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Mining gene expression profiles:
expression signatures as
cancer phenotypes
Joseph R. Nevins and Anil Potti

Abstract | Many examples highlight the power of gene expression profiles, or
signatures, to inform an understanding of biological phenotypes. This is perhaps best
seen in the context of cancer, where expression signatures have tremendous power
to identify new subtypes and to predict clinical outcomes. Although the ability to
interpret the meaning of the individual genes in these signatures remains a challenge,
this does not diminish the power of the signature to characterize biological states.
The use of these signatures as surrogate phenotypes has been particularly important,
linking diverse experimental systems that dissect the complexity of biological systems
with the in vivo setting in a way that was not previously feasible.
Classification
Use of an unsupervised
analysis approach to identify
classes of biological states,
including clinical states, that
often were not previously
recognized.
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The capacity to understand biological complexity is
often limited by the ability to define relevant phenotypes.
There is perhaps no better example of this challenge than
that seen in cancer. The complexity of the oncogenic process, involving the somatic acquisition of large numbers
of mutations coupled with variability in the host’s genetic
constitution, produces a disease of enormous complexity.
Indeed, it is probably not an exaggeration to suggest that
100 breast cancer patients represent 100 distinct diseases.
The ability to dissect this complexity to understand the
unique characteristics of the individual patient is key in
developing effective therapeutic strategies.
Traditional methods of characterizing tumours rely
on gross visual information (size of the tumour, degree
of spread, histological characteristics of the tumour)
along with a limited number of biochemical assays (for
hormone receptors, growth factor receptors, nuclear
antigens, and so on). Although these tools do provide a
way to define tumour subgroups with distinct biology,
it is abundantly clear that these classifications are imprecise, creating heterogeneous groupings of tumours and
patients. Numerous examples show that expression profiles can dissect this heterogeneity, beginning with work
that used expression to distinguish acute myeloid and
acute lymphoblastic leukaemias1, and then followed by
studies that identified previously unrecognized categories of diffuse large B-cell lymphoma2. This capacity to
identify otherwise unrecognized biological distinctions
lies in the scale of the analysis — a measure of 30,000
or more genes, reflecting the activity of the entire
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genome. But the scale goes well beyond that of 30,000
data points given the opportunity to identify patterns
of gene expression, patterns that can be dynamic in
response to both physiological and pathophysiological
processes.
The advent of technology to measure gene expression on a genome-wide scale has transformed biology,
perhaps more so than the advent of molecular biology
in the 1970s. Genome-scale data has turned biology into
a ‘data science’, now amenable to the power of various
forms of quantitative and statistical analysis that were
previously applied to complex data from finance, meteorology and other fields. Here we focus attention on one
particular aspect of this transformation — the ability to
develop gene expression signatures that reflect cancer
phenotypes and the capacity to use these signatures as
surrogates for these phenotypes.

The concept of gene expression signatures
An expression signature is simply a representation of a
biological state, in the form of a pattern of gene expression that is unique to that circumstance. Underlying the
concept is the realization that virtually any biological
condition, whether a developmental state, a cellular
response to extracellular ligands or a pathological state,
is reflected in changes in gene expression. Although no
single gene would have the power to define the biological
state, the ability to measure and identify patterns of gene
expression provides an opportunity to develop these signatures that reflect biological phenotypes. In a sense, the
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Figure 1 | Generation of an expression signature. A collection of cancer cell lines
are assayed for growth in soft agar as a measure of anchorage-independent growth.
RNA is prepared from the cells prior to the assay and used for DNA microarray
analysis. These data are then used for a supervised analysis in which a signature is
derived that distinguishes the two cell types (AI+ versus AI–). The extent to which the
signature truly reflects the phenotype is assessed by leave-one-out cross validation
to measure the predictive capacity of the signature.

Supervised analysis
An approach to gene
expression analysis in
which some aspects of the
experimental samples are
used to drive the analysis to
identify a pattern (signature)
of gene expression that
characterizes the difference
in the samples.

Prediction
The use of a signature to
predict the state of an
unknown sample, either
through cross-validation
procedures that use the
training samples to evaluate
the robustness of the
signature, or by predicting
an independent data set.

expression signature becomes a surrogate representation
of the biological phenotype.
The power of the expression signature is twofold. First,
the enormous complexity of the expression data that can
be sampled provides the opportunity to identify patterns
of expression that reflect subtle distinctions in biology.
The main limitation lies in the capacity to define the biological state of interest, whether through the generation of
distinct experimental states that can then be used to train
an analysis of expression, or by taking advantage of existing biological conditions that can be used as the training
opportunity. Second, the expression signature is portable
in the sense that it can be assayed in varied contexts — an
expression signature that is developed in a cell-culture
context can be measured in a tumour or a histological
section. As such, the expression signature provides a link
between otherwise heterologous systems. A cell-culture
phenotype, such as pathway activation, is difficult to represent in a diverse sample such as a tumour. By contrast,
an expression profile provides a mechanism to link these
two states — the profile represents pathway activation
in the cell culture that can then be used to interrogate
the expression data from a tumour. In a sense, the gene
expression signature becomes the common currency
to connect the experimental state with the in vivo state.
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Developing a useful signature
Key to the development of useful expression signatures is
the experimental condition. In many instances, these signatures are generated in vitro, using experimental settings
that can be carefully controlled to define a specific biological process. To understand the concept of signatures,
consider the cancer cell phenotype of anchorageindependent growth. This has been used historically as
an experimental measure to model the invasive properties of tumour cells3. To develop an expression signature
that is characteristic of this property, one could select a
series of cancer cell lines that varied in their capacity to
grow in soft agar, a measure of anchorage independence
(FIG. 1). RNA is prepared from the various cell lines,
both those that exhibit anchorage-independent growth
and those that do not, and used for DNA microarray
analysis. These gene expression data are then used in
a supervised analysis (see below) to identify a pattern
of gene expression — a signature — that reflects and,
importantly, predicts the phenotype of anchorageindependent growth. The extent to which the profile
actually reflects the biological state, rather than what
would be observed by chance, can be assessed through
statistical measures of predictive ability, typically a leaveone-out cross validation procedure, in which the profile
is generated from a set of samples with one held out
and then used to predict the state of that one sample.
Further validation makes use of independent samples
that reflect the phenotype of interest but were not used
in the development of the signature. The ability of the
signature that is developed from the initial training set
to then accurately predict the set of test samples that is
used for validation provides an important measure of the
signature’s robustness.
Importantly, this signature provides an opportunity to interrogate other samples, including tumour
samples, to assess the extent to which they exhibit the
signature. In this case, one simply uses the tumour
sample, or whatever other set of samples one wishes to
profile, as a validation case, measuring the probability
that the microarray data that is derived from the sample
shows the pattern that is defined by the training set that
generated the signature. If done across a set of samples,
such as a collection of tumour samples, one can generate a spectrum of probabilities of the signature. In the
example in FIG. 2, these probabilities have been depicted
as a heatmap, where red represents high probability and
blue represents low probability. Moreover, if the set of
samples is interrogated with multiple signatures, the
results can be used for clustering, in much the same
way as one would use the primary gene expression data
to cluster samples. In this case, the clusters represent
patterns of signatures across the samples.
As a consequence of a large number of studies making use of DNA microarray analysis in cancer contexts,
a diverse set of expression signatures has emerged with
relevance for cancer phenotypes that can be applied in
future studies. In many instances, these signatures can be
directly used for other applications and studies whereas,
in other instances, the data can be ‘re-utilized’ for the
development of signatures in specific applications.
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Figure 2 | Identification of patterns of signatures. In this example, a series of five signatures are developed to
represent various biological states. These are then used to predict the status of the signature in a collection of
tumour samples. The predictions are expressed as a probability measure reflecting the extent to which the tumour
sample exhibits the signature. This probability is then displayed as a heatmap with red representing high probability
and blue representing low probability. The samples are then clustered hierarchically on the basis of the predictions,
revealing patterns of signatures across the samples.

An excellent resource for identifying the available
opportunities is the Oncomine cancer-profiling
database, developed at the University of Michigan4–6,
Ann Arbor, USA.

Unsupervised analysis
A form of gene expression
analysis that involves discovery
of empirical structure
(patterns) in a given data
set without regard to prior
knowledge of the underlying
biology. Gene expression
patterns that are discovered
in this manner then organize
the biological samples.

Strategies for gene-signature development
Two basic strategies have been described for the analysis
of DNA microarray data1. One involves the discovery of
structure in a given data set without regard for prior
knowledge of the underlying biology — that is, no
assumptions are made about what mechanisms might
underlie a given gene expression profile. This approach,
often referred to as ‘unsupervised analysis’, simply uses
the gene expression data to find structure in the data
that can then be used to infer biologically meaningful structure. As pioneered by Brown, Botstein and
colleagues7, this approach can be an effective tool in classifying biological samples into categories that were not
previously known to exist. The power of this approach
can be seen in the work of Perou and colleagues, who
have used expression patterns to define clinically
significant subtypes of human breast cancer8,9.
Conceptually, unsupervised analysis is perhaps the
simplest of the tools that are applied to the analysis of
gene expression data to find patterns or clusters
of similarly expressed genes that can then be studied
further. There are now numerous examples in which
this approach has been used to analyse gene expression
data, often uncovering biological complexity that was
not previously appreciated, including the identification
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of previously unrecognized tumour subtypes1,2 or the
refinement of tumour classification10–14.
Although most studies that use expression data
to dissect cancer phenotypes have relied on mRNA
expression information, it is now clear that the expression of microRNAs (miRNAs) can be used to identify
cancer-relevant signatures15–19. Although the data content of miRNA profiles is far less than that of mRNA
profiles, the regulatory nature of miRNAs suggests that
this class of gene products is enriched in information
content. For a recent discussion of the role of miRNAs
in cancer, including the identification of cancer-relevant
signatures, see REF. 20.
By contrast, ‘supervised analysis’ strategies do consider
existing information and, indeed, use it to guide the analysis of the gene expression data. This approach has been
particularly useful in the identification of gene expression
patterns that relate to clinically relevant phenotypes such
as the ability to predict the potential for recurrence of disease21–33. The power of the supervised analysis lies in the
ability to specifically drive the analysis to the phenotype
of interest, taking advantage of the relevant information
as a guide. Moreover, when the underlying biology that
is relevant to the phenotype is uncertain, this might be
the only approach to finding those gene expression patterns that relate to the phenotype. Equally important,
if the clinical outcome reflects multiple components of
the subtypes that are defined by unsupervised analysis,
then it is only when the analysis is driven by the actual
clinical outcome that this complexity can be addressed.
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Much of the work using genome-scale gene expression
data has focused on biological discovery, identifying
genes in the profiles that can lead to a better understanding of the biological processes and, perhaps, new
therapeutic targets. It is logical to assume that if one
can identify an expression profile that defines a unique
new subtype of breast cancer, or one that predicts
which tumour is most likely to metastasize, it should
be possible to identify genes in these profiles that could
represent new drug targets. Nevertheless, gaining an
understanding of the underlying biology from the
various gene expression profiles remains a challenge.
Although one can often identify function associated
with some of the genes in a signature, the challenge is to
put this information into perspective with regard to the
entire genomic profile. To appreciate this point, consider the development of a 70-gene profile that predicts
breast cancer recurrence29,30. An examination of the
genes in the profile reveals many that have annotations
such as cell cycle, invasion, metastasis, angiogenesis
and signal transduction — all obviously relevant for
a cancer-recurrence phenotype. Nevertheless, they
represent general categorizations and reflect only a
small number of the genes from the overall profile. So,
by focusing on these ‘recognizable’ genes, we ignore
many of the genes in the profile. As such, it is entirely
possible that the biological and clinical deductions
regarding the few recognizable genes is taken out of
context. In addition, it turns out that from the same
data set multiple 70-gene profiles that predict breast
cancer recurrence can be identified, thus expanding
the number of informative genes and emphasizing the
complexity of the biology that underlies this clinical
phenotype34.
An approach that was developed to go beyond the
analysis of patterns on a gene-by-gene basis, known as
gene-set enrichment analysis (GSEA), uses statistical
measures of enrichment of annotated gene sets within
expression profiles35. The value of GSEA and another,
similar approach, ‘gene module map’36, is to attempt to
examine the true context by looking at representations
of gene sets that might better reflect the underlying
biology. In other words, the power lies in the ability to
tap into a wide array of gene sets, including signalling
pathways. Although this is a step towards putting genes
into a functional context, appreciating the true meaning
of the individual genes or sets of genes in a signature
remains a challenge.

Using cancer-relevant expression signatures
The concept of the expression signature as representing
a distinct and well defined experimental state that can
then be connected to an otherwise unrelated biological
system opens the way for a myriad of applications to
inform and understand biological complexity.
The ability of an expression signature to connect
two states, where the expression signature is the intermediary, is exemplified in the recent studies of Golub
and colleagues, which describe a ‘Connectivity Map’37.
In this case, expression profiles have been generated
from a well-characterized cancer cell line that has been
604 | AUGUST 2007 | VOLUME 8

treated with many small molecule compounds so as to
create a library of signatures of a drug response. This
library of signatures is then used as a database that
can be queried with expression information for other
biological contexts, thereby linking otherwise disparate
physiological events. In this context, the expression signature is represented as a group of gene identities, not
by the actual properties of expression that are defined in
the experimental setting. The power of this approach
lies in its independence of the methodology for determining expression — that is, differences between assay
platform or methods of measuring actual expression.
Instead, a signature is simply a list of genes obtained
from one experiment that is then compared to other
gene lists to find matches, quantitatively assessing the
degree of similarity between the gene lists.
A conceptually similar, although mechanistically distinct, approach to the Connectivity Map makes use of
quantitative aspects of the expression profile to examine
other samples for similar properties. In essence, the task
is to define a profile or signature experimentally and
then ask if the same pattern can be recognized in another
sample. Although this approach requires that expression
data are largely similar, because one is examining the
extent to which the actual expression properties that are
characteristic of the profile are present, this approach
has the power of quantitative assessment — generally, a
probability that the signature (phenotype) is seen in the
test sample. Importantly, not only does the quantitation
provide a means to estimate relative contributions of
signatures across samples, or the relative contributions
of multiple signatures in one sample, but it also provides
the opportunity to identify patterns of signatures, not
unlike the ability to find patterns of gene expression.
Below, we provide several examples to show how the
signature concept can be applied.
Identification of new therapeutic opportunities from the
Connectivity Map. A search of the Connectivity Map
database for profiles that coincided with a gene expression signature of glucocorticoid sensitivity or resistance
in acute lymphoblastic leukaemia (ALL) cells revealed a
link with a profile of the mTOR inhibitor rapamycin38.
Further experimental assays provided evidence that
rapamycin could induce glucocorticoid sensitivity in
lymphoid tumour cells and sensitization to apoptosis
through the modulation of the antiapoptotic gene
MCL1. These findings provide a potential path towards
a new therapeutic strategy involving rapamycin and
glucocorticoid.
In another example, screens were carried out for compounds that inhibit a therapeutically relevant expression
signature, in this case, androgen receptor (AR) signalling. The results were of limited use because the screen
yielded compounds such as celastrol and gedunin, the
molecular targets of which were unknown. However,
comparison of these signatures for inhibition of AR signalling against the Connectivity Map library provided
connections to heat shock protein 90 (HSP90) inhibitors,
suggesting HSP90 inhibition as a strategy for controlling
AR activity 39.

www.nature.com/reviews/genetics
© 2007 Nature Publishing Group

REVIEWS

NCI-60 cancer cell line panel
A collection of 59 human
cancer cell lines derived from
tumours of diverse origin and
used for extensive analysis of
drug sensitivity, using over
100,000 compounds. More
recently, various genomic data
sets have been generated
using these cell lines, including
chromosomal copy number
and gene expression.

Signatures that predict pathway activation in cancer.
One example of the use of signatures to define biology
can be seen in the generation of signatures of oncogenic
pathway deregulation. Again, defined experimental conditions are used to create circumstances that represent
‘pathway off ’ or ‘pathway on’; expression profiles that
accurately reflect this process are then developed40–46.
In one example, samples of quiescent cells versus RAS-,
MYC-, SRC-, E2F3-, or β-catenin-expressing cells (all
of which contribute to a cell proliferation response)
were used to develop signatures that predict activation
of these pathways45. The fact that these signatures do
indeed reflect pathway activation is evident because they
can be used to accurately predict the molecular basis of
various mouse models of cancer. Specifically, tumours
arising from mice that are transgenic for mouse mammary tumor virus (MMTV)–MYC or MMTV–HRAS,
and tumours arising from the loss of retinoblastoma 1
(RB), were correctly identified with the appropriate
pathway signature42,43,45.
These results demonstrate the ability of these pathway
profiles to predict tumours that arise from deregulation
of the corresponding pathways, and provide evidence
that this approach can be used as a basis for characterization of the status of the pathways in various tumour
contexts. Importantly, the assay of gene expression
profiles provides a measure of the consequence of the
oncogenic process, irrespective of how the pathway
might have been altered. As an example, one might revisit
the classic studies of Fearon and Vogelstein that identified the accumulation of genetic alterations as a function
of colon carcinoma initiation and progression from a
premalignant adenomatous stage to a more aggressive
carcinoma47. Using pathway signatures as representations
of the consequence of the accumulated mutations, one
might anticipate a somewhat different picture from that
seen by gene mutation alone, with signatures reflecting
the consequence of these mutations irrespective of how
they might have been activated. For instance, the RAS
pathway might be active either as a result of a mutation
of RAS, a mutation of a growth receptor or an alteration in one of the RAS effector activities. Moreover, the
signature-based pathway analysis approach provides an
opportunity to integrate these signatures to discover
patterns of pathway activation, adding further value to
the analysis. Indeed, predictions of pathway status in a
series of lung cancer samples, followed by clustering of
the samples on the basis of the oncogenic pathway signatures, has revealed distinct patterns in which subgroups
of tumours are identified using pathway patterns45.
Furthermore, survival analysis based on the expression
patterns reveals that the ability to integrate pathway
analysis by identifying patterns of pathway deregulation
does provide a way of better categorizing lung cancer
patients.
Pathway predictors have also been shown to have the
potential to direct the use of therapeutics that target a
component of that pathway. In particular, a measure of
probability of pathway activation in a panel of cancer cell
lines, on the basis of the probability that is predicted from
the pathway signature, reveals a relationship between
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the state of pathway deregulation and sensitivity to the
respective therapeutic45,48. This relationship is further
emphasized by studies showing that cells that harbour
a mutation in BRAF (a proto-oncogene encoding serine/threonine-protein kinase) are sensitive to inhibition
of MEK (mitogen-activated protein kinase kinase 1)49.
Taken together, the results would suggest a potential
strategy where the prediction of pathway activation,
using a collection of signatures, could serve to guide the
use of targeted therapeutic agents that otherwise lack a
biomarker to direct their use.
Signatures that predict drug sensitivity. Although the
strategy of the Connectivity Map is to identify signatures
of drug effects, an alternative approach is to develop
signatures that predict drug sensitivity. The ability to
predict patient response to various cancer therapies,
including commonly used cytotoxic chemotherapies,
is key to achieving the goal of personalized medicine
whereby patients are accurately matched to the therapy
or therapies that best address the biology of their cancer.
The logical approach is to make use of clinical studies
in which patients are treated with a given drug, their
response is measured and gene expression data are generated from samples that were collected before treatment
in order to develop a profile that can predict response.
Indeed, this strategy has already been used successfully in several studies48,50,51. The main limitation to this
approach is that clinical studies are lengthy and focused
on a particular regimen.
In an alternative strategy, the same goal is accomplished by using cancer cell lines grown in culture. In
one such case, a panel of cancer cell lines were treated
with dasatinib, a multitargeted kinase inhibitor, and
sensitivity to the drug was measured. In parallel, expression data generated from the same panel of cell lines was
used to develop a signature to predict sensitivity to the
drug52. Interestingly, the cells that were defined in this
manner as sensitive largely coincided with those showing evidence of SRC pathway activation, as measured by
a SRC pathway signature45. A second example involves
the use of panels of lung cancer cell lines to develop
gene expression signatures that predict sensitivity to the
epidermal growth factor receptor (EGFR) inhibitors
gefitnib53 or erlotinib54. Of these two, the erlotinibsensitivity signature could more effectively predict
sensitivity, possibly suggesting that a signature of sensitivity to EGFR-directed therapy captures the consequence
of many events that contribute to the phenomenon of
geftinib and erlotinib sensitivity.
An analogous strategy has taken advantage of existing drug-sensitivity data derived from the NCI-60 cancer
cell line panel. This data set contains a wealth of drugsensitivity measures coupled with baseline Affymetrix
gene expression data. Cells that were identified as sensitive and resistant to various commonly used cytotoxic
chemotherapies have been used to generate expression
profiles that could predict this sensitivity 55,56. Importantly,
multiple predictors of chemosensitivity have been
shown to also predict response to the drugs in patient
studies56.
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Figure 3 | Stepwise linkage analysis of microarray signatures (SLAMS). a | The use of an expression signature
as a phenotype in a genetic linkage strategy to identify loci that show amplification in relation to the signature is
shown. Samples are initially divided into two groups on the basis of their expression signature (b). Then, genome
copy data is used to associate gene copy number changes with expression signature. Candidate genes are filtered
on the basis of actual expression compared to the signature. Finally, candidate genes are further validated, on the
basis of expression, in additional sample sets. Reproduced with permission from Nature Genetics REF. 59 © (2006)
Macmillan Publishers Ltd.

Signature of chromosomal instability that predicts cancer outcome. Using the measured state of aneuploidy in
a series of tumour samples, recent work has developed
an expression signature that reflects chromosomal
instability 57. Given the variability in how aneuploidy
might be measured, the signature provides a quantitative estimate of this trait that can then be applied to other
cancer contexts, including an evaluation of the extent to
which this phenotype predicts clinical outcome. Indeed,
the signature was found to be elevated in metastatic
specimens compared with primary tumours, providing
a means to measure the role of chromosomal instability
in determining malignant potential, possibly in a variety
of tumours.
Using signatures as phenotypes for genetic discovery. In
a recent study, an expression signature was used to identify genomic alterations that are tightly linked with this
‘surrogate phenotype’. The signature was the so-called
wound-response signature, developed experimentally
on the basis of serum stimulation of fibroblasts in culture58. The authors analysed a series of breast tumours
for evidence of the wound-healing phenotype, based
on the expression signature, and looked for association
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with DNA copy number changes59 (FIG. 3). The method
of analysis, termed stepwise linkage analysis of microarray signatures (SLAMS), is derived from the concept
of genetic association in which a genetic locus that is
responsible for driving a phenotype is identified on the
basis of co-segregation with individuals (in this case,
tumour samples) that exhibit the phenotype (in this
case, an expression signature). The authors showed that
the wound-response signature, which is also a poorprognosis expression pattern of 512 genes in breast
cancer, is associated with coordinate amplifications of
MYC and CSN5 (also known as JAB1 or COPS5). In short,
the authors used a gene expression signature as a relevant
breast cancer phenotype — or subphenotype — to carry
out a genetic association study to identify those genomic
alterations that are tightly linked to this phenotype.
The recent identification of the MITF gene as a melanoma oncogene made use of what is, in effect, a reversal
of the SLAMS strategy. In particular, SNP copy number
data from the NCI-60 panel was used to identify a melanoma-specific copy number gain on chromosome 3.
This information was then used to identify expression
patterns coincident with the SNP profile, leading to the
identification of MITF 60.
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Figure 4 | Use of signature patterns to identify complex cancer-relevant phenotypes to guide sequence
analysis. Sequence analysis of 1,000 selected genes in a collection of 500 tumour samples is shown. In parallel, the
same tumour samples are used for gene expression analysis and signature profiling to produce clusters of signature
profiles that reflect biological phenotypes. The patterns of expression signatures are then used as ‘phenotypes’ to
guide the analysis of the DNA sequence data in a manner that is analogous to the concept of SLAMS (stepwise
linkage analysis of microarray signatures; see FIG. 3). The goal is to identify DNA sequence variation in specific
tumours that coincide with signature-based phenotypes.

Challenges of using expression signatures
Although the various initial studies that are summarized
here provide strong evidence for the power of the concept
of using expression signatures to define cancer phenotypes, it must be recognized that there are significant
challenges inherent in this approach that reflect variation
in both the biology and the technical approaches.
The molecular heterogeneity of cancer, resulting
from the acquisition of multiple genetic alterations that
contribute to the development of the tumour, underlies the heterogeneity of carcinogenesis. Indeed, this
heterogeneity might well contribute to the observation
that one can often find multiple expression profiles that
predict a common phenotype such as breast cancer
recurrence34,61. Technical variation can also be a factor
that contributes to variation in profiles that are identified in distinct studies. Platform differences and batch
effects between studies have a significant impact on
the ability to consistently apply expression signatures
to independent validations62, potentially limiting the
usefulness of the signatures. The impact of this technical
variation is reduced by the Connectivity Map strategy,
because it does not depend on actual expression data
but rather just the identification of genes.
Although the use of expression signatures is conceptually simple and has clearly been shown to represent important biology in many instances, as with any
approach, these methodologies must be further validated
in larger studies that assess the extent to which a signature
is robust across various studies. Furthermore, attention
to appropriate statistical design in these studies, as well
as demonstration of validation in multiple independent
settings, will also be crucial to demonstrating the utility
NATURE REVIEWS | GENETICS

of using expression signatures in clinical practice to
better understand cancer biology and to improve patient
outcomes.

Future directions
The development of a library of expression-based signatures that can serve as surrogate phenotypes for various
biological states represents a powerful tool for dissecting
the complexity of biological processes. Linking biological
states with specific genetic alterations and the capacity
to utilize the information should guide new therapeutic
strategies. The ability to integrate these signatures into
a coherent view of biological pathways and systems will
provide an opportunity to address the complexities of
cellular signalling events, particularly the interplay
of various key pathways.
Taking advantage of complexity by integration of signatures. The use of expression signatures as cancer phenotypes has already been shown to have significant value
in dissecting complex biological states. The challenge for
the future will be to take these analyses to a higher level,
integrating the various signatures, or phenotypes, into
a more complex view of the biological states, including
the structure and function of cellular signalling events.
Moreover, the power of ‘combined signatures’ will probably be improved by the integration of new signatures
that represent different biological events such as pathway
activation or chemosensitivity as opposed to what is
achieved by just combining prognostic signatures. Indeed,
recent examples have highlighted the potential power of
integrating diverse signatures with clinical information to
yield more robust predictive models in breast cancer32,61.
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Using signatures to guide the interpretation of DNA
sequence variation. The Cancer Genome Atlas initiative
is a recently initiated large-scale project with the ambitious goal of characterizing the DNA sequence variation
that is unique to three human cancers. Perhaps the most
significant challenge for the overall Cancer Genome
Atlas initiative will be the ability to interpret the DNA
sequence information from a collection of tumour samples — to identify those sequence variations that are
significant with respect to a cancer phenotype. This is
already illustrated by the initial observations of the cancer genome sequencing efforts: the identification of large
numbers of mutations makes it difficult to interpret the
role of these alterations in defining the phenotype62–65.
We believe that one major limitation in this work is the
lack of more precise phenotypes that are linked to
the sequence data. Cancer is a complex disease and
biological process with tremendous variation and heterogeneity, even within a single cancer type. Therefore,
an ability to better describe individual phenotypes that
might result from a unique collection of DNA sequence
alterations offers the potential for better linking the
sequence data with clinical phenotypes.
A potentially powerful way of addressing this issue
would be to use the multitude of cancer-relevant phenotypes that are generated from expression signatures
together with the concept of SLAMS, as described by
Chang and colleagues59. In principle, this concept of
linking a phenotype, as defined by a gene expression
signature, to a genetic alteration can be extended to the
analysis of DNA sequence variation identified across
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