (g) identification of genes involved in con-
ferring drug sensitivity and resistance; and (h) prediction of
patients most likely to benefit from the drug and use in
general pharmacogenomic studies (Fig. 1).

The use of gene expression microarrays in the above-
mentioned ways can be carried out regardless of the nature
of the molecular target. It should be noted, however, that as

aresult of our improved understanding of the genetics and
molecular biology of cancer, there is an increasing move
away from relatively non-selective cytotoxic drugs towards
the new generation of molecular therapeutic agents that
target the key molecular abnormalities that drive malignant
progression and which, as aresult, have an impact on one or
more of the six hallmark traits of cancer listed above [7,8].
Proof of principle is now emerging that these selective
agents show biological and therapeutic activity by the de-
sired mechanism, not only in preclinical models but also in
the cancer patient; leading examples are the monoclonal
antibody Herceptin (trastuzumab) in erbB2-positive breast
cancer, the bcr-abl tyrosine kinase inhibitor Glivec
(STI1571) in Philadel phia chromosome-positive chronic my-
elogenous leukemia and acute lymphocytic leukemia, and
the epidermal growth factor receptor tyrosine kinase inhib-
itor Iressa (ZD1839) in non-small cell lung cancer [7,8].
Microarray technology will be especialy useful for the
discovery, development, and clinical use of such genome-
based molecular therapeutics.

1.3. Why measure global gene expression?

The gene expression profile of a cell determines its
phenotype, function, and response to the environment. The
complement of genes expressed by a cell is very dynamic
and will respond rapidly to external stimuli. Therefore,
measurement of gene expression can potentially provide
clues about regulatory mechanisms, biochemical pathways,
and broader cellular function. In addition, the determination
of genes expressed in disease tissue compared with the
normal counterpart will further the understanding of disease
pathology and identify potential points for therapeutic in-
tervention. The underlying genetic basis of cancer makes
this especially valid as tumor behavior is likely to be dic-
tated in a combinatorial fashion by the mutation and abnor-
mal expression of hundreds of genes. Thus, anaysis of
global gene expression patterns has the potential to predict
biological behavior and clinical consequences, an expecta-
tion that will revolutionise cancer diagnosis and treatment.

In traditional biological and pharmacological experi-
ments, it is usual to measure the expression of only asingle
gene or, at most, a handful of genes. A simple example of
the potential benefit of measuring gene expression in cancer
pharmacology is illustrated by the study of Wosikowski et
al. [9], who measured the expression of epidermal growth
factor receptor, transforming growth factor-«, and c-erb-B2
in the 60 human tumor cell line panel of the US National
Cancer Institute. A database of 49,000 compounds was then
searched for agents for which cytotoxicity correlated with
high level expression of the receptor and ligand mRNAS,
and a number of correlations were noted. These were indic-
ative of compounds that were potentially acting asinhibitors
of the above mentioned tyrosine kinase receptors and re-
lated pathways. Though successful, there is a considerable
limitation to the approach. Given that there are 30,000—
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Fig. 1. Various phases in the discovery and development of therapeutic agents and of diagnostic, prognostic, and other biomarkers. Microarray expression

profiling can be used to help advance al stages of this process.

40,000 human genes, screening the entire inventory of
genes with techniques that measure only afew genes at one
timeisimpractical. A more efficient and complete strategy
would be to measure simultaneously all the genes, or alarge
defined subset, encoded by the human genome. In addition
to obtaining a global view of gene expression, this strategy
could also identify genes previously unassociated with par-
ticular cellular processes and would also remove the intel-
lectual bias that is inevitably generated when examining a
single gene or small numbers of genes. A subsequent study
attempted to address this challenge by correlating the ex-
pression across the 60 cell line panel of 140 genes, as
measured at the protein level by two-dimensional gels, with
the cytotoxicity of approximately 4000 different compounds
[10]. A number of drug sensitivity/expression correlations
were noted, involving genes encoding products such as
MDR-1, heat shock proteins, and p53, and these suggested
a number of testable hypotheses. More importantly, this
study demonstrated the utility that an expression profiling
approach could potentially have in the development of can-
cer therapeutics. Ideally then, we would like to be able to
profile total gene expression patterns in large numbers of
experimental samples.

1.4. Why measure mRNA?

Gene expression can be assessed by measuring the quan-
tity of the final product, i.e. the protein, or its intermediate,
the mRNA template. At face value it would appear to be
more rational to measure either the expression or activity of
the final product, as this is the unit of function within the
cell. Consistent with this, the few studies that have directly
compared the relationship between mRNA and protein lev-
els have found a poor correlation between the expression of
selected proteins and their mMRNAS. For example, the levels
of the protein products of genes with similar abundances of
mMRNASs could vary up to 20-fold in Saccharomyces cerevi-
siae; likewise there was a 30-fold variance in the levels of
MRNAS encoding proteins that were expressed with com-
parable abundance [11,12]. These observations, coupled
with the fact that the final functional product of gene ex-
pression is measured rather than the intermediate mRNA
species, imply that protein-based rather than transcript-
based methods would be preferable. Analysis of protein also
allows assessment of the influence of post-trandational
modifications such as phosphorylation, glycosylation, and
proteolytic processing. However, the efficiency with which
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one can currently obtain global and quantitative information
of gene expression by measuring mRNA far outstrips the
available proteomic technologies, which are generally lower
throughput, more technologically chalenging, and less
readily compatible with routine material from clinical stud-
ies. Current RNA-based approaches to assess gene expres-
sion have been demonstrated to be both robust and repro-
ducible. In addition, numerous studies have identified
remodeled gene expression, assessed by measuring mRNA,
during al the key cellular processes. Transcription factors
that regulate mMRNA production are frequently the targets of
pathways that transduce environmental signals. Further-
more, there is also an increasing number of reports of
altered expression of individua genes following drug expo-
sure [13].

Changesin the molecular phenotype of the cell should be
accurately reflected by its transcriptional profile, and the
evaluation of gene expression by measuring mRNA should
provide a molecular signature of the state of the activity of
the cell and by extension the activity of proteins that regu-
late that state. However, although analysis of global mMRNA
expression (the transcriptome) undoubtedly generates much
valuable information, the ideal scenario would be one where
this is measured alongside global protein expression (the
proteome) within the same experiment.

Gene expression can be profiled using a number of dif-
ferent technologies that have been described as ‘open’ or
‘closed’ systems [14]. Open systems are generaly better
suited to identifying uncharacterised genes within biological
systems, and include technologies such as differential dis-
play [15], subtractive hybridisation approaches, serial anal-
ysis of gene expression [16], or massively parallel signature
sequencing [17]. Closed systems such as gene arraysrely on
the availability of gridded clones, cDNAs, or ESTs and are
well suited to high throughput screening of multiple samples.

2. Microarray technology
2.1. Basic principles

Gene expression microarray technology has been
founded on a number of important developments that have
emerged over the last 3 decades. These include blotting
methodologies, key recombinant DNA technologies such as
the PCR, the availability of gridded libraries, and the accu-
mulation of tens of thousands of sequenced cDNA and EST
clones from the various genome sequencing initiatives.

Historically, mRNA abundance and hence gene expres-
sion have been determined by immobilising bulk RNA,
electrophoretically separated or spotted, on nitrocellulose or
charged nylon membranes, followed by incubation with
radiolabeled gene-specific probes and detection of hybri-
dised probes by autoradiography [18]. The array approach
reverses this procedure and is essentially a miniaturised,
massively parallel version of the conventional dot blot. Inan

array experiment, unlabeled nucleic acid probes are depos-
ited onto a solid support so that the exact location of each
spotted sample on the support is known and can be easily
identified at the end of the experiment. The arrays are then
probed with labeled single-strand cDNA representations of
the cellular RNA pool. In the case of arrays printed on glass
slides, RNA from test and reference samples can be com-
pared simultaneously on a single array by using fluorescent
labels that emit light at different excitation wavelengths
[18]. This gives information on relative RNA abundance
based on a direct comparison between the test and reference
samples. Arrays printed on nylon membranes require radio-
labeled test and reference samples and, in this case, are
hybridised to separate arrays that are processed in parallel.
Having identified differentially regulated genes, it is essen-
tia that the differences be validated by alternative method-
ologies that measure RNA, such as northern blotting, RNase
protection or RT-PCR, or alternatively by protein analysis.
Much as any other new and exciting technology, gene
expression microarrays have been subjected to extensive
literature review over the last 2 years, many of the reviews
deal with the technological aspects of their fabrication and
application [19-22]. In general, the conduct of an array
experiment can be divided into the following processes:. (a)
fabrication of the array; (b) RNA preparation and labeling;
(c) application of the labeled RNA to the array, measure-
ment of hybridisation, and image aquisition; and finally (d)
data analysis. The establishment of an array facility requires
considerable troubleshooting and validation. The conditions
and procedures for conducting an array experiment vary
between laboratories; however, most websites provide de-
tailed protocols (see Table 1). Figure 2 shows a schematic of
the array process, and the important aspects of the sequential
procedures involved are dedlt with in the following sections.

2.2. The array

There are two main types of array: (a) those where
oligonucleotides are synthesised on the array in situ using
photolithographic or other techniques [23,24], and (b) ar-
rays where nucleic acids (PCR products, plasmids, or oli-
gonuclectides) are robotically deposited onto the solid sup-
port. Initialy, the number of elements that could be arrayed
was limited; however, mgjor technological advances over
the last 3-4 years now alow on the order of 100,000
oligonucleotides or 10,000 PCR products to be arrayed per
cm? Arrays of spotted nucleic acids generally have low
nanogram (usually 5-15 ng) quantities of nucleic acid per
spot and are spaced at 100- to 300-um distances, while
arrays of oligonucleotides synthesised in situ have approx-
imately 10" oligonucleotides/spot [4].

Another key aspect of array fabrication is selection of the
sequences to be arrayed. In the case of organismssuch as S.
cerevisiae or Caenorhabditis elegans, where al the genes
encoded by their genomes have been identified, it is possible
to generate an array encompassing every ORF. The human
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Table 1
Useful genome and microarray websites
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Website

Location or other detail

http://www.sanger.ac.uk/

http://genome.ucsc.edu/

http://www.ensembl.org/
http://www.ncbi.nlm.nih.gov/UniGene/
http://www.tigr.org/tdb/hgi/index

http://www.ebi .ac.uk/
http://www.discover.nci.nih.gov/textmining/filters
http://www.ncbi.nlm.nih.gov/Omim/
http://www.genome.ad.jp/kegg/
http://www.hmorf.com
http://www.icr.ac.uk/array/array
http://www.nhgri.nih.gov/DIR/Microarray/main
http://cmgm.stanford.edu/pbrown/
http://genome-www4.stanford.edu/MicroArray/SMD/
http://cmgm.stanford.edu/cgi bin/cgiwrap/taebshin/dcforum/dcboard.cgi
http://rana.lbl.gov/
http://www.ebi.ac.uk/microarray/
http://www.ncbi.nlm.nih.gov/geo/
http://www.discover.nci.nih.gov/
http://www.microarrays.org/
http://www.umich.edu./~caparray/
http://w95vcl.neuro.chop.edu/vcheung/
http://sequence.aecom.yu.edu/bi oi nf/funcgenomic

http://www.mged.org
http://www.affymetrix.com/
http://www.resgen.com/
http://www.ambion.com/
http://www.clontech.com/
http://www.rii.com/
http://www.axon.com/
http://www.apbiotech.com/
http://www.chem.agilent.com/

Sanger Centre

Human genome annotation

Human genome annotation

UniGene gene clustering

The Ingtiture for Genomic Research

European Bioinformatic Institute

Medminer

Online Mendelian Inheritance in Man

KEGG: Kyoto Encyclopedia of Genes and Genomes
Gene expression and annotation

Institute of Cancer Research, UK

Cancer Genetics Branch, National Human Genome Research Institute
Brown lab

Stanford microarray database

Microarray discussion forum

Eisen lab

European Bioinformatic Institute - microarray site

Gene expression omnibus

Genomics and bioinformatics group, National Cancer Institute, USA
General information

University of Michigan-Comprehensive Cancer Center
The Genomics group at Children’s Hospital, Philadelphia

Functional Genomics at the Department of Molecular Genetics, Albert Einstein

College of Medicine, New Y ork
Microarray gene expression database group
Affymetrix

Research Genetics

Ambion

Clontech

Rosetta Inpharmatics Inc.

Axon Instruments Inc.

Amersham Pharmacia

Agilent Technologies

See Ref. 95 for additional information.

genome project has not yet reached this stage, although the
goa may not be far away. Therefore, construction of a
human gene-specific array requires a choice to be made
from a range of gene sequences (probes) selected from
public databases, such as GenBank, dbEST, UniGene, or
proprietary databases [25-27]. The UniGene database
(http://Aww.nchi.nim.nih.gov/UniGene/) is an excellent
starting point for identifying and choosing the DNA se-
guences to be arrayed. This database is an experimental
system for automatically partitioning clone sequences into
non-redundant sets of gene-oriented clusters that represent
unique genes. It isavery useful gene discovery resource, as
in addition to sequences of well-characterised genes, hun-
dreds of thousands of novel ESTs corresponding to genes of
unknown function are included. cDNAs from local sources
can also be included or, for gene discovery projects, cDNA
libraries of uncharacterised clones can be used. A good
aternative starting point for assembling a list of clones for
arraying is the 15K set (http://www.nhgri.nih.gov/DIR/
LCG/15K/HTML/) that comprises approximately 15,000
UniGene clusters.

Several factors govern the choice of clonesto be arrayed.

The presence within the clone of repeat sequences, such as
Alu or LINE repeats, can influence the hybridisation signal
and should be avoided. Another factor to be considered is
that some ESTs exhibit weak UniGene clustering and, asthe
procedures for automated sequence clustering are still under
development, the results may change from time to time as
improvements are made. In some instances, clones will be
reclustered from one gene cluster to another and in essence
change identity. This effect will become less of an issue as
all the genes encoded by the human genome are definitively
identified (estimated completion 2004). In the interim, it is
necessary to update putative gene identities on a regular
basis. Alternatively, mapping clone sequences directly onto
the human genome sequence using the Ensembl package at
European Bioinformatic Institute (http://ensembl.ebi.ac.uk/)
or searching the Ingtitute for Genomic Research human
gene index (http://www.tigr.org/tdb/hgi/), which assembles
ESTsinto tentative human consensus sequences, can some-
timesidentify conflicts or clustering artifacts. There hasalso
been some evidence of discrepancy between the actual and
designated sequences of some clones and also cases of
clones being mixed. Mixed clones can be detected and
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Fig. 2. Schematic of the various steps in a microarray experiment. Plasmid clones are propagated in bacteria, and the cloned inserts are amplified by PCR
and then purified. The purified PCR products are then robotically printed onto glass or nylon solid supports. Modifications of this approach include the use
of oligonucleotides instead of PCR products or the in situ synthesis of oligonucleotides directly onto the glass support using photolithographic or other
techniques. Separate nylon based arrays are hybridised with 3*P-radiolabeled cDNA prepared from the test and reference sample, whereas glass dlide arrays
are hybridised simultaneously with Cy5 and Cy3 fluorescently labeled test and reference samples, respectively. Following stringency washes, hybridisation
to nylon arrays is detected by phosphorimaging. Hybridisation to glass slides is detected by excitation of the two fluors at the relevant wavelength and the
fluorescent emission collected with a charge-coupled device. The test and reference images are overlaid using specialist software and can be displayed in a
number of ways, including as a scatter plot of the ratio of test:reference gene expression. Figure modified from Ref. [18].

avoided by including a quality control step using gel elec-
trophoresis to exclude PCR reactions that yield multiple
products. Most clones available for arraying are now se-
guence validated, but some discrepancies have been re-
ported with sequence-verified mouse clones [28]. These
potential problems reinforce the need to validate important
microarray observations using complementary methods.

Another important decision is the choice of support on
which to array the probes. Nucleic acids can be arrayed on
a solid support such as nitrocellulose, charged nylon, or
glass. The kinetics of duplex formation can be complicated
by diffusion of solvent or solutes into and out of pores and
by local effects within a pore. In this respect glass has some
practical advantages, as it is non-porous, and the rigidity of
glass makes gridding and reading easier. In the future these
factors may alow miniaturisation and automation by incor-
poration into flow cells [29]. As mentioned earlier, glass
slides alow test and control samples to be compared di-
rectly on the same array, whereas nylon membranes require
parallel processing of samples on separate arrays. On the
other hand, arrays on glass dides are restricted to a single
use, whereas nylon arrays are generally probed with radio-
labeled cDNAs and, with care, can be used a number of
times, a consideration that may be important in smaller
institutions or laboratories where access to core facilitiesis
restricted or when resources are limited.

Oligonucleotides synthesised in situ use synthetic linkers

attached to the surface of the glass arrays, while nucleic
acids can be gridded onto charged nylon membranes or
glass dides coated with poly-L-lysine or aminosilane. The
gridding can be performed in batches using custom-built
robotic arrayers (for example see http://cmgm.stanford.edu/
pbrown/mguide/index.html; http://sequence.aecom.yu.edu/
bioinf/funcgenomic.html; http://www.nhgri.nih.gov/DIR/
LCG/15K/HTML/aboutreader.html). Alternatively,
gridding can be carried out using commercially available
robotic systems. The clones, PCR products, or oligonucle-
otides can be printed in various solvents ranging from high
salt solutions such as 3X saline-sodium citrate buffer to
solvents such as 50% DMSO. After gridding, the array is
briefly UV-irradiated to cross-link DNA thymines to the
amine group on the support and then denatured, although
this is unnecessary for DNA gridded in DM SO.

2.3. Sample preparation and labeling

The arrays are probed with labeled representations of the
cellular mRNA pool that are prepared from the biological
samples of interest, such as tissue culture cells or tissue
biopsies. In tissue culture experiments, it is clear that the
condition of the cells is absolutely critical as subtle growth
differences can greatly influence the expression profile.
Hughes et al. [30] identified a number of transcripts that
exhibited inherent fluctuation in isogenic untreated yeast
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cultures that appeared to have no phenotypic differences.
These fluctuations represent biological noise. In parallel
experiments with yeast mutant strains that lacked a growth
defect, these fluctuations accounted for virtually all of the >
2-fold changes in gene expression that were detected. Thus,
it iscritical that culture conditions should be standardised as
far as possible. It is also essential that al the appropriate
controls are included, for example when comparing the
effects of drug treatment regimens. These include vehicle
controls and, ideally, the use of inactive drug analogues.
Appropriate control vectors and transfection controls should
be included during gene transfer experiments. In addition,
sample handling must also be standardised to avoid artifacts
resulting from prolonged manipulation. The effects on gene
expression of infective agents, such as mycoplasmathat can
frequently contaminate cell cultures, are unknown, and ap-
propriate screening should be performed regularly. Hughes
et al. [31] noted that aneuploidy in some yeast strains
resulted in spurious gene expression correlations due to
gene dosage effects from an altered gene copy number. This
factor could be important in the continuous passaging of
tumor cdlls that commonly have unstable genomes. The influ-
ence of tumor cell aneuploidy on gene expression profile is
unknown, but this creates the potentia for variation when
the same cell line is compared between different experi-
ments and laboratories. Thisis especially relevant to theaim
of establishing worldwide databases for comparison of gene
expression profiles generated in different institutions. How-
ever, it is possible to use the same microarray for compar-
ative genomic hybridisation, using labeled genomic DNA
rather than cDNA, and this may provide the opportunity for
an internal standard or control for gene copy number [32].

Expression profiling of clinical biopsy material also has
a number of potential pitfalls. Biopsy material is often
limited in availability, is generally not homogeneous, and,
depending on the biopsy type, may contain different cell
populations. In the case of tumor biopsies, there will be
underlying gene expression patterns from normal tissue,
including components such as surrounding normal tissue
stroma, immune elements, and vasculature [33]. However,
this can be taken into account by comparison of gene ex-
pression patterns with those in relevant cell lines that have
transcriptome profiles characteristic of muscle, vasculature,
or stroma[33,34]. An dternative is to dissect out the tumor
cells, for example by using laser capture microdissection,
although this can be a time-consuming process [35-37]. An
additional factor to be considered is the potentia for tissue
handling effects. A number of genes, including c-fos and
junB, have been reported to be induced by prolonged han-
dling of the sample [33]. Thus, the time between the biopsy
being taken and snap-freezing in liquid nitrogen or disrup-
tion in lysis buffer may also be critical.

The labeled representations of cellular mMRNA are gen-
erated using reverse transcriptase, an enzyme that generates
asingle-strand DNA copy of each RNA. Generally, [«**P]
dNTPs are used for radiolabeling protocols, and fluorescent

Cy dNTPs, namely Cy3-dNTPs and Cy5-dNTPs, are used
together in the case of fluorescent methodologies. Other less
common labeling strategies include the use of psoraen-
biotin derivatives or ligation to an RNA molecule carrying
biotin that can subsequently be detected with labeled
streptavidin. Both total cellular RNA and poly(A) "™ mRNA
can be used for array experiments. Reverse transcriptase
requires an oligonucleotide primer to initiate the labeling
reaction. There are anumber of options: (&) oligo(dT) prim-
ers that bind the poly(A)™ tail of mRNA; (b) random hex-
amer oligonucleotides that will bind anywhere on the RNA;
or (c) a series of gene-specific or semi-degenerate primers
that are specific to the arrayed set of clones [38].

The quality of the RNA preparation is critical for effi-
cient labeling and optimal signal. Thisis especialy true for
glass dide arrays probed with fluorescently labeled cDNA,
as these can be very susceptible to background fluorescence
induced by non-specific binding to carbohydrate, lipid, or
protein contaminants that can co-purify with RNA. In ad-
dition, the methodology of RNA extraction can influence
the proportion of different RNA species isolated, a factor
that may affect labeling efficiency when comparing differ-
ent methodologies [39]. Another limitation of the current
labeling techniques is that they require relatively large
amounts of RNA. Fluorescent labeling requires 20—100 wg
of total RNA or 1-2 g of poly(A)™ mRNA, while radio-
active labeling is more sensitive but still generally requires
2-10 pg of total RNA or 0.1-0.5 ug of poly(A)" mRNA.
These requirements potentially make microarrays incompat-
ible with the very limited RNA yields obtained from certain
types of biopsy or microdissected samples. Sgroi et al. [35]
have found that using two radionucleotides and labeling
both the first- and second-strand cDNA synthesis steps were
sufficient to detect gene expression in 100,000 microdis-
sected breast tumor cells. An dternative is to develop an
efficient and reproducible method for RNA amplification.
One approach uses an RT-PCR based method that can be
performed on single cells; this method can be efficient and
reproducible, but suffers from the observation that cDNA
abundance does not correlate with original mRNA levels
[4]. An dlternative is to use a linear amplification method
based on cDNA synthesis by reverse transcription from
primers that are tagged with a bacteriophage RNA polymer-
ase promoter sequence [37]. The cDNA is amplified by in
vitro transcription from the incorporated bacteriophage pro-
moter segquence, using the appropriate bacteriophage RNA
polymerase, and the linearly amplified RNA is then labeled
and used for microarray analysis. This approach has been
reported to be reproducible and alows the use of as few as
500-1000 cells or alittle as 1-50 ng of total RNA; however,
below 100 pg, the complexity of the sample decreases as
low copy number RNASs are lost [21].

2.4. Hybridisation and image acquisition

Microarrays exploit sequence complementarily, a re-
markable feature of nucleic acids that allows them to as-
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semble into duplex in a process that is reversible but occurs
with absolute fidelity [4]. In effect, each labeled cDNA
searches out and pairs with its complementary sequence on
the array. The rules of recognition and the major factors that
govern them, i.e. base composition, temperature, concentra-
tion of monovaent and divalent ions, and sequence com-
plexity, are reasonably well understood. The signal obtained
following hybridisation to the arrays gives both a measure
of the number of molecules bound and also their identity.
The labeled cDNA is generally purified to remove unincor-
porated nucleotides, salt, detergents, PCR primers, proteins,
and RNA template prior to hybridisation to the array. Pre-
hybridisation, hybridisation, and stringency wash conditions
are similar to those frequently used for Southern or northern
blotting. Blocking reagents are used to prevent non-specific
interactions. Those commonly used include Denhardt’s so-
lution, SDS, sonicated salmon sperm DNA, tRNA, COT,
DNA, and poly(A) oligonucleotides. The potential for back-
ground fluorescence when using glass slide arrays necessi-
tates the extra precautions of filtering all solutions and
taking care that hybridisation buffer components, such as
SDS or urea, do not precipitate out while setting up the
hybridisation or washing the arrays. Hybridisation of radio-
labeled cDNASs can be detected by autoradiography and
densitometry or more preferably by phosphorimaging using
commercially available phosphorimagers. The hybridisation
of fluorescently labeled cDNAs is detected using laser scan-
ners that excite the fluorescent dyes and collect their emis-
sion at the relevant wavelengths.

2.5. Image and data analysis

A number of steps are necessary to obtain gene expres-
sion data following acquisition of an array image. The first
is to correctly identify the spots on the array. Most com-
mercial readers or arrayers provide software for this step. In
addition, several public sites provide unsupported software
also developed for this purpose (e.g. http://www.nhgri.nih.
gov/DIR/LCG/15K/HTML/). Spot identification requires
overlaying and aligning of a grid specifying spot location
onto the array image, a process that generally necessitates
considerable operator input. Having located the spots, the
background signal has to be calculated and subtracted from
the hybridisation signal. This is done using agorithms that
predict the expected position, size, and shape of the spot and
then calculate local background in the vicinity of each spot.
The solid format of glass has some particular advantages
over nylon membranes in this respect, as nylon membranes
can exhibit some degree of creasing or deformation that can
confound grid alignment. The nature of radioactive decay
also makes identification of the border of the spot and
calculation of background difficult; this is because within
the spot there is smooth graduation from high signa to
background signal, as compared with the sharp defined spot
resulting from a fluorescent signal. An additiona problem
with radiolabeled probes is the effect of ‘blossoming’,

where a high hybridisation signal encroaches on a neigh-
boring spot and influences the signal detected from that
spot. This effect can be reduced by using *3P-labeled probes
rather than 3°P. However, one advantage of nylon mem-
branes is that they are less prone to background effects
caused by contaminants within the probe, precipitation of
components of the hybridisation buffer, and also dust or
irregularities on the dlide surface that can effect fluorescent
signals. These points also emphasise the fact that for all
array types there is a need for operator interaction with the
data, in effect to curate the data by flagging up bad spots.
This curation process is currently one of the rate-limiting
steps in the acquisition of array data.

Comparison of data from multiple arrays or multiple
samples on asingle array requires the data to be normalised.
This can be achieved using two different approaches. One
strategy is to normalise to a set of genes that do not vary
under the experimental conditions of choice (e.g. the 90 control
genes described by DeRis et al. [40]). Alternatively, one can
make the assumption that, under the conditions studied, the
expression of the mgjority of genes will remain unchanged,
allowing normalisation by comparison with global gene ex-
pression. This approach workswell for closaly related samples,
but obviously yields poorer normalisation as the samples
diverge and the differences in gene expression increase.
Another option isto ‘spike’ each RNA sample with an equal
amount of an internal standard RNA. For arrays using both
fluorescent and radiolabeled probes there are commercially
and publicly available software packages that can overlay
array images, calculate background, normalise the data, and
produce an output of absolute expression or ratio of expres-
sion comparing test sample to the reference sample.

Having obtained absolute values or ratios of gene ex-
pression, it is necessary to establish a database that allows
the management and comparison of the information ob-
tained from multiple experiments. The aim isto take the raw
hybridisation data and simplify this information down to a
table of gene/clone identity, expression value, or ratio of
test:reference, and then to integrate this information with
databases that contain genomic data, functional information,
or literature references [41]. Database design isimportant as
large quantities of information have to be managed before
(data pertinent to clone location, identity, and array fabri-
cation conditions) and after (data on experimenter, experi-
mental aims and conditions, sample description, labeling
conditions, raw hybridisation images, intensities, ratios, and
background) carrying out the experiment [42]. It is becom-
ing increasingly clear that biological function generaly re-
sults from complex interactions between many components;
for example, transcriptional regulation is more sophisticated
than the traditional view of gene expression being a simple
on-off event. In addition, biological systems generaly in-
corporate features such as feedback, feed-forward, error
checking, and redundancy [43,44]. Therefore, the acquisi-
tion of sufficiently large datasets is essential to address
complex biological systems or genome-wide function.



P.A. Clarke et al. / Biochemical Pharmacology 62 (2001) 1311-1336 1319

A) ] B)

NN
£ o b b

FEEEE Time (hrs)

BES5S =

55880 Tissue factor pathway inhibitor 2

LZO0O Matrix metalloproteinase 1
Endothelin 1
Fibulin-like extracellular matrix protein 1
Cadherin 5, type 2, VE-cadherin
Endothelial differentiation receptor 1
Caveolin 2
Matrix metalloproteinase 10
Low density lipoprotein receptor
Endothelial cell-specific molecule 1
Synuclein
Multimerin
Proteoglycan 1, secretory granule
Gap junction protein, alpha 1
Endothelin 1
Endothelin 1
Von Willebrand factor
Unknown EST
Cadherin 13
Plasminogen activator inhibitor type 1
Manic fringe
Forkhead box C1
Core promoter element binding protein
CD59 antigen
Dual specificity phosphatase 6
Cysteine-rich protein 2
Interleukin 1 receptor-like 1
Alkaline phosphatase P -1 3t

Fig. 3. Examples of hierarchical clustering of microarray data. (A) mRNA isolated from human endothelial cells (HUVEC), normal fibroblasts, B cells, T
cells, anormal bowel biopsy, three rhabdomyosarcoma lines, and three colon cell lines was profiled against a nylon membrane array carrying 4132 clones
(Research Genetics). Images were analysed using proprietary software to generate a gene list with raw hybridisation data and other parameters. Background
signal was removed, and the signals were normalised using al the data points that were universally expressed in al cell types. For each cell type the
expression data were expressed as a ratio relative to the median. The ratios were converted to a logarithmic value, the data were then arranged using a
self-organising map, and analysis carried out by hierarchical clustering [45]. The figure shows a typical output: a green signal represents a gene whose
expression is below the median, a red signal indicates a gene whose expression is above the median, and a black signa indicates no difference from the
median. Theintensity of the colour is proportional to the degree of difference from the median. The yellow box highlights a cluster of genes whose expression
isincreased in endothelia cells, the text indicates the identity of genes within that cluster, and the blue text identifies genes whose products have a specific
rolein endothelial cells or whose expression is restricted to or increased in endothelia cells. (B) HCT116 colon adenocarcinoma cells were treated with 100
1M LY 294002 (a phosphatidylinositide-3-kinase inhibitor). mMRNA was prepared from cellsisolated at the time pointsindicated, labeled with Cy5-dUTP and
hybridised in parallel with Cy3-dUTP-labeled mRNA isolated from control HCT116 cells to a glass slide array carrying 5808 clones (http://www.icr.ac.uk/
array/array.html). After the stringency washes, the slides were scanned, and a list of ratios of test:reference was obtained. Data were analysed using the
clustering algorithm of Eisen et al. [45]. The output demonstrates the time-dependence of gene expression regulation following exposure to LY 294002.

Once a suitable dataset has been established, the process
of mining the data for meaningful information begins [41—
43]. The easiest form of analysisis simply to list al of the
genes that differ in expression level, for example between
the test sample and the control. Although useful, this ap-
proach does not uncover the large amounts of complex
information contained within the data. More sophisticated
analysisinvolves the identification of non-random groups of
genes associated with a particular biological situation, so
that these can be examined by further approaches. Multidi-
mensional scaling in two or three dimensions of Euclidean
distances alows the assessment of the approximate degree
of similarity in gene expression between samples. Another
common approach is to look at multiple experiments and to
arrange or cluster the expression data into small homoge-
neous groups. This can be done manually with small data-
sets where identification of the extremes between two sam-
plesor over ashort time course isrelatively straightforward.
However, this approach fails to extract al the potential
information in genome-scale experiments with hundreds or
thousands of samples. Therefore, mathematical approaches

that essentially organise the data by grouping genes with
similar expression patterns have been developed.

One strategy is to use hierarchical clustering, an ap-
proach commonly used in sequence/phylogeny experi-
ments, coupled with outputs that facilitate visual examina-
tion of the data (Fig. 3) [45]. Severa studies, especially in
yeast where greater than 50% of the ORFs have an ascribed
function, have noted co-regulation of the expression of
genes encoding proteins from a common biochemical path-
way, that are functionally related, or that form multi-protein
complexes. This has led to the basic proposal that genes
with similar expression profiles and behavior arelikely to be
co-regulated and functionally related [4]. Thus, it is possible
to cluster the data from a given set of conditions or cell
types and use a ‘guilt by association’ strategy to identify
functional clusters[44]. In thisway, the function of novel or
known genes can be predicted, and tentative function can
then be tested rigorously by conventional biochemical ap-
proaches. In addition, co-regulation may also alow the
identification of common regulatory elements within the
promoter sequences of genesthat cluster together. Although



1320 P.A. Clarke et al. / Biochemical Pharmacology 62 (2001) 1311-1336

this strategy lacks some logical rigor, the approach can be
made more systematic by incorporating statistical analysis
of the probability of a particular cluster forming. The ap-
plication of this type of clustering analysis has major im-
plications for cancer biology and drug development. For
example, this approach may identify groups of genes asso-
ciated with drug sensitivity/resistance or genes that influence
outcome or disease progression/metastasis. However, there are
some limitations to this approach, as hierarchica clustering
requires well-separated data to give unambiguous results. For
such well-separated data, with clear-cut differences in gene
expression, most clugtering algorithms will generdly give the
same result; however, less well-separated data will give vari-
able results, and this makes interpretation difficult [43]. An-
other mathematical approach commonly used for data mining
is the application of sdlf-organisng maps, and this approach
has also been applied successfully to gene expression data[46].

An additional limitation in the analysis of microarray
data is the ability to measure small changes in gene expres-
sion. Most investigators typically apply an arbitrary global
threshold of a 2- to 4-fold change for differences in expres-
sion that might be considered biologically interesting or
significant. As described earlier, Hughes et al. [30] noted
that in a large number of control experiments, many genes
fluctuated, possibly due to biologica noise within the sys-
tem. They calculated a scaling factor that accounted for such
variation; this could then be used to correct experimental
data and allow the identification of changes below the com-
monly used 2-fold threshold. This study suggests that con-
ditionsthat are apparently identical to the experimenter may
not necessarily be identical from the cell’s perspective, and
thus scaling factors for biological noise or natural variation
may become a necessity for all array experiments.

3. Applications of microarraysin cancer biology,
pharmacology, and drug development

If the transcriptional profile provides a molecular pheno-
type of the specific state of the cell, it is reasonable to
propose that the transcriptional response could be used to
measure a change in celular state. Such changes could
result from a normal cellular process, a disease, or a re-
sponse to genetic, chemical, or therapeutic perturbation.
The ability to obtain quantitative information from a tran-
scriptional profile would thus be an exceptionally powerful
means to explore basic biology, diagnose disease, facilitate
drug development, tailor therapeutics to specific pathologies
or genetic profile, and also to generate databases relevant to
biological or therapeutic processes and pathways [44]. As
mentioned in the introduction, gene expression profiling
using microarrays can provide major benefits across the
whole of basic cancer research, as well as in the diagnosis
and treatment of the disease [14,47,48]. In the following
sections, we review the progress and potential of gene
expression microarray technology with respect to the basic
biology and therapy of cancer.

3.1. Basic biology of cancer

The mechanisms that cells employ to regulate normal
processes, such as proliferative signal transduction and cell
division, are frequently subverted during tumorigenesis.
Changes in gene expression have been associated with
many key cellular processes including those required for
tumor growth and survival [6]. Therefore, gene expression
profiling may identify genes required for these cellular pro-
cesses. In the context of cancer and drug development, the
application of microarray analysis may identify genes
whose products are involved in tumorigenesis and malig-
nant progression and hence help to identify potential drug
targets. In addition, it is clear that the genetic basis of cancer
is multi-factorial and that some oncogenes operate in a
non-dominant, cooperative manner that is only apparent in
certain combinations and cell backgrounds. The contribu-
tion of these genes may remain silent when examined indi-
vidually and will only be revealed when gene expression is
analysed on a global scale [48].

Cell cycle-dependent mRNA fluctuation has been de-
scribed in numerous settings and was initially studied with
gene expression profiling by Cho et al. [49] in S cerevisiae.
Temperature-sensitive cdc28 and cdcl5 mutants arrest in
the G1 and G2 phases of the cell cycle when incubated at
the restrictive temperature. Gene expression was profiled at
regular intervals over two cell cycles following release of
these mutants from the cell cycle block by incubation at the
permissive temperature. Of the 6218 genes encoded by the
S cerevisiae genome, 1348 genes fluctuated by more than
2-fold in both mutants during the time course; of these 416
genes exhibited a periodic fluctuation consistent with cell
cycle phase-specific expression. The expression patterns
were tight enough to distinguish between early and late
events within the different phases, e.g. between events in
early and late G1. Consistent with the literature, cell cycle-
dependent changes were observed for the cyclin family of
genes, which ultimately regulate transcription factors, and
also for genes involved in DNA replication and packaging.
Genes encoding constituents of a given protein complex
were generally co-regulated. More than 60% of the genes
detected had been implicated previously in the cell cycle,
suggesting that measuring RNA can indeed be an indicator
of biological function. However, on a cautionary note, it
was observed that of the cell cycle genes known to be
involved in budding, DNA replication, and other cell cycle
roles, 75% did not exhibit fluctuation at the RNA level. This
was possibly because some of these gene products were
modulated at the post-transcriptional level. The data from
this study were subjected subsequently to a more sophisti-
cated anaysis [50]. The most variable 3000 ORFs were
arranged using a K means algorithm into 30 gene clusters
that were particularly enriched for genes with similar func-
tion. These included clusters of genes, exhibiting periodic
fluctuation, that encoded cell cycle phase-specific proteins
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involved in cell cycle regulation, budding, cell polarity, and
centrosome organi sation.

In addition, the distribution of regulatory sequences up-
stream of the gene promoter was analysed in both of the
yeast studies described above [50,51]. A number of gene
clusters had selective upstream motifs; for example, 55 of
the 101 genes that clustered for polarity and budding had an
early cell cycle box sequence motif, which occurred with an
incidence of less than 4% in the other gene clusters. Addi-
tional analysis also revealed the potential presence of two
novel regulatory sequence motifs. Half of the gene clusters
were enriched for functiond categories or for a specific up-
stream motif. Clusters with functiona relationships were sta-
tigtically tighter than those that contained genes that appeared
to be biologically unrelated, and those with related regulatory
motifs were aso more tightly clustered. One important obser-
vation was the identification of previoudy uncharacterised
OREFs that exhibited periodic fluctuation, and these were as-
signed to clusters containing known genes with related func-
tion. This work suggested that the function of unknown genes
could be predicted by examining their clustering pattern, an
observation that will be discussed later in this review.

Transcription factors are frequently targets of many sig-
naling pathways, and anumber of studies have profiled gene
expression following responses mediated by external sig-
nals. The expression of 8600 distinct human genes has been
profiled by microarray analysis at regular intervals follow-
ing the stimulation of norma human diploid fibroblasts by
serum [51]. The response to serum was rapid and wide-
spread. In all, the expression of 517 genes was atered by
more than 2.2-fold, with genes such as c-fos, junB, and
MAPK phosphatase being induced within 15 min of expo-
sure to serum. Thetiming of gene expression was coincident
with progression through the cell cycle, and distinct clusters
of genes involved in cell division were identified. A less
expected finding was the observation that genes involved in
wound healing were also induced, although in hindsight this
may not be that surprising given the role of fibroblasts and
serum in that process. The results suggested that fibroblasts,
which are not normaly in contact with serum, are pro-
grammed to respond abruptly to serum and to orchestrate
the healing response by promoting chemotaxis and differ-
entiation of the various cell types involved in the immune
response and angiogenesis.

In another study of signa transduction, the induction of
immediate early genes by receptor tyrosine kinase-activated
signaling pathways was examined using receptors which
lacked key binding sites for the intracellular adapter mole-
cules that are required for the regulation of different signal-
ing cascades [52]. This study used NIH3T3 cells transfected
with a gene encoding a fusion protein, consisting of the
wild-type or mutated cytoplasmic portion of B-platelet-de-
rived growth factor receptor fused to the extracellular por-
tion of the macrophage colony-stimulating receptor. High-
density oligonucleotide arrays were used to measure the
expression of 5938 genes following exposure of NIH3T3

cells expressing the fused receptor to macrophage colony-
stimulating factor. Sixty-six genes were induced by more
than 3-fold following an exposure for a few hours to mac-
rophage colony-stimulating factor, of which 50% had been
identified previoudly in the literature as immediate early
genes induced by receptor tyrosine kinase activation. The
mutant form of the B-platel et-derived growth factor receptor
that lacks binding sites for phospholipase C-y1, phospho-
inositide-3-kinase, shp2, and rasgap could still induce these
genes, but to a dlightly lower level than the wild-type re-
ceptor. Removal of an additional site that was bound by
grb2 resulted in a greatly reduced induction, but did not
eliminate completely the induction of immediate early
genes. These observations suggested that the distinct path-
ways emanating from the B-platelet-derived growth factor
receptor exhibited a certain degree of functional redundancy
for the induction of immediate early genes and also indi-
cated that diverse pathways could exert overlapping effects
on the induction of these genes. However, there was some
evidence for specificity, as restoring arasgap binding site on
the B-platelet-derived growth factor receptor resulted in the
induction of genes normally regulated by interferon-vy, al-
though the physiological significance of this was unclear.
An additional set of experiments compared gene expression
following the stimulation of NIH3T3 cells with either fi-
broblast growth factor or platelet-derived growth factor.
Again the same pattern of immediate early gene induction
was detected. These observations suggested considerable
overlap and cross-talk in the regulation of gene expression
by different signaling pathways. However, subtle differ-
ences may potentially have been missed as high, non-phys-
iological concentrations of macrophage colony-stimulating
factor were employed, as well as a relatively high 3-fold
cut-off for the gene expression changes.

Other studies have used microarray anaysis to examine
the downstream effectors of signaling pathways. Roberts et
al. [53] profiled gene expression in S. cerevisiae during the
pheromone response of wild-type and mutants of the vari-
ous mitogen-activated protein kinases involved in a number
of different signal transduction pathways. They found sub-
sets of co-expressed genes that reflected the activity, cross-
talk, and overlap of the different signaling pathways regu-
lated by specific mitogen-activated protein  kinases,
particularly two distinct mitogen-activated protein kinase
mutants that revealed overlap between filamentous growth
and mating responses. Guo et al. [54] used c-myc null and
wild-type rat fibroblasts to identify c-myc responsive genes.
Myc was found to regulate genes involved in protein syn-
thesis and metabolism, suggesting that its role may be to
prepare the synthetic apparatus for the demands of prolif-
eration. The effects of one of the immediate early genes,
egrl, aregulator of transcription that is frequently overex-
pressed in prostate tumors, were examined using an adeno-
viral-mediated expression of egrl in a prostate cancer cell
line [55]. The expression of a number of genes encoding
proteins involved in neuroendocrine differentiation, as well
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as severa growth factors (platel et-derived growth factor-A,
insulin-like growth factor-11, and transforming growth fac-
tor B1), was increased following egrl expression. These
observations suggested an early role for egrl in prostate
malignancies, although further validation is required.

The studies described thus far in this section illustrate the
potential power of gene expression profiling by microarrays
and exemplify the concept of co-regulation of banks of
functionally related genes. As mentioned, genes whose
products have similar cellular functions, those that encode
products which form large complexes and those which op-
erate on the same biochemical pathway frequently exhibit
co-regulation of expression. Observations of this type of
relationship can also be used to generate testable hypotheses
when previously uncharacterised genes cluster with genes
of a specific function or biochemical pathway. In addition,
microarray expression profiling has also reveal ed the poten-
tial interaction between distinct signaling pathways, has
identified potential regulatory sequence motifs upstream of
gene promoters, and has provided a broader view of genome
structure and function than would have been possible with
conventional methodology.

Among the first microarray studies directly relevant to
cancer biology were those of Schena et al. [56] and DeRisi
et al. [40]. Schena et al. examined heat shock and phorbol
ester treatment of a leukaemic T cell line using a 1065
element array and found a number of changes that would be
expected following those stimuli. DeRisi et al. used a 1161
element array to examine the effects of reintroducing chro-
mosome 6 into a melanoma cell line that lacked this chro-
mosome. They detected significant changes in the expres-
sion of 78 genes, of which 16 were re-anaysed and
corroborated by northern blotting. One of the first attempts
to classify cancer cell lines using microarrays was reported
by Khan et al. [57]. They chose to examine alveolar rhab-
domyosarcoma as those tumors are relatively uniform ge-
netically; 70—80% have a translocation that creates a novel
oncogenic transcription factor by fusing the pax3 or pax7
gene with fkhr. Also important was the fact that these
tumors are aggressive soft tissue tumors that are frequently
difficult to classify. A set of cell lines established from
alveolar rhabdomyosarcoma tumors were profiled with an
array of 1238 genes and compared to a reference sample
from a diploid foetal myofibroblast cell line. The data were
analysed using multidimensional scaling that clustered the
alveolar rhabdomyosarcoma cell lines together when com-
pared with Ewings sarcoma, melanoma, prostate, and breast
cancer cell lines. The genes associated with the alveolar
rhabdomyosarcoma cluster showed a consistent pattern of
expression of 37 genes, including those known to be dereg-
ulated in alveolar rhabdomyosarcoma, e.g. pax3-fkhr and
cdk4. These observations were followed up with a subse-
guent study transfecting pax3 and pax3-fkhr into NIH3T3
cells[58]. Pax3 induced the expression of only asingle gene
and repressed the expression of three additional genes; in
contragt, the oncogenic fusion protein induced the expression

of a number of genes, including a high proportion of mus-
cle-specific genes, some of which were confirmed by north-
ern blotting in several aveolar rhabdomyosarcoma cell lines.

A smaller study of prostate cancer used nylon membrane
arrays to compare hormone-sensitive and hormone-insensi-
tive cell lines grown as xenograft tumors in mice [59].
Severa genes were induced in the hormone-insensitive tu-
mors and two, igfbpP2 and hsp27, were followed-up at the
protein level by immunohistochemistry, using an array of
tissue biopsies from 238 prostate tumors and 26 benign
prostate tissues. Igfbp2 was expressed in al recurrent hor-
mone refractory tumors, some primary tumors, and none of
the benign tumors. Hsp27 had asimilar pattern, but was less
widely expressed. However, there was no statistical associ-
ation between igfbp2 or hsp27 expression and tumor stage,
nor did expression influence response to treatment. Another
study used a similar strategy to identify a potential marker
for anaplastic large-cell lymphoma [60]. Thirty-one hema-
topoietic cell lines were examined with a 588-element nylon
membrane array. The expression of one gene, clusterin, was
found to be restricted to the anaplastic-large cell lymphoma
cell lines. This was confirmed by western blotting and
immunohistochemical analysis of 198 primary lymphoma
biopsies representing most major lymphoma subtypes. With
two exceptions, none of the non-anaplastic large cell lym-
phomas expressed clusterin; in contrast, all 36 of the ana-
plastic large cell lymphomas expressed clusterin. The au-
thors concluded that although the function of clusterin in the
disease is unknown, it may have potentia as a diagnostic
marker for anaplastic large cell lymphoma. Another study of
two clonally related T cell lymphoma cell lines derived
from the same patient at different stages of tumor progres-
sion detected changes in genes involved in signal transduc-
tion, transcription, adhesion, proliferation, and cell death
[61]. Of particular interest was the observation that expres-
sion of the gene encoding bleomycin hydrolase was in-
creased with progression, despite the fact that the patient
had not been exposed to bleomycin; this suggested that
resistance genes are not aways induced by exposure to
chemotherapy, but can also be induced by tumor progression.

In an attempt to understand the mechanisms of metasta-
sis, Clark et al. [62] profiled melanoma gene expression
using amouse xenograft model of tumor metastasis. Human
and mouse cell lines were profiled using an array of 7070
human and 6347 mouse genes. Three genes, fibronectin,
rhoC, and thymosin B4, were expressed at higher levelsin
the metastases of the two cell lines. Fibronectin is an ex-
tracellular glycoprotein that is a ligand for the integrin
family, rhoC is a GTPase that regulates cytoskeletal organi-
sation in response to extracellular factors, and thymosin g4
is an actin-sequestering protein that regulates actin poly-
merisation. These genes have all been associated or corre-
lated previously with tumor metastasis. Other genes that
were up-regulated to a lesser extent included those whose
products are associated with cytoskeletal organisation, such
as a-catenin, a-actinin, and «-centractin, together with
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genes encoding extracellular matrix components such as
collagen a2 and a1, matrix Gla protein, fibromodulin, and
biglycan. Having identified potential candidates involved in
metastasis, the authors investigated the role of rhoC expres-
sion using a gene transfer strategy. Expression of rhoC
enhanced metastases, while expression of a dominant neg-
ative rhoC suppressed metastases, implying that rhoC was
important for tumor invasion.

The observations of the cancer microarray studies out-
lined above demonstrate that it may be possible to classify
tumor cell lines by type using gene expression profiles.
They also show that it is possible to associate particular
genes with cancer types or biological processes such as
metastasis. Again, the results generated provide testable
hypotheses for further investigation. The studies discussed
above were generally restricted to 500-8000 genes, the ma-
jority of which were characterised previously. The use of
larger arrays, incorporating uncharacterised cDNAsS or
ESTs and coupled with the ‘guilt by association’ premise,
may allow the identification of novel genes associated with
particular cancer types, those genes critical for tumorigen-
esis and metastasis, and also those genes involved in the
development of resistance or failure to respond to treatment.
In addition, they may yield novel targets for drug discovery
and development.

3.2. Drug discovery and devel opment

Following the identification of a specific molecular target
and the development of a series of small molecule inhibi-
tors, it is necessary to confirm that such inhibitors do indeed
act by the desired mechanism of action on their intended
target. In addition, the early identification of potential on-
target and off-target effects, and also of pharmacodynamic
markers of these effects, is highly beneficial for the subse-
quent preclinical and clinical studies required for the devel-
opment of anticancer agents [7,8,47]. The use of microar-
rays can also generate a database that could alow the
mechanism of action of a given agent to be predicted from
the changes in gene expression that they induce. Such da-
tabases also allow compounds likely to act by a given
mechanism to be identified for further study. The applica
tion of array technology in this way has been reported
recently in a number of studies, and these are discussed in
detail below.

One study in particular is worth reviewing a some
length, as it illustrates many of the important issues con-
cerning the use of microarrays in pharmacological mecha-
nism of action work. As described earlier, the growth in-
hibitory activity of approximately 70,000 compounds has
been assessed using the US National Cancer Ingtitute's
panel of 60 human tumor cell lines, and the effects of some
of these agents have been compared to the expression of 140
proteins [10]. This strategy has been extended recently to
incorporate gene expression profiling by microarray [34,
63]. Ross et al. [34] profiled gene expression of the tumor

cell line panel using an array consisting of 9703 elements
that corresponded to 3700 previously characterised genes,
1900 identified by sequence similarity to genes encoded by
other organisms, and also 2400 uncharacterised ESTs. The
1167 genes that showed the greatest variation and the 6831
genes that demonstrated a good, consistent hybridisation
signal were subjected to hierarchica cluster analysis. This
arranged the cell lines by their presumptive tissue of origin,
the only exceptions being some non-small cell lung and
breast cancer lines that were distributed in multiple
branches. Characteristic clusters of genes distinguished
each cell line type. For example, melanomas were defined
by a 90-gene cluster that included genes whose products
were specific to melanoma biology, such as tyrosinase,
dopachrome tautomerase, and the martl tumor surface an-
tigen, athough rather paradoxically two breast cell lines
shared expression of these melanoma genes. Nevertheless, it
was generally possible to find a molecular signature of the
tissue from which the cell lines originated, implying that the
physiological or experimental adaptation for growth in cul-
ture was not sufficient to overwrite the tissue-specific gene
expression program. Cluster analysis identified a number of
functionally related genes, for example those that were
markers of proliferation, or were involved in progression
through the cell cycle, regulation of protein synthesis, drug
metabolism, or interferon response.

Having constructed this database of constitutive gene
expression patterns, Scherf et al. [63] then analysed the data
for arelationship to compound sensitivity. The gene expres-
sion data were related to the cytotoxicity following a 48-hr
exposure to 70,000 compounds from the National Cancer
Ingtitute collection. The array data were filtered down to
1376 genes that clustered the cell lines by tissue of origin.
Initially, the drug sensitivity data were clustered for a subset
of 118 agents with relatively well-established mechanisms
of action. The resulting clusters corresponded to the likely
modes of action and were divided into DNA and DNA/RNA
antimetabolites, tubulin inhibitors, DNA-damaging agents,
topoisomerase | inhibitors, and topoisomerase Il inhibitors.
5-Fluorouracil, an inhibitor of RNA and DNA syntheses,
clustered with the RNA synthesis inhibitors, suggesting that
in these cytotoxicity assays the main mechanism of this
agent was inhibition of RNA synthesis.

The clustering pattern was atered when the 1376 genes
were analysed in relation to the activity of the 118 drugs.
The antimetabolite and alkylating agent clusters were
changed such that the antimetabolites appeared in five dis-
tinct classes, while the alkylating agents were divided in two
classes. The antifols, purine analogues, and pyrimidine an-
alogues were separated into separate branches, whereas the
alkylating agents separated into N-7 reactive nitrogen mus-
tards and a group containing ethylamines, nitrosoureas, and
alkyl akane sulfonates. The antitubulin cluster was un-
changed, whereas the topoisomerase inhibitors were rear-
ranged in a manner that revealed mechanistic differences
among the subclasses of compound. The topoisomerase |
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inhibitors clustered by whether or not they required activa-
tion, and the topoisomerase Il inhibitors separated into an
anthracycline node and another node that contained mitox-
antrone and the bioreductive agents. This suggested that the
ability to produce double-strand DNA breaks might be an
important feature of the latter. Etoposide clustered with the
alkylating agents, implying that drug metabolism as op-
posed to direct mechanism of action also featured in this
method of drug activity—gene expression correlation.

The same study also used a clustered image map to
visualise the data and summarise the relationship between
drug activity and gene expression. Two examples, 5-flu-
orouracil and L-asparaginase, were cited. Eighteen cell lines,
including all seven colon cell lines, showed high sensitivity
to 5-fluorouracil; of these, fourteen expressed low levels of
MRNA encoding dihydropyrimidine dehydrogenase, an en-
zyme that catabolises 5-fluorouracil. Some cells, including
acute lymphoblastic leukaemias, lack asparagine synthase
and require exogenous L-asparagine. L-Asparaginase de-
pletes extracellular L-asparagine and has been used in the
treatment of acute lymphoblastic leukaemia. Comparison of
L-asparaginase sensitivity and asparagine synthase gene ex-
pression revealed a moderate negative correlation for the
entire cell line panel; however, the leukaemic subpanel gave
a very high negative correlation coefficient. The data de-
scribed in the above study are available in an open public
database (http://dtp.nci.nih.gov/) that can be searched for a
number of different parameters. For example, searching the
database for arelationship between epidermal growth factor
receptor expression and increased cytotoxicity returns the
top five hits identified by the study of Wosikowski et al.
cited earlier ([9]; Clarke PA, unpublished observations).

In some ways, the study of Scherf et al. [63] was anal-
ogous to gene expression profiling studiesin clinical tumors
that look for predictors of classification or outcome. How-
ever, there are severa potential limitations associated with
this study: (@) the cell lines have been selected for growth in
culture and should really be considered surrogates for in situ
tumors; (b) the database is generated from a single endpoint
of growth delay at 48 hr, which is a measure of short-term
growth inhibition and/or cytotoxicity; and (c) the relation-
ship between drug activity and expression is correlative and
not necessarily causal, as changes in gene expression fol-
lowing drug exposure were not measured. Most of the
drugs, but not all, clustered by presumed mechanism of
action. The exceptions may be due to experimental variabil-
ity or the loss of information as a result of compressing 60
dimensions of drug activity acrossthe cell linesinto asingle
dimension. In addition, only 20—30% of the possible genes
encoded by the human genome were examined; it is possi-
ble that clustering may be further improved by the inclusion
of a greater number of genes or potentially more cell lines.
Other effects, such asincorrect or incomplete assignment of
drug mechanism, influences of transporterg/efflux pumps,
metabolizing enzymes and other sensitivity/resistance
genes, and secondary off-target effects of the agent, will

also influence clustering. It remains to be seen whether this
database could be used to predict off-target as well as
on-target effects.

The benefit of establishing databases, such as those de-
scribed above, is that they allow subsequent comparison
with data for novel compounds with unknown molecular
mechanisms. This facility is aready available for drug cy-
totoxicity and specific molecular target expression data us-
ing the COMPARE agorithm (http://dtp.nci.nih.gov/). The
addition of global gene expression data should further en-
hance the power of this informatics tool. However, the next
major goal will be the establishment of a database of ex-
pression profile changes that occur in response to treatment
with anticancer agents or following drug target modulation
by genetic means (see following section).

As described earlier, the entire gene complement of S.
cerevisiae has been established, and its genome has been
subjected to extensive mutational analysis. Therefore, S.
cerevisiae may be an ideal starting point as a model in
which to investigate the value of gene expression profiling
in response to drug treatment. A number of studies have
begun to address this strategy. Gray et al. [64] incorporated
a yeast array study into the development of cyclin-depen-
dent kinase inhibitors. Compounds based on a trisubstituted
purine demonstrated some selectivity towards cdk2/cyclin
complexes and inhibited the activity of two yeast cyclin-
dependent kinases, cdc28p and pho85p. The gene expres-
sion response of yeast cells following exposure to an exist-
ing cyclin-dependent kinase inhibitor, flavopiridol,
compound 52 (a trisubstituted purine cyclin-dependent ki-
nase inhibitor), and 52Me, an inactive but closely related
compound, was measured using high-density oligonucleo-
tide arrays. Of the 6200 genes monitored, 132, 194, and 2
genes were atered by more than 2-fold following treatment
with flavopiridol, compound 52, and compound 52Me, re-
spectively. Of the genes that changed, 63 were altered by
exposure to both compound 52 and flavopiridol; of these
only 9 were down-regulated, but they included 5 genes
associated with cell cycle progression. Changes consistent
with inhibition of pho85p were also detected. In addition,
increased expression of metabolic genes and genes whose
products were associated with transport, cell wall synthesis,
and stress response were apparent. The effects of genetically
manipulating cyclin-dependent kinase activity were also
tested by profiling the expression of a cdc28p temperature-
sensitive mutant. At the restrictive temperature, 100 genes
were atered by more than 2-fold. A number of these genes
were also altered by the active small molecule inhibitors;
however, another set of genes were altered only in the
cdc28p mutant and were not affected by the cyclin-depen-
dent kinase inhibitors. Theinclusion of an inactive analogue
in these experiments was important, as few changes were
detected, suggesting that chemotype effects due to the
chemical backbone were minimal, and strongly supporting
the view that the gene expression changes detected with the
active analogue 52 resulted directly from cyclin-dependent
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kinase inhibition. Although there were some similarities in
the gene expression profile between small molecule inhibi-
tion and genetic inhibition, the differences between the two
strategies suggest that the small molecules may have addi-
tional off-target effects or that there may be an intrinsic
methodological difference between chemical and genetic
manipulation of atarget. Dose-response effects may also be
involved.

A comparison between manipulating a target by either
genetic or small molecule approaches was also carried out
by Marton et al. [65], who used various deletion mutants of
S cerevisiae to compare the effects of specific mutations
with those of known inhibitors of the same pathway. The
calcineurin-signaling pathway, which can be inhibited by
FK506 or cyclosporin A, and inhibition of his3 by 3-amin-
otriazole, were used as model pathways. The gene expres-
sion changes induced by the inhibitors were examined in
wild-type yeast and compared with the effects seen in mu-
tant isogenic strains lacking the calcineurin catalytic sub-
units or his3. In both cases, there was a correlation between
drug inhibition of the target and inactivation of the target by
mutation. A more sophisticated approach using a mecha-
nism ‘decoder’ strategy could aso be applied. Initialy, the
expression profile of drug-treated wild-type cells is com-
pared with the expression profile of a panel of mutant
strains. The mutant strains with the most similar expression
profile are then selected and treated with the drug. For a
perfect drug with absolute specificity, treatment of a mutant
strain that lacks the drug target should not ater the gene
expression profile. However, in reality no drug shows per-
fect target specificity, so any changes in expression profile
detected in the drug-treated mutant will give clues to off-
target effects. Treatment with FK506 gave a similar profile
to the calcineurin mutants; however, subsequent treatment
of these mutant strains with FK506 altered gene expression
in amanner consistent with an off-target effect. This profile
corresponded to an effect dependent on the gen4 transcrip-
tional activator. The expression of these genes was un-
changed following FK506 treatment of gcn4-null cells and
confirmed the requirement for gcnd. An additional subset of
genes encoding drug efflux pumps, similar to the multidrug
resistance family of proteins, were till induced in the gcnd-
null cells, suggesting a secondary off-target effect.

Hughes et al. [30] extended this approach using a ‘com-
pendium’ of expression profilesto demonstrate that the gene
expression profile of a mutation successfully serves as a
molecular phenotype that corresponds, in turn, to a pheno-
type defined by conventional biochemical assays. They
achieved this by creating a reference database of expression
profiles from 300 full genome expression profile experi-
ments using S. cerevisiae mutated in 276 ORFs and main-
tained in a single growth condition. Although not every
mutation gave an identifiable phenotype in this single
growth condition, the expression of at least one gene, other
than the deleted gene, changed by more than 2-fold. As
described earlier, a large number of parallel negative con-

trols of untreated isogenic yeast cultures were also profiled
to ascertain whether particular transcripts had an inherent
fluctuation that exceeded that for other genes. In each one of
these negative control experiments, at least one gene
changed by more than 2-fold. Hierarchical clustering of this
dataset identified genes that were regulated by nutritional
status or stress. These genes displayed small magnitude,
coordinated differences between seemingly identical control
cultures, and were thought to represent biological noise
within the culture system. The data generated were then
used to generate an error model that could provide biolog-
ica correction. In some mutants with no apparent growth
defect, these fluctuations accounted for virtualy al of the
more than 2-fold changes; however, of those mutants that
lacked a growth defect, athird had at |east five genes whose
expression was atered significantly when the gene error
model correction factor was applied. Of those mutants that
affected growth, 90% showed significant changes in the
expression of at least five genes. Thus, the single growth
condition evoked a response in about half of the mutants
studied.

Severa classes of co-regulated genes were identified,
e.g. those whose products were involved in ergosterol bio-
synthesis, mitochondrial respiration, protein kinase C/cal-
cineurin signaling, amino acid biosynthesis, DNA damage/S
phase arrest, and mating [30]. A genera observation was
that specific mutations altered the expression of genes
whose products were involved in the same cellular process
that was affected by the mutation; also, different mutants
that affected the same pathway frequently exhibited similar
gene expression profiles. Additionally, cells treated with a
relevant small molecule inhibitor showed a gene expression
profile similar to that resulting from mutation of the target;
for example, inhibition of HMG-CoA reductase by lova-
statin gave a similar profile to an hmg2 mutant. This im-
portant study also demonstrated that the function of some
unknown ORFs could be predicted by cluster analysis, and
severa predictions were confirmed subsequently by bio-
chemical analysis. One example was the clustering pattern
of an ORF, which suggested a role in sterol biosynthesis;
this was confirmed biochemically and by complementation
with its human homologue. Another example was revealed
by exposure to dycyclone, an anesthetic, the gene expres-
sion profile of which resembled those of mutations that
affected the ergosterol pathway. Biochemical analysis con-
firmed that this pathway was inhibited by dycyclone. One
mutant, erg2, was hypersensitive to the drug, while overex-
pression of erg2 resulted in decreased drug sensitivity. In
contrast to erg2, other mutants of this pathway were unaf-
fected by dycyclone. Biochemical analysis demonstrated
that both erg2 mutants and dycyclone-treated cells accumu-
late the same intermediates of this biosynthetic pathway.
The human homologue of erg2 is the sigma receptor, a
neurosteroid-interacting protein that regulates K* conduc-
tance and binds several neuroactive drugs, such as hal oper-
idol. Erg2 was aso inhibited by haloperidol, an observation
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consistent with the sigma receptor and erg2 being related
gene products.

There were also many genes whose expression varied by
less than 2-fold. In expression profiling experiments,
changes of this magnitude are largely ignored as they are
considered unreliable. However, it has been widely recog-
nised that changes of this degree may still be important, and
there is a requirement for protocols to identify noise and
bias and to assess whether these small but potentially crit-
ical changes are biologically significant. Hughes et al. [30]
used their error model to apply a mask to the data, and this
facilitated the reliable identification of genes whose expres-
sion varied by 1.5-fold. This strategy successfully assigned
eight previously uncharacterised ORFs to four pathways, a
result that would have been unlikely had conventional cut-
off parameters been employed.

Although by no means fully comprehensive, the yeast
study has been discussed in detail because it has established
the principle of the method. A crude estimate anticipates
that a total of 300—700 distinct, full genome transcription
patterns would be obtained from the complete set of gene
mutations in yeast, when profiling under a single condition
[30]. However, one major limitation is the use of a single
growth condition, as only haf the mutations give a re-
sponse. Therefore, it may be necessary to look at the re-
maining mutations under more restrictive conditions when
establishing a panel of conditions and mutations.

Application of this approach to mammalian cells will
present additional challenges. One major challenge will be
the production of ‘targetless’ cells that are either permanent
knockouts or aternatively conditional knockouts that can be
switched on and off. Possible strategies could include the
use of antisense gene or oligonucleotide technology, the
expression of dominant-negative inhibitors, or alternatively
the generation of gene knockouts by homologous recombi-
nation. In addition, gene expression pattern is dependent
upon the tissue of origin [34], with the additional compli-
cation that there can be considerable variation between cell
lines from the same originating tissue. Screening the growth
inhibitory activity of anticancer agents against the National
Cancer Institute panel of 60 cell lines has already demon-
strated that cell lines derived from the same class of cancer
or tissue type can exhibit a wide range of drug sensitivities
[63]. Similarly, there are also cell-line dependent differ-
ences in the changes in global gene expression profile in
response to agiven drug. For example, microarray studiesin
our laboratory have shown that treatment of four different
human colon cancer cell lines with an hsp90 molecular
chaperone inhibitor results in differing gene expression pro-
filesin response to treatment [66]. Thus, care must be taken
when choosing a cell ling(s) for profiling experiments.

Despite the potential complications of examining drug
action in mammalian cells, a number of simple studies have
investigated the utility of global gene expression profiling
following exposure of cancer cell lines to individual agents.
The response to DNA damage has been assessed following

exposure of human myeloid cells to methanosulfonate, -y
irradiation, or UV irradiation [67]. Genes expected to be
induced by these treatments, such as those regulated by p53,
were detected; in addition, the expression of several other
genes previously unassociated with DNA damage has aso
been shown to be responsive to genotoxic stress. Also of
significance was the observation that gene expression
changes in response to the DNA-damaging treatments var-
ied widely between cell types, indicating that, as discussed
above, cdlular context can play an important role in thera-
peutic response. Other studies have aso examined the ef-
fects on gene expression profile of agents that either directly
or indirectly result in DNA damage. Kudoh et al. [68]
compared doxorubicin-sensitive and -resistant forms of the
MCF-7 breast cancer cell lines. Many genes were altered
following exposure of the sensitive line to doxorubicin; in
contrast, the resistant line exhibited fewer changes, although
the genes that did change were also altered in the sensitive
line. These included the induction of epoxide hydrolase, a
drug-metabolising enzyme frequently overexpressed in
breast and other tumors. Analysis of two fibrosarcoma cell
lines that were resistant to a diverse range of DNA-inter-
acting agents demonstrated altered expression of genes in-
volved in DNA repair and replication, signal transduction,
cell cycle control, and transcription [69].

Studies of agents other than DNA-interactive drugs are
now appearing in the literature. One study investigated the
effects of a non-specific protein kinase inhibitor, staurospor-
ine, on interleukin-3-dependent murine pro-B cells, and
compared the gene expression pattern to that following the
induction of apoptosis subsequent to interleukin-3 depriva-
tion [70]. A number of genes were atered following death
induced by both stimuli. Interestingly, the apoptotic stimuli
influenced a number of genes previoudly unlinked to cell
death pathways. For example, staurosporine treatment
caused the induction of genes involved in inflammation.

In our own laboratory, we have used microarrays to
examine dterations in gene expression pattern following
exposure to the novel agent 17AAG [66]. This is the first
hsp90 molecular chaperone inhibitor to enter clinica trial
and shows considerable potential as an anticancer agent
because of its ability to reduce the cellular levels of several
important oncogenic hsp90 client proteins [66,71,72]. The
expression profile of a number of human colon adenocarci-
noma cell lines was obtained following exposure to
17AAG. The response of each cell line to this agent varied
widely at the gene expression level and also at the protein
level, again indicating that cellular context has an important
role in response to anticancer agents. A number of interest-
ing changes were detected. These included induction of
hsp90, the molecular target of the drug, in cell lines that had
reduced sensitivity to 17AAG, contrasting with low hsp90
expression in cell lines that are particularly sensitive to
17AAG (Fig. 4). Other gene expression changes, such as
those in cytoskeletal and signaling genes, aso showed con-
siderable variation between different cell lines. Of particular
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Fig. 4. Demonstration of the use of microarray analysis to investigate the
effects of the hsp90 inhibitor 17AAG in human colorectal cancer cells.
This figure demonstrates the biological effects of 17AAG in two human
colon cancer cells and shows the differential regulation of hsc/hsp70 and
hsp90B at the RNA and protein level. The top panel (A) shows raw and
processed array data from HT29 and HCT116 human colon adenocarci-
noma cells treated with 0.5 and 1 uM (1 X Ic5 @ 72 hr) 17AAG,
respectively. The four columns on the left-hand side show the phospho-
rimage data following a 24-hr treatment with 17AAG and the four pseudo-
coloured columns on the right-hand side show data from the 24 hr and also
the 48 hr treatment displayed as a ratio of control:17AAG treatment for
each time point. Green = increased by 17AAG treatment, yellow =
unchanged, red = decreased by 17AAG treatment, brown/black = unde-
tectable. (B) Western blotting of c-raf-1, hsc/hsp70, hsp90B3, and GAPDH
expression following 17AAG treatment. In one cell line, HCT116, c-raf-1
isdepleted at 24 hr, but has recovered at 48 hr. In the other cell line, HT29,
c-raf-1 is depleted at both 24 and 48 hr. Hsc/hsp70 is induced in both cell
lines, while hsp90p isinduced in HCT116 cells that recover, but is depleted in
the more sensitive HT29 cell line. Modified from Ref. 66 (Oncogene
2000;19;4125-33), with permission from the Nature Publishing Group.

note was the consistent induction by 17AAG of the expres-
sion of members of the hsp70 molecular chaperone gene
family (hsp70 and hsc70) in al of the cell lines examined.

The induction of hsp70 family genes was confirmed at the
protein level and was also observed in human peripheral
blood lymphocytes treated with 17AAG ex vivo. Using a
combination of microarray and western blotting analysis,
we defined a molecular signature of hsp90 inhibition, con-
sisting of hsp70 induction and client protein depletion. This
signature is being used to provide a pharmacodynamic read-
out of hsp90 inhibition in peripheral blood lymphocytes and
tumor biopsies in our ongoing Phase | clinical trial of
17AAG. Gene expression changes will aso be determined
by microarray analysis.

Microarrays may also have arolein studies of structure—
activity relationships. We have used amicroarray strategy to
compare inactive and active derivatives of 17AAG and
radicicol, a structurally dissimilar hsp90 inhibitor. As men-
tioned above, expression profiling by microarray identified
molecular signatures associated with hsp90 inhibition.
These changes were seen with both 17AAG and radicicol
and thus were independent of chemotype (Fig. 5); however,
additional changes in gene expression specific to the partic-
ular chemotype could also be detected (Maoney A, Clarke
PA and Workman P, unpublished observations). Such in-
formation is extremely useful during preclinical drug devel-
opment, asit provides feedback to the medicinal chemists as
to which chemical features are likely to confer molecular
and, hence, therapeutic selectivity.

Although currently there is little information in the lit-
erature, another important application of this approach, par-
ticularly for pharmaceutical companies, is prediction of the
toxicity of drug candidates [73]. The utility of this approach
will require a comprehensive database of reference com-
pounds with known pharmacologica and toxicological
properties. Once thisis established, a new compound would
be compared to the database to predict compound-related or
mechanism-based toxicity.

The investigations outlined thus far in this section dem-
onstrate the potential of the gene expression profiling strat-
egy using microarrays to enhance drug discovery and de-
velopment, and the study of experimental therapeutics. This
approach can: (a) identify the molecular targets of drugs
with unknown mechanisms of action; (b) identify potential
pharmacodynamic or toxicological markers; (c) distinguish
between active and inactive analogues in structure—activity
relationship studies; and (d) provide clues about genes in-
volved in drug sensitivity and resistance. As with the ap-
plication of most new technologies, there are a number of
caveats that will need to be addressed. The minimum 2-fold
cut-off for gene expression changes widely quoted in the
literature is a restriction that may result in more subtle
changes below this threshold, athough perhaps equally im-
portant, being overlooked. This point may be especialy
relevant in view of frequent anecdotal reports which suggest
that test:reference ratios for expression levels derived from
arrays are generally lower than those obtained from more
conventional approaches, such as northern blotting or RT—
PCR. Another complication is the ability to distinguish
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Fig. 5. Validation at the protein level of hsp70 as a gene and pharmaco-
dynamic marker responsive to inhibition of hsp90 by the drug 17AAG.
A2780 ovarian adenocarcinoma cells were treated with equimolar doses of
17AAG and an inactive analogue of 17AAG, and also with an equitoxic
dose of radicicol, a structurally dissimilar hsp90 inhibitor. The western
blots show that the two active compounds depleted c-raf-1 and induced
hsp70, while the inactive 17AAG derivative did not deplete c-raf-1 and did
not induce hsp70 significantly. The dendrogram at the top of the figure is
derived from hierarchical clustering of microarray-derived gene expression
data from a parallel experiment. This demonstrates that the chemically
dissimilar but active hsp90 inhibitors (17AAG and radicdicol) have more
similar gene expression profiles than the structurally similar but inactive
17AAG anaogue.

between primary effects on the drug target and those that
arise as a downstream consequence of the biological effects
that follow inhibition of the target activity. For example, a
cyclin-dependent kinase inhibitor could directly influence
transcription factor activity and gene expression, while the
downstream biological effects of cyclin-dependent kinase
inhibition may include cell cycle arrest, an event that will
also change the expression of cell cycle-regulated genes, or
apoptosis, which will also lead to gene expression changes.
The establishment of comprehensive databases, including
biological outcomes, should eventualy alow us to distin-
guish between the gene expression changes that are either
immediately dependent upon, or alternatively downstream
of, target inhibition. Another issue in the use of microarrays
during drug development relates to the observation that
gene expression varies widely between cell types, and in
most cases these differences are dominant over changes
induced by drug treatment. Therefore, choice of cell typeis
an issue, and the use of a standard cell line panel may be
essential. In many experiments, it is clear that the expres-

sion of hundreds or thousands of genes may change, so
dissecting out the important changes may become increas-
ingly difficult. As mentioned earlier, experimental design
remains extremely important; attention must be paid to
including comprehensive negative controls and also to con-
ducting sufficient repeats. In drug treatment experiments,
appropriately detailed analysis of time and dose dependence
must be carried out. In our experience and that of others
[64], the inclusion of inactive drug analogues as negative
controls is increasingly important.

3.3. Cancer classification and molecular pharmacology

The current challenge of cancer treatment is to target
specific therapies to pathogenetically distinct tumor types
[47,73-75]. It has long been apparent that therapeutics
which work against one type of cancer are frequently inac-
tive in other types. For example, drugs that are active in
breast cancer may be inactive in lung or colon cancers.
Moreover, patients with cancers of an apparently similar
type, for example colon, vary widely in response to treat-
ment with the same drug. Individualisation of treatment
according to molecular pathology is likely to become even
more important with the introduction of new molecular
therapeutics that target specific genetic and biochemical
abnormalities responsible for malignant progression [7,8,
47,73-75]. Individualisation of cancer therapy is dependent,
in part, upon advances in the molecular classification of
tumors, and this is discussed below.

Improvements in cancer classification have aready
proved central to developments in cancer treatment and
include technological advances, such as enzyme-based his-
tochemical assays, immunophenotyping, and cytogenetics.
Although these approaches have resulted in improved sub-
division and classification of cancer, it is highly likely that
many cancer subclasses are yet to be defined by molecular
markers. Gene expression profiling of clinical tumor sam-
ples by microarrays has the potential to contribute in a
major way to improved approaches to classification. In
addition, with the shift of drug development away from
general cytotoxics towards agents that act on specific mo-
lecular targets, there is even more of a need for methodol-
ogies that provide a molecular profile of the tumor that has
prognostic significance, i.e. that predicts treatment outcome.
Furthermore, profiling gene expression changes in tumors
and surrogate tissues following drug treatment has great
potential in the molecular pharmacology of anticancer
agents. In addition to providing prognostic information,
such gene expression changes could identify, as mentioned
earlier, pharmacodynamic markers for usein confirming the
molecular mode of action of drugs during clinical trials.

One major chalenge for expression profiling of solid
tumors is the heterogeneity of biopsies, due to the presence
of normal cells of different types. Leukaemia and lym-
phoma bhiopsies are less affected by this problem. Also,
these cancers are extensively classified and are relatively
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easy to sample for tumor biopsy. Two key studies, discussed
in detail below, have taken advantage of this and have tested
a number of hypotheses concerning gene expression profil-
ing and the molecular classification of cancer.

Although the distinction between the acute leukaemias
(ALL and AML) is well established, there is no single test
to distinguish between ALL and AML. Classification till
requires interpretation of morphology, histochemistry, im-
munophenotyping, and cytogenetics. Distinguishing be-
tween these two leukaemias is critical as their treatment
regimens are different. Moreover, despite improved therapy
and better response rates, patients that relapse have a poor
outlook, and mortality from treatment is still afactor. Golub
et al. [76] set out to determine whether gene expression
profiling by microarray could be used to classify leukaemia
samples. The gene expression profile of 6817 genes was
measured in bone marrow samples from 27 ALL and 11
AML patients using a high-density oligonuclectide array.
The data were initially analysed by neighborhood analysis,
an approach that defines the idealised expression pattern
corresponding to a gene that is uniformly high in one con-
dition and low in another. The dataset was then tested to find
whether there was a high density of other genes nearby, as
compared to equivalent random patterns. For the samples
analysed, approximately 1100 genes were better correlated
with the AML-ALL class distinction than would be ex-
pected to happen by chance alone. The known samples were
then analysed to create a class predictor, capable of assign-
ing anew sample to one of the two classes. A procedure was
developed with a set number of informative genesthat could
potentialy distinguish between classes, so that the expres-
sion of these genes in a new sample of unknown pathology
could be used to predict its classification. In effect, each
informative gene casts a weighted vote in favor of one or
another classification, and the sum of these votes is used to
set athreshold. The informative genes included: cell surface
markers for which known antibodies are used; genes critical
for S-phase progression; chromatin remodeling genes; cell
adhesion genes, and some known oncogenes. Of the 38
samples examined, the 50 genesthat correlated most closely
with the AML-ALL distinction could successfully predict
the classification of 36/38 samples. In the next stage, 34
unknown samples from peripheral blood and bone marrow
were examined from several different reference laborato-
ries. The gene predictor successfully identified 29 of 34
samples with high prediction scores. Interestingly, one lab-
oratory used a different sample preparation protocol that
resulted in lower predictive strengths, implying that standardi-
sation of protocols will be essential for studies of this type.

Following this initial success, the approach was then
used to examine response and outcome following treatment
with an anthracycline plus cytosine arabinoside regimen.
Fifteen AML patients with long-term follow-up were exam-
ined. However, neighborhood analysis could not predict
response, and no strong multigene signatures that correlated
with outcome were identified. Explanations for the failureto

predict outcome could be that potentially informative tran-
sient changes in gene expression profile were missed, as
only pre-treatment samples and not post-treatment were
examined, or that the relapsing clone had grown out from a
single or a small group of cells, the expression profile of
which was masked by the bulk of the leukaemic cells.

Another, perhaps more important, question was also
asked: Could gene expression profiling alone be used to
classify and distinguish between ALL and AML without
prior knowledge of the pathology? Two steps were neces-
sary: the first was to determine algorithmsto cluster the data
by gene expression and the second was to determine
whether the classes identified by clustering are real rather
than a result of random aggregation or factors such as
differences in sample isolation, storage, or preparation.
Self-organising maps were used to establish the optimal set
of centres around which to cluster the data. The total dataset
was then clustered to the nearest centre. Employing a two-
centre model, 24/25 ALL and 10/13 AML cases were iden-
tified correctly. Using a 20-gene predictor based on these
data, 34/38 samples were assigned correctly, with one error
and three unassignable samples. With a four-centre model
the samples were subdivided into AML, T cell AML, and
two different B cell ALL classes; the significance of the two
B cell ALL classes was unknown, but these could represent
different transformation mechanisms.

Finally, this study also presented an interesting anecdotal
case of a patient with a leukaemic presentation that was
diagnosed as AML with atypical morphology. The gene
expression profile of amarrow sample from this patient was
analysed using the class predictor. This gave a low predic-
tion score for both AML and ALL, as neither lymphoid- nor
myeloid-specific genes were expressed. In fact, the gene
expression pattern detected was more typical of mesen-
chynal tissue, such as muscle. Cytogenetics subsequently
identified a t2:13(g35;q14) trandocation characteristic of
alveolar rhabdomyosarcoma, a muscle tumor.

In the second study, Alizadeh et al. [77] asked whether
expression profiling could be used to generate a molecular
portrait of distinct types of B cell malignancy and whether
distinct B cell malignancies not recognised by current clas-
sification systems could be identified. Despite the clinical,
morphological, and molecular parameters used to classify
lymphoma, patients with similar diagnoses can experience a
very different response to treatment. Lymphoma classifica-
tion has steadily evolved; however, it was significant that
recent schemes such as the Revised European-American
Lymphoma Classification scheme unified various morpho-
logical subtypesinto single groups despite the suspicion that
they ‘include more than one disease entity’ [77,78]. Each of
the currently recognised categories of B cell malignancy can
be traced to a particular stage of B cell differentiation,
although the extent to which this relationship is maintained
in the malignant cell is unclear. DLCL cells have hypermu-
tated immunoglobulin genes, implying that they arise from
germina centre B cells or a later stage of differentiation.
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These lymphomas account for approximately 40% of all
NHLs. They have a variable clinical course and, although
most respond to therapy, fewer than 50% achieve a durable
remission. A ‘lymphochip’ with 17,856 clones was derived
from norma lymphoid and lymphoma cDNA libraries, genes
regulated by mitogens or cytokines, and a curated set of genes
of predicted importance to lymphocyte or cancer biology.
Ninety-six normal and malignant biopsy samples were com-
pared to an RNA reference sample derived from apool of nine
lymphoma cdll lines. Initial hierarchical clustering separated
the malignancies by class, with a few exceptions. Several
significant observations were made: (a) comparison of unpu-
rified and purified follicular lymphoma cells from three pa
tients did not change the resulting clustering pattern, suggest-
ing that there was no benefit from purifying the lymphoma
cells, (b) two samples from a chronic lymphocytic lymphoma
patient taken 18 months apart gave similar results, suggest-
ing a degree of stability in the gene expression profile; and
(c) the latter two samples were more similar than samples
from other chronic lymphocytic lymphoma patients, dem-
onstrating that each patient can have a unique expression
profile, despite being in the same disease category.
Following hierarchical clustering, three branches of the
clustering dendrogram captured 43/46 of the DLCLs that
were defined by proliferation, lymph node, T cell cluster,
and germina centre B cell gene clusters. Reclustering the
data using the genes that defined the germinal centre B cell
signature gave two distinct branches of DLCL: one branch
had a germina centre pattern, and the other had a profile
similar to an activated B cell pattern. This pattern was not
obvioudly related to the histology of these tumors, as only
two of the tumors were classified by the Kiel formulato be
immunoblastic-like (activated B cell-like), and there was no
evidence for normal germina centres within the tumor bi-
opsies. There was considerable heterogeneity inthe DLCLS,
despite the same diagnosis, and no individual gene was
diagnostic of the germinal centre or activated B cell type;
rather, a shared profile was important. The overall rate of
response following treatment with an anthracycline-based
multi-agent chemotherapy regimen did not correlate with
any particular cluster. However, the group with the acti-
vated B cell signature had a significantly poorer overall
survival; 16/21 of these died, as compared with the germinal
centre type where 6/19 died. Importantly, the classification
was independent of the international prognostic indicators
for this type of lymphoma. Generally, DLCLSs are treated
with multi-agent chemotherapy as first line treatment, fol-
lowed by bone marrow transplantation if a complete remis-
sion is not maintained. The observations of Alizadeh et al.
[77] suggested the possibility that DLCLs might actually
consist of two separate entities and that patients who have a
profile indicating a poor prognosis might conceivably ben-
efit from moving directly to high dose therapy with bone
marrow transplantation, rather than undergoing the poten-
tialy debilitating first-line regimen. However, this will re-
quire confirmation by large-scale prospective studies.

The two studies discussed above are important in that
they demonstrate that haematological malignancies, which
can be readily subclassified by cell type and differentiation
stage, can be further subdivided using the molecular approach
of gene expression profiling. However, it is noteworthy that
response to chemotherapy could not be predicted in either
study. In the lymphoma study, it was also clear that there was
aresidua heterogeneity in the two DLCL subgroups that were
identified. Despite an overdl favorable prognosis, five of the
patients with the germina centre type DLCL died within 2
years of diagnosis, while three of the patients in the unfavor-
able group survived for 5 years after treatment. The numbers
are small, but this could possibly imply a hidden signature
in these subgroups that might be revealed by analysis of
larger numbers of tumors. Alternatively, the limitation of
gene expression profiling may have been reached.

Compared to leukaemias and lymphomas, gene expres-
sion profiling of solid tumorsis even more of achallenge, as
the normal tissue content will influence the expression pat-
tern. Solid cancers are relatively less well classified, other
than by the obvious distinction of tissue of origin. In addi-
tion, biopsy material is harder to obtain and is generaly
only available following surgica resection, or when the
tumor is at an accessible site, e.g. skin nodules. In addition,
the availability of repeat biopsies is very limited, making
drug treatment studies relatively difficult.

Two breast cancer biopsies were analysed in the study of
Ross et al. [34], and their expression profile was compared
to the cancer cell lines. A gene cluster defining epithelial
cellswas apparent from the tumors and epithelial cancer cell
lines. Several other clusters were also identified. One was a
cluster of stromal genes, whose expression was shared with
stromal-like cell lines—thiswas probably dueto the stromal
component of the tumor. Another cluster shared genes with
a multiple myeloma and was due to the presence of B cells
infiltrating the tumor [34].

Perou et al. [33] examined tumors from 42 individuals
with breast cancer. A tumor sample was taken by open
surgical biopsy, the patients were treated with doxorubicin
for an average of 16 weeks, and the remaining tumor was
subsequently resected. In addition, primary tumor and
lymph node metastases from two patients were directly
compared. The expression profile was assessed with an
8102 gene array and compared to a reference RNA sample
from a pool of eleven different cell lines. The analysis also
included seventeen different cell culture lines to aid identi-
fication of different cell types within the tumor. The data
were filtered down to 1753 genes whose expression varied
4-fold from the median in at least three samples. A great
variation in expression was detected; however, following
hierarchical clustering 15/20 of the pre- and post-treatment
samples clustered together and, likewise, the primary and
lymph node tumors aso clustered together. This implied
that the expression of the majority of tumor genes remains
unchanged following either chemotherapeutic treatment or
metastatic spread. In three instances, the post-treatment
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samples clustered with normal breast tissue, an observation
consistent with the fact that these tumors had responded to
treatment and there was no tumor in the sample.

The largest gene cluster was a proliferation cluster that
correlated with common immunohistochemical markers of
proliferation and increased mitotic index. Other clusters
included a large group of interferon-regulated genes, a
c-erb-B2-related cluster of genes located to the region of
chromosome 17 which is frequently amplified, and a cluster
containing genes, including c-fos and junB, that were in-
duced by prolonged handling of the sample. In addition,
there were clusters of genes consistent with different cell
types that may also be present in the tumor: these included
endothelial cells, stromal cells, adipose-enriched/normal
breast cells, B cells, T cells, and macrophages. The analysis
also identified four tumor subgroups with expression pro-
files characteristic of estrogen receptor positive/luminal ep-
ithelial cells, basal-like epithelial cells, erb-B2 positive
cells, and normal breast epithelial cells. These again implied
the presence of diseases within disease.

An additional breast cancer study has compared sporadic
breast tumors to hereditary BRCA-1- and BRCA-2-related
tumors [79]. Multidimensional scaling successfully sepa-
rated the three types of tumor; of 3226 genes that were
analysed, 51 were found to best differentiate between these
different tumor types. Examination of the data suggested
that BRCA-1-related tumors differed significantly from
BRCA-2-related and sporadic tumors, exhibiting transcrip-
tional activation of pathways involved in apoptosis and
DNA repair. The BRCA-2-related and sporadic tumors ex-
hibited similar profiles. Interestingly, one patient appeared
to have been misclassified into the BRCA-1 group, but had
no discernible mutation. Subsequent analysis of the pro-
moter region revealed aberrant methylation of the BRCA-1
promoter regions. Hypermethylation of the BRCA-1 pro-
moter is known to silence BRCA-1 expression, and the
observation was corroborated when BRCA-1 expression was
found to be low in this patient. These observations demon-
strated that expression profiling could be used to character-
ise BRCA-1 and BRCA-2 driven tumors and aso demon-
strated that they are molecularly distinct.

A similar approach has been used in ovarian cancer,
comparing normal and malignant ovarian tissue samples.
Welsh et al. [80] used high-density oligonucleotide arrays
to profile and classify 27 serous ovarian adenocarcinomas.
The tumors could be split into several groups. One group
clustered with normal ovarian tissue, overexpressed high
levels of the ribosomal genes, and contained tumors that
were generally well-differentiated histologically. Another
group clustered with the ovarian cell lines, were poorly
differentiated, and underexpressed genes involved in metab-
olism. A third group exhibited expression patterns consistent
with the presence of stromaand activated B cdlls. Exclusion of
thelast group of biopsiesresulted in alist of genes enriched for
potential markers of epithelia ovarian malignancy. A separate
study compared the gene expression profiles of serous and

mucinous ovarian cancer biopsies [81]. Increased expres-
sion of a number of genes common to both types of tumor
was detected; in addition, expression patterns specific to
serous and mucinous tumors were aso detected. Both of
these ovarian studies identified potential tumor-specific
markers that will require extensive further validation.

To try and avoid the problem of contamination by nor-
mal cell types and yet till obtain sufficient material for
analysis, Bittner et al. [82] profiled expression in melanoma
tumor biopsies that were passaged in culture for 2-52 weeks
(median 8 weeks passage) prior to analysis. Five samples
were analysed straight from biopsy, and one sample was
analysed directly from biopsy with a portion also cultured
for 3 passages prior to profiling. Expression was compared
to a standard cell line reference using an array of 8150
elements, corresponding to 6971 unique genes. The data
were analysed by hierarchical clustering using a matrix of
Pearson correlation coefficients, and results were plotted
using multidimensional scaling. A cluster containing 19 of
the melanoma samples was identified, although no clinical
or tumor cell characteristics were specifically associated
with this cluster. Different samples taken from the same
patient were the most closely related, even, in one case,
when sampled a year apart. The patient population had
uniformly poor prognosis, and outcome data were available
for some patients in this study; ten were in the identified
melanoma cluster and of these four died, whereas &l four
patients that were outside this cluster died. However, this
difference was not significant. The extent to which melano-
mas can be subclassified using gene expression microarrays
remains to be elucidated, but the fact that this study could
group the tumors by molecular markers suggests that such
an approach does have promise.

A number of studies have addressed the problem of
heterogeneity in solid tumors using the aternative approach
of laser capture microdissection. Sgroi et al. [35] isolated
approximately 100,000 normal, invasive, and metastetic cells
using laser capture microdissection of a single breast tumor.
Rather than using amplification protocols that may be prone to
representative biases, totd RNA was extracted and radiola
beled by reverse transcription primed using oligo (dT) and then
further radiolabdling by second strand cDNA synthesis. This
approach detected a number of tumor-specific genes, and the
expression of severa of these was subsegquently confirmed
by RT-PCR. While this study was restricted to a single
tumor sample, it demonstrates that microdissection approaches
can be feasible and potentially useful. Another study of several
squamous cell carcinomas of the head and neck used a similar
approach to identify genes showing altered expression that
are involved in cell cycle regulation, signal transduction,
angiogenesis, and cell death regulation [36].

It is clear from these studies in various tumor types that
gene expression profiling of clinical biopsy samples by
microarrays can be used to classify tumors and to indicate
the presence of previously unidentified molecular subtypes.
This approach may also provide information on the under-
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lying biology and also lead to the identification of potential
novel drug targets, for example, a significantly overex-
pressed gene. The problem of sample heterogeneity in solid
tumors may be circumvented by comparing expression pro-
files to a panel of cell lines representative of the different
cell types expected to be present in the tumor, or alterna
tively by microdissection of the sample to isolate tumor and
normal tissue components. In the case of the lymphoma
study, the eventual outcome (survival) could be predicted
by expression profiling; however, it is clear that in at least
three of these studies, the gene expression profile prior to
treatment could not predict response to treatment. As dis-
cussed earlier, correlation of pre-treatment basal gene ex-
pression profile with the outcome of drug treatments may
have limited use, as potentially important but transient re-
sponses to treatment will be missed. For example, we have
seen transient responses in vitro, at both the protein and
MRNA level, to hsp90 inhibition by 17AAG, with reversion
to basal levels following drug remova [66]. As yet there
have been no rigorous investigations that profile gene ex-
pression in serial samples, before, during, and after treat-
ment, either in in vivo xenograft tumor models or in clinical
studies. There are two reasons why these types of expres-
sion profiling studies would be important: (@) prediction of
outcome with established agents, and (b) demonstration or
confirmation of molecular mechanisms of action during the
clinical development of new agents. For conventional cyto-
toxics that are given periodically at acute doses with a
period of recovery, serial biopsying of patientsis likely to
be difficult if not impossible, and indeed may not be par-
ticularly informative. However, for the clinical development
of new molecular therapeutic agents, such as the signal
transduction inhibitors that may be given chronically over
extended periods, it may be more feasible to obtain seria
biopsies that could give clues both to expected mechanism
of action and to prediction of response. As an alternative to
serial biopsying, an approach could be used similar to that
employed by Ellis et al. [83] who measured an apoptotic
response following a single pre-operative dose of chemo-
therapy. In this scenario, expression profiling of biopsies
before and after a single dose of chemotherapy could be
used predictively. Bittner et al. [82] noted that the expression
profiles of tumor tissue and of cdls cultured from the tumor
were similar. This suggeststhe possibility of using ex vivo drug
treatments as a predictor. Another possibility would be to use
circulating tumor cells for microarray analysis, athough an
amplification step would be required. Most studies have
focused on tumor tissue; however, the profiling of a surro-
gate tissue such as periphera blood lymphocytes or buccal
mucosa has yet to be explored in clinical studies.

4, Conclusions and future directions

4.1. Technological advances in the hardware

The microarray field is evolving rapidly, and new tech-
nologies, methods, and applications are emerging very

quickly. Advances in a number of areas might be expected.
It has been noted recently that only 62% of the 1000 se-
guence-verified mouse cDNAS obtained commercially were
uncontaminated and actually contained inserts with signif-
icant similarity to the published data for the relevant clone
[28,84]. In view of the doubt over the identity of the clones
arrayed, and given the time and expense associated with the
multiple steps required to isolate clones, to perform PCR,
and to purify the products, it could be concluded that oli-
gonuclectide arrays may have a brighter future.

Oligonucleotide-based microarrays offer additional ad-
vantages of specificity, the ability to incorporate multiple
oligonucleotides encompassing a single ORF, and aso the
ability to include mismatch control oligonucleotides. How-
ever, considerable effort will be required to identify the
optimal oligonucleotide for each ORF within the human
genome. A recent study has described the use of ink-jet
printing technology coupled with improved oligonucleotide
chemistry that allows in situ synthesis of 60mer oligonucle-
otides at a sufficiently high density of gridding to permit a
representation of all human genes on a pair of dlides [85].

At the moment, the list of human genes is still incom-
plete, and a substantial amount of the annotation continues
to rely on hypothetical prediction using known features of
gene structure or similarity with other organisms. Gene
expression profiling could aid the process of gene identifi-
cation and annotation. An example is the study of Penn et
al. [86] who used three gene-predicting algorithms to iden-
tify ORFs. Primers were designed to amplify ORFs of
interest, and from 350 megabases of genomic DNA, 9498
amplicons were identified and spotted onto glass dlides.
Thirty-one percent were novel and 29% exhibited some
similarity to other database sequences; of these, approxi-
mately 50% were expressed. The use of oligonuclectide
arrays coupled with data from the human genome sequence
offers the prospect of arrays either encompassing every
gene encoded by the human genome or aternatively the
development of exon-specific arrays. Shoemaker et al. [87]
applied this approach using an exon array to scan the human
genome; 50 arrays were employed, containing a total of
1,090,408 oligonucleotides and corresponding to 442,785
predicted exons, of which one-fifth had been defined previ-
ously by the Ensemble package. In a single profiling exper-
iment, 58% of the Ensemble defined exons and 34% of the
remaining exons were positive. The application of ink-jet
printing technology, as described earlier, could substantially
accelerate the process of identifying exons in the human
genome and will have an important role in annotating gene
structure. The ultimate objective of developing a gene chip
containing al human genes should be achieved in the next
4-5 years.

The microarray process can aso be improved in other
ways. For example, a recent study has described the use of
a single large glass dide or wafer onto which 49 identical
arrays had been gridded [80]. The samples were hybridised,
washed, and scanned using a custom-built apparatus that
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allowed simultaneous processing of all 49 samples in under
1 week; this also had the advantage that all hybridisations
were subject to identical conditions. Currently, the detection
limit of arrays using an amplification step is of the order of
five mMRNA copies/cell. The development of better labeling
and detection systems will also be required to improve
sensitivity; in addition this will also reduce the amount of
input RNA required for array experiments and would ide-
aly obviate the need for an amplification step prior to
labeling. Examples of new technologies in this area include
the development of infrared excitable phosphor particles
that exhibit a phenomenon known as up-conversion when
illuminated, a process that has been reported to increase
sensitivity over conventionally used fluors [88]. Alternative
approaches include electronic DNA detection using capture
probes attached via conducting ‘ molecular wire'. Hybridi-
sation of cDNA labeled with ferrocene, which can transfer
electrons, is detected by applying a voltage to this system
[89]. Microtransponders consisting of a 0.0125 nm? silicon
photocell/radio transmitter attached to a nucleic acid probe
are also being developed; following hybridisation the pho-
tocell is activated by laser excitation of a fluorescently
labeled cDNA and the resulting radio signal detected [89].
These approaches could be coupled with miniaturisation
and microfluidics (which reduce sample and reagent con-
sumption) and also the use of flow cells. Such integration of
the many different features of array technology could pro-
vide asingle, simple-to-use piece of equipment [reviewed in
Ref. 89].

4.2. Developments in software and bioinformatics

Until recently, efforts have concentrated on developing
array hardware. More recently, attention has begun to focus
on what to do with the data and how to analyse and present
it. Although considerable progress has been made, further
major advances in data analysis and visualisation are still
required. An example is the use of systems such as neural
networks, which can be trained with established data and
then applied to examine unknown systems. There are cur-
rently a limited number of publicly available tools for data
storage, processing, retrieval, and integration of microarray
data in the context of existing knowledge. Efforts are now
underway to establish public databases of gene expression
profile results (e.g. see the gene expression omnibus at
http://www.ncbi.nlm.nih.gov/geo/or ArrayExpress at http://
www.ebi.ac.uk/arrayexpress/). Although there have been at-
tempts to standardise data and experimental format (see
http://www.mged.org/), thereis still no consensus on how to
merge data from different array types (such as oligonucle-
otide versus cDNA, glass versus nylon, radioactive versus
fluorescently labeled) or how to include data from alterna-
tive gene expression profiling approaches, such as differen-
tia display and seria analysis of gene expression. Other
factorsthat also have to be considered and improved include
the choice of reference RNAs and the standardisation of

experimental design. In addition, not only will the sheer
abundance of data generated by expression profiling require
better methods for data handling, but this will also require
us to rethink how we interpret the data and generate hy-
potheses. Interpreting the biological significance of a gene
cluster still presents a formidable challenge; however, a
recent study has demonstrated methodologies for associat-
ing microarray data with the literature so that expression
patterns can be more rapidly understood [90].

Early gene expression profiling studies have come from
an observational or at least a less hypothesis-driven ap-
proach. The inferences that are drawn from expression pro-
filing data are not the endpoint, as they require validation
and further evaluation using biochemical approaches. Al-
though it is conceivable that gene expression microarrays
could be developed in such a way as to become routine
analytical methods in their own right, at present they are
mainly used as a screening tool with which to generate
hypotheses. The need for validation of a high volume of
findings will no doubt refocus efforts on the development or
improvement of higher throughput cell-based assays that
can assess multiple biochemical parameters. An interesting
recent example was reported by Ideker et al. [91] who
combined microarrays with quantitative proteomics and da-
tabases of known physical interactions to build a biochem-
ica pathway, test the hypothesis, and refine the model
generated.

4.3. Practical impact

It is clear that gene expression microarrays are already
having a major impact on cancer biology, pharmacology,
and drug development. As reviewed here, there are many
examples of this in the literature, and there will be an
extensive body of unpublished information in the pharma-
ceutical and biotechnology industries that is not available
for proprietary reasons. The major limiting factor in the
further application of microarrays is probably cost and ac-
cess to the technology. Costs are likely to decrease and
access will grow as a result of the expanding provision of
core facilities and the increasing friendliness of the technol-
ogy. Microarrays will continue to make a major contribu-
tion to the progressively complete molecular description
and understanding of the biology of normal and cancer cells.
Our comprehension of the changes in gene structure and
expression levels during cancer progression will become
increasingly thorough over the next few years, so that un-
derstanding the proteome, rather than the transcriptome,
will become critical. An intermediate approach could be to
anayse mRNAs being actively trandated by isolating
MRNA associated with the ribosomal apparatus [reviewed
in Ref. 92].

Gene expression arrays have a key role to play in all
phases of drug discovery and development (Fig. 1). This
includes the identification and validation of new targets, the
profiling of on-target and off-target effects during the op-
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timisation of new therapeutic agents, understanding molec-
ular mechanisms of action and structure—activity relation-
ships and the prediction of side-effects, and the discovery of
diagnostic, prognostic, and pharmacodynamic biomarkers.
Microarrays will be used increasingly during early clinical
development to confirm that the desired mode of action is
occurring and to profile the molecular factors responsible
for drug sensitivity and toxicity. In addition, microarrays
will have an important role to play in the molecular eluci-
dation of drug resistance [93,94]. As the role of pharma-
cogenomics becomes more extensive, it is not yet clear to
what extent microarrays will be employed in the clinic, for
example, in the diagnosis, selection, and monitoring of
patients during cancer therapy. Will microarrays be used
routinely or will they predominantly be employed to supply
diagnostic, prognostic, and biomarker endpoints for more
conventional analyses such as immunohistochemistry and
ELISA assays? Most likely some combination of these will
be used.

Over the next 5-10 years we will have an increasing
number of new molecular therapeutics targeted to the major
abnormalities that are responsible for cancer progression.
Current examples include Herceptin, Glivec (STI571), and
Iressa (ZD1839) [7,8,47,73-75]. These new agents are
likely to find optimal activity in particular subgroups of
patients. Identifying these subgroups will be a challenge,
and microarrays will play an important role in this process.
There is even the potential to move towards the vision of
individualised, genome-based, combinatorial cancer ther-
apy, targeted to the genetics of particular patients [47,73—
75]. Microarray analysis will play a leading role alongside
other new technologies in testing the ability to achieve this
vision.
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