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Abstract

Transcript profiling, using microarray or other analogous technologies, to query on a large-scale the expression of genes in

tumours or their derivative cell lines has numerous potential uses in oncology drug discovery and development. Characterisation

of genes expressed in tumours may allow tumours to be separated into subsets defining subtypes that have a distinctive pathway

utilisation. The molecular entities comprising the pathways which distinguish one disease subset from another then become potential

candidate drug targets. Alternatively, gene expression patterns may be correlated with the degree of antiproliferative effect of can-

didate drug leads. This can reveal aspects of the drug�s action that could serve to provide a further basis for benchmarking the gen-

eration of analogues or provide important information about pathways potentially modulated by the drug in achieving cytotoxicity.

New information is emerging that the expression of drug transport-related molecules is a major variable that can be usefully

explored using gene expression data, and the features promoting successful drug handling by the tumour cell may be an additional

variable which can be illuminated by gene expression studies.

Published by Elsevier Ltd.
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The advent of large-scale profiling of gene expression

using gene chip technology has offered numerous oppor-
tunities for drug discovery and development, from

which only limited achievements have been realised to

date. For example, characterisation of gene expression

in distinct subsets of the same disease allows the defini-

tion of distinct molecular phenotypes. This is exempli-

fied by the studies of Staudt and colleagues [1] in

diffuse large B cell lymphomas, which documented a ger-

minal centre type of gene expression, with a relatively
favourable prognosis following therapy with standard

chemotherapeutic agents. In addition, gene expression

profiling documented the existence of an activated B cell
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type of lymphoma with evidence of expression of genes

responsive to nuclear factor jB (NFjB) signalling that
had a very poor prognosis [2]. The activation of this

pathway therefore becomes a target of interest in devel-

oping therapies directed at this subtype of diffuse large B

cell lymphoma. Subsequent examples of this type of ap-

proach have been exemplified by the studies of Sorlie

and colleagues [3] in breast cancer documenting a basal

epithelial-like group, an erbB2-overexpressing group,

and a ‘‘normal’’ breast-like group, and of Beer and col-
leagues [4] in lung cancer. The targets identified by these

analyses become the basis for drug discovery strategies.

A complementary strategy is to consider how subsets

of a given disease that do or do not respond to ‘‘stand-

ard’’ therapies differ in their gene expression profile. For

example, Shipp and colleagues [5] retrospectively cata-

logued gene expression profiles in diffuse aggressive
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lymphoma patient specimens from individuals who did

or did not respond favourably to standard therapy. A

limited set of genes emerged in the unfavourable set,

and these might legitimately be considered targets for

the evolution of therapies useful in the unfavourable

subset of patients. Analogous thinking has been applied
to breast cancer by van de Vijver and colleagues [6],

again with the evolution of a limited set of genes whose

expression portends a poor response to therapy.

To consider how studies of this type suggest concrete

discovery strategies, we will consider in somewhat greater

detail the studies of Beer and colleagues [4], who ana-

lysed gene expression in samples from patients with lung

cancer and were able to identify genes that classified the
tumours by stage, as well as identifying genes associated

with a poor prognosis. One of the genes identified in the

Beer and colleagues [4] study is LAMB1, encoding lam-

inin, b1, an extracellular matrix protein involved in

adhesion, migration and metastasis. A possible use of

the National Cancer Institute (NCI) screening data is

to leverage these types of studies into discovery of drugs

that might potentially be useful in treatment of the poor
prognosis group. We asked whether we could identify

Food and Drug Administration (FDA)-approved anti-

cancer compounds that had been tested in the NCI

screen whose pattern of sensitivity was correlated with

expression of LAMB1 (GC32475), as measured in the

Novartis Affymetrix U95A dataset described later in this

article. Utilising the entire panel of 59 cell lines, a signif-

icant correlation (Pearson correlation coefficient (PCC)
0.57, P-value 0.0000024) was found with sensitivity to

bleomycin (NSC 125066). Looking at just the subset

of nine lung cancer lines within the screening panel, a

positive correlationwas still observed, although no longer

significant with this small number of cell lines (PCC

0.481, P-value 0.19). Numerous groups have used bleo-

mycin sensitivity of peripheral blood lymphocytes as a

surrogate for identifying individuals with increased sen-
sitivity to environmental mutagens. Those with in-

creased sensitivity to bleomycin have an increased risk

of developing lung cancer. The correlation we observed

may arise if this group of individuals has an enhanced

mutagenic response to DNA damage. This information

therefore raises the question of whether LAMB1 pro-

duction in some way reflects a pro-mutagenic pathway

that could be the basis for intervention as a prevention
target for lung cancer.

From the standpoint of drug discovery, compounds

may be picked a priori which alter gene expression in

ways that suggest the ability to regulate novel pathways.

This type of application was applied very early in the

utilisation of the technology to analyses of compounds

that altered the expression of the yeast transcriptome

[7,8], with the idea of both screening for desired com-
pound effects, as well as in detecting early in a com-

pound�s development cycle, the possibility of ‘‘off
target’’ effects. Marton and colleagues [8] compared

the patterns obtained following compound treatment

with those obtained from yeast strains deleted for single

genes, with the thesis that compounds inhibiting the

activity of a gene product would have a similar pattern

of gene expression to cells genetically lacking this gene.
Analysis of changes in signature disease-specific genes

has been the �cornerstone� of the approach developed by

various commercial parties after exposure of cultured

mammalian cells to novel compounds. While these ap-

proaches are certainly of interest in delineating novel ap-

proaches to pathway modulation, as yet, it has had

limited impact in selecting new leads relevant to onco-

logy drug development.
An alternative approach is to correlate sensitivity to

drug effect, usually through some measure of anti-prolif-

erative action, with gene expression profiles prior to

drug exposure, with the hypothesis that the pattern of

gene expression would correlate with those genes that

critically enable or protect against the activity of the

drug. Since 1990, the United States (US) has maintained

an in vitro anti-cancer drug screen, whose operation has
been described previously [9,10] and which features the

profiling of compound action in approximately 60 differ-

ent cell lines selected to represent common adult solid

tumour types plus a more limited repertoire of haemato-

logical neoplasms. Computational techniques have been

devised which allow the pattern of cellular response to a

new agent to be compared with the patterns of previ-

ously screened compounds. The initial approach, called
the COMPARE algorithm [11], calculates the similarity

of patterns of drug susceptibility utilising the Pearson

correlation coefficient (PCC). The complementary Mean

Graph facilitates visual inspection of the patterns by

plotting the deflection of a particular cell line from the

average growth inhibition susceptibility of all cell lines.

Very early in the operation of NCI in vitro drug screen,

it became apparent that the COMPARE algorithm
could define compounds with similar mechanisms of ac-

tion, as they could be identified by high PCCs due to

similar patterns of cellular response. For example, the

NCI in vitro drug screen easily defines agents with

anti-microtubule or DNA damage-directed mechanisms

of action secondary to topoisomerase or anti-metabolite

activity. Subsequent algorithms have been applied to the

drug screen data, including neural net and self-organis-
ing map informatics approaches to provide alternative

filters that recognise distinct relationships between pat-

terns of compound action [12,13].

NCI�s major use of this computational database is to

recognise compounds with novel mechanisms of action

in comparison to previously studied classes, and to dis-

cern relationships with molecular target expression that

might suggest the mechanism of action of novel com-
pounds. COMPARE results can suggest potentially

fruitful avenues of research upon which to focus. For
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example, several novel structural classes giving strong

correlations with activity of tubulin agents were subse-

quently confirmed to have this mechanism of action

[14,15]. The activity of a novel group of proteasome

inhibitors tested in the NCI tumour cell line screen

was found not to correlate with known classes of com-
pounds, supporting the view that they were a mechanis-

tically novel class [16]. These related compounds

correlated well with one another, with their relative po-

tency in the cell line screen mirroring their potency in

inhibition of proteasome activity in a biochemical assay

[17]. Screening data for publicly disclosed compounds is

available through www.dtp.nci.nih.gov, which also con-

tains information as to how academic and commercial
organisations, both in the US and internationally, can

enter into confidentiality agreements to permit the eval-

uation of non-publicly disclosed compound�s at no cost

to the originating parties.

An extension of the reasoning that led to the COM-

PARE computational algorithm, which allows recogni-

tion of a compound�s mechanism of action by

similarity of its pattern of cytotoxicity to compounds
with known mechanisms, led to the possibility that the

pattern of cellular susceptibility to a compound might

be correlated not only with the pattern of action of other

compounds, but with the patterns of molecular target

expression. Lee and colleagues [18] were the first to take

this approach, using rhodamine efflux taken as a meas-

ure of mdr activity to define novel chemotypes acting

as modulators of mdr drug efflux pump function. This
observation led to the idea that the pattern of molecular

target expression could define agents that correlated di-

rectly with the target�s expression (by convention greater

drug sensitivity correlating with greater target expres-

sion) or inversely with target expression (drug resistance

correlating with greater degrees of target expression).

This result led to the effort to characterise the expres-

sion of molecular targets in the cell lines comprising the
NCI in vitro drug screen. Efforts to measure the enzy-

matic activity of drug metabolising enzymes, the pres-

ence of p53 and ras mutations, and how these might

be used in drug discovery campaigns have been de-

scribed (summarised in [9]). Information pertaining to

the expression of molecular targets in the NCI 60 cell

in vitro anti-cancer drug screen is also available through

www.dtp.nci.nih.gov/mtargets/mt_index.html.
Among the approaches used to analyse target expres-

sion was the use of microarray profiling to define the

patterns of gene expression in the different cell lines.

The initial microarray effort used nearly 10 000 par-

tial-to full-length cDNA probes printed on glass slides

[19,20]. These studies utilised cDNA clones generated

by the IMAGE consortium, and analysed expression

in each cell line relative to that in a reference sample
of RNA. This reference was generated by pooling

RNA from 12 of the cell lines, to ensure the best chance
that this pool would contain most RNAs. There are a

couple of caveats in utilisation of this data. First, the

cDNAs printed on the arrays were generated by polym-

erase chain reaction (PCR) from the 96-well plates sup-

plied by the IMAGE consortium. Subsequently, it was

found that a significant number of the wells contained
multiple clones, confounding the identification of these

genes [19]. A second caution is that the data is not abso-

lute gene expression, but expression relative to a refer-

ence sample, so large ratios can arise even for poorly

expressed genes. Even in this early analysis, the potential

of this approach for drug discovery was demonstrated

by the observation that 5-fluorouracil action was inver-

sely correlated with the level of dihydropyrimidine dehy-
drogenase, and the enzymes of asparagine biosynthesis

likewise identified cell lines with susceptibility to

LL-asparaginase, as shown in Fig. 1.

Subsequent microarray characterisations of the cell

lines in the NCI in vitro drug screen utilised distinct

methodologies to array the probe sets and to interpret

the information. Millenium Pharmaceuticals employed

an early version of the Affymetrix oligonucleotide chips
(HUM6000) and software to analyse the expression of

roughly 7000 genes. More recently, Novartis analysed

expression of approximately 12000 features in the NCI

cell line panel, using Affymetrix U95A chips. This latter

analysis was performed in triplicate, generating an extre-

mely robust dataset of gene expression. The oligonucle-

otide arrays have the advantage that absolute levels of

gene expression are measured. For the U95A chips,
many genes are represented by several features, increas-

ing one�s confidence in correlations involving these

genes.

Examples of how this data has contributed to the

evaluation of novel compounds in the screen include

the observation that diethyldithiocarbamate, a proto-

typic inhibitor of NFjB [21], actually correlates directly

with the expression of the type-2 interleukin (IL)-1
receptor and a sphingomyelinase. It is clear now that

activation of the IL-1 receptor actually leads to signal-

ling through phospholipase C to modulate sphingomyel-

inase, as well as the degradation of the IjB protein to

activate NFjB signalling. Thus, if one had no idea of

how diethyldithiocarbamate functioned, consideration

of the expression array data would have pointed to

members of the IL-1 signalling pathway, including
NFjB.

Additional examples where considering the pattern of

expressed genes correlated with the activity of novel

compounds include the identification by Wosikowski

and colleagues [22] of novel compounds affecting erbB2

signalling, including novel chemotypes directly inhibit-

ing erbB2 kinase activity. Dick and colleagues [23] meas-

ured activity of NADPH alkenal/one oxidoreductase in
the NCI drug screen panel and demonstrated that this

correlated with sensitivity to irofulven. Algeciras-Schim-
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Fig. 1. Clustered image map relating activity patterns of 118 tested compounds to the expression patterns of 1,376 genes in the 60 cell lines. Included,

in addition to the gene expression levels, are data for 40 molecular targets assessed one at a time in the cells. A red point (high positive Pearson

correlation coefficient (PCC)) indicates that the agent tends to be more active (in the two-day SRB assay) against cell lines that express more of the

gene; a blue point (high negative correlation) indicates the opposite tendency. Genes were cluster-ordered on the basis of their correlations with drugs

(mean-subtracted, average-linkage clustered with correlation metric); drugs were clustered on the basis of their correlations with genes (mean-

subtracted, average-linkage clustered with correlation metric). Inset (a) shows a magnified view of the region around the point (white circle)

representing the correlation between DPYD and 5-fluorouracil (5-FU). Inset (b) is an analogous magnified view for ASNS and the drug

LL-asparaginase. Originally published in Scherf U, Ross DT, WalthamM et al. A gene expression database for the molecular pharmacology of cancer.

Nat Genet 2000, 24, 236-44. Used with kind permission of the Nature Publishing Group (www.nature.com/ng/).
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nich and colleagues [24] examined the sensitivity of the

cell line panel to killing by a soluble form of CD95 lig-

and, which separates the panel into two classes. These

classes were found to largely correspond to the broad

clusters of gene expression distinguishing mesenchymal
from epithelial cells identified in the cDNA microarrays

described by Ross and colleagues [19].

One of the major determinants of drug sensitivity is

the ability of a compound to enter the cell, or to be

pumped out of the cell. Huang and colleagues [25] uti-

lised a transporter-specific microarray to analyse the

expression of approximately 700 transporter and chan-

nel genes in the NCI drug screen cell lines. They
found that cells with higher expression of the equili-

brative nucleoside transporter (ENT, SLC29A1) were

more sensitive to several nucleoside analogues. The

role of this gene in the transport of these compounds

was confirmed by showing decreased sensitivity to
these nucleosides following treatment with an inhibitor

of the transporter. We analysed the Novartis Affymetrix

U95A expression data described earlier for correlations

with sensitivity of the cell lines to FDA-approved anti-

cancer compounds. Sensitivity of the cell lines to all-trans
retinoic acid (ATRA) was higher in cells with higher

expression of ABCA4 (with a PCC of 0.69, P-value

1.1 · 10�9), a retinal-specific ATP-binding cassette trans-

porter known to be involved in retinoid transport in the

retina [26].

Ideally, drug screening algorithms of the future will

use a ‘‘blend’’ of bioinformatic approaches. Where the

atomic structure of the intended target is available
through physical methodologies such as X-ray crystal-

lography or nuclear magnetic resonance (NMR) spectr-

oscopy, candidate chemotypes might be suggested by the

energetics of various potential docking sites. Screens of

‘‘focused’’ libraries of compounds constructed after

http://www.nature.com/ng/
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consideration of this information would reveal candi-

date ‘‘hits’’ with evidence of binding to or effect on tar-

get function. At the same time, consideration of the gene

expression profile of cell types preferentially responsive

to the anti-proliferative potential of the compound

would provide information about sets of pathways
whose presence denotes sensitivity to the drug candidate

at an early stage of its evaluation. These data could then

provide important clues as to pathways engaged by the

molecule, and mechanisms for its transport and meta-

bolic handling, as well as assurance that additional

mechanisms are not relevant to the compound�s action.
Subsequent iterations of the compound structure

through early elaboration of the hit molecule toward
the generation of a bona fide lead would alternate be-

tween the structural and functional screens.

Where the antiproliferative activity of a potential anti-

cancer lead is recognised, e.g., from a complex natural

product-derived mixture, consideration of effects on gene

expression after compound exposure, or on the pattern

of expressed genes correlating with compound activity

may likewise provide important clues to the mechanism
of the compound�s action. This could be done in conjunc-

tion with efforts to define high affinity binding partners in

the intracellular environment by affinity chromatogra-

phy and proteomic approaches. In this manner, timely

integration of gene expression or transcriptional profil-

ing into a drug discovery and development programme

contributes greatly to the ‘‘smartness’’ and efficiency of

the process, and can provide fascinating insights into
compound action that greatly increase the informational

package available to decision-makers at key decision

points in the compound�s life cycle.
In summary, transcriptional profiling of gene expres-

sion in tumour cells has provided a wealth of informa-

tion. Although some may take the point of view that

there is actually too much information with no ‘‘vali-

dated’’ algorithm to sift through the meaning of the
data, we are just at the beginning of refining how the

information is to be used. It might be reasonably ar-

gued that we actually are coming to a period in which

the ‘‘growing pains’’ of the initial use of the methodol-

ogy, in which everything from how to quality control

the data to the development of suitable algorithms to

interpret the information, was being road-tested. We

now can use this experience to build discovery pro-
grammes where the best use of gene expression data

is to serve as a hypothesis generator, leading to the

likelihood that the most focused set of relevant hypoth-

eses can be quickly queried and useful outcomes incor-

porated into the molecule�s development strategy.
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