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The twenty-first century heralds a new era for the biological sciences and medicine. The tools of our time are

allowing us to analyze complex genomes more comprehensively than ever before. A principal technology con-

tributing to this explosion of information is the DNA microarray, which enables us to study genome-wide expres-

sion patterns in complex biological systems. Although the potential of microarrays is yet to be fully realized, these

tools have shown great promise in deciphering complex diseases such as cancer. The early results are painting a

detailed portrait of cancer that illustrates the individuality of each tumor and allows familial relationships to be

recognized through the identification of cell types sharing common expression patterns.
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Cancer is a heterogeneous disease in most respects, including its
cellularity, different genetic alterations and diverse clinical
behaviors. Many analytical methods have been used to study
human tumors and to classify samples into homogeneous groups
that can predict clinical behavior. DNA microarrays have made
significant contributions to this field by detecting similarities and
differences among tumors through the simultaneous analysis of
the expression of thousands of genes.

Gene expression data are often referred to as ‘signatures’ or
‘portraits’ because most tumors show expression patterns that
are as unique and recognizable as paintings by Da Vinci or Pol-
lock. Coupled with statistical analysis, DNA microarrays have
allowed investigators to develop expression-based classifications
for many types of cancer, including breast1–6, brain7,8, ovary9–11,
lung12–14, colon15–17, kidney18, prostate19–22, gastric23,
leukemia24–26 and lymphoma27–29. Metaphorically speaking, the
faces of those in the ‘malignant family’ may seem different from
one another, but they all have features that are common to their
family and that differentiate them from members of the ‘benign
family’. Some functional classes of genes are invariably altered
when normal cells transform to malignant, including genes
involved in cell-cycle control, adhesion and motility, apoptosis
and angiogenesis30. Thus, despite the morphological and molec-
ular heterogeneity among different cancer types, there are com-
mon threads that allow members to be recognized as branches of
the same family tree.

A main challenge to the study and treatment of cancer is
resolving the tumor heterogeneity that exists both between and
within tumors. By light microscopy, the cellular complexity of a
tumor can be visually dissected through differences in the
appearance of malignant and non-malignant cells. By microar-
ray, the make-up of complex tissue samples can be resolved as
dominant patterns of gene expression representing the origin
and function of different cell types. For example, solid tumors
can be molecularly dissected into epithelial cells, infiltrating lym-
phocytes, adipose cells and surrounding stromal cells1,31. But

microarray analysis can do more than differentiate a mixture of
cell types and can often resolve levels of heterogeneity that are
not apparent by eye. Because the clinical behavior of tumors can-
not be accounted for completely by morphology, it is the hope of
medicine that a molecular taxonomy based on ‘signature’ profiles
will provide a more accurate prognosis and prediction of
response to therapy.

The analysis of microarray data obtained from tumor samples
is extremely complex. The analytical issues are reviewed in 
this issue by Churchill (pages 490–495)32 and Slonim (pages
502–508)33, and here we focus instead on the biological and clin-
ical implications of profiling studies of human tumors.

Experimental design and analysis overview
For this review, we need to discuss two general statistical
approaches for tumor classification. The first is ‘supervised’
analysis, in which one searches for genes whose expression pat-
terns correlate with an external parameter. The most commonly
used ‘supervising’ parameters are clinical features such as sur-
vival, presence of metastases and response to therapy. Many sta-
tistical metrics have been used successfully in ‘supervised’
analyses, including the standard t-test and signal-to-noise
ratios8,19,27.

Algorithms such as weighted-voting, k-nearest-neighbor clas-
sifiers, support vector machines and artificial neural networks
can be applied to the set of genes selected using one of these met-
rics to build models capable of predicting the class of a particular
sample. To test the robustness of classification, these methods
are often coupled with a leave-one-out cross-validation analy-
sis3,8,19,24, in which one of the samples from the original ‘train-
ing’ set is withheld and a class prediction is made on the
withheld sample3,34.

The second approach is ‘unsupervised’ analysis, in which no
external feature is used to guide the analysis process. Instead, the
data are used to search for patterns without any a priori expecta-
tion concerning the number or type of groups that are present.
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The most common ‘unsupervised’ analysis method is hierarchi-
cal cluster analysis35. Each analytical method has its own
strengths and weaknesses, and because classifications tend not to
be mutually exclusive, most investigators base the significance of
their microarray findings on more than one analysis.

Although both methods can analyze thousands of expressed
genes, minimization of a discriminatory gene list can ease the
biological interpretation and facilitate use in a clinical test. Sev-
eral methods have been used for gene selection, such as correla-
tion metrics or t-tests coupled with permutation testing3,24,36.
Other methods work by selecting a gene list that gives rise to 
the highest prediction accuracy during leave-one-out cross-
validation3,19,24,27 or nearest ‘centriods’ analysis37. For complete 
validation, gene lists should be tested on a second ‘test’ set of
samples that were not used to derive the discriminatory 
gene list.

Molecular portraits of individuality
In the cancer family, as in every family, each individual is unique
and is a product of its genetics and environment. The concept of
each tumor as an individual was proposed during the classifica-
tion of breast carcinomas, because repeated samplings of the
same tumor, either before and after chemotherapy or as a
tumor–metastasis pair, were found to have much more similarity
to each other than to any other tumor tested1. This important
biological result showed that the technical aspects of microarrays
are sound and led to the term ‘molecular portrait’ to describe the
unique gene expression profile of a given tumor (Fig. 1). The
individuality of single tumors as judged by hierarchical cluster-
ing analysis and other correlation analyses has now been 
demonstrated in breast, lung, liver and diffuse large B-cell lym-
phomas1,13,14,29,38.

How much of a tumor’s individuality is due to a person’s own
genetic make-up, and how much is due to the stochastic events
that led to tumor formation? This question has been addressed
by Chen et al.38, who examined spatially separated hepatocellular
carcinoma foci taken from the livers of six individuals. In three
individuals, the two foci analyzed were ‘clustered’ adjacent to
each other on a terminal branch of the hierarchical cluster den-
drogram, indicating a very close relationship. In one individual,
however, the two foci analyzed showed different hepatitis B virus
(HBV) integration sites and were as different from one another
as were any two randomly selected samples.

In the other two individuals, two of the three foci analyzed
clustered together, whereas the third clustered apart. Although all
of the foci in each individual shared common chromosomal
alterations including the same HBV integration site, the orphan
foci always showed aberrations that were not present in the other

two. For example, the unpaired
focus in one patient was posi-
tive for p53 immunostaining,
whereas the other two were
negative. These data imply that
each independently arising
tumor has a distinct profile and
that clonally related tumors in
the same individual can show
different features owing to
divergent histories.

Portraits of cell types
In addition to their individual-

ity, tumors also show many similarities that can be ascribed to
their cell type of origin. Microarrays are assisting in delineating
the cell type specific branches of the cancer family tree by provid-
ing a tumor genealogy. For example, soft-tissue tumors such as
synovial sarcomas, gastrointestinal stromal tumors (GISTs),
neural tumors and a subset of leiomyosarcomas show markedly
different patterns of gene expression39. For tumors such as
leiomyosarcomas, where the cell type of origin is known, these
gene expression patterns correlate well with the cell type of ori-
gin.

Tumors of the central nervous system (CNS) have also been
classified according to their cell type of origin. Pomeroy et al.8

assayed 99 samples of CNS tumors and defined a molecular
descriptor using principal component analysis and 50 genes 
(Fig. 2). This descriptor successfully distinguished medulloblas-
tomas from other histologically similar brain tumors (35 of 42
classified correctly; Fig. 2a). Their data also implicated cerebellar
granule cells as the origin of medulloblastomas, and provided
support for the idea that gliomas are probably derived from non-
neural cells (such as oligodendrocytes).

Perhaps one of the greatest challenges in cancer medicine is to
recognize the ‘black sheep of the family’; that is, those tumors in
the family that are clinically distinct but blend in by histology. For
example, infiltrating breast carcinomas appear fairly homoge-
nous in histological assessments but are heterogeneous in clinical
behavior. In a study of mostly infiltrating ductal breast carcino-
mas (85%), at least five distinct tumor subtypes were identified
by gene expression profiling1,2. This classification by hierarchical
clustering divided the samples into two large groups: those posi-
tive for estrogen receptor (ER) and those negative for ER2. There
were at least two subtypes in the large ER-positive group and
three subtypes in the ER-negative group: one containing all of the
normal breast samples, a second containing tumors distinguished
by a high expression of HER2, and a third showing features of
breast basal epithelial cells. These data suggest that ductal carci-
nomas are derived from two distinct types of cell (basal and lumi-
nal). In addition, these molecular subtypes were shown to predict
overall survival and relapse-free survival times2.

Much work has been carried out to classify lung tumors using
microarrays12–14,40. Two separate groups using different
microarray platforms (Affymetrix and cDNA microarrays) have
defined similar patterns of expression that accurately recapitu-
lated the four histological subtypes of lung cancer13,14. These
data could mean that each subtype is derived from a distinct
progenitor cell, with the progenitor of small-cell carcinomas
showing neuroendocrine features, the progenitor of large-cell
carcinomas showing mesenchymal features (possibly represent-
ing a cell type that has undergone an epithelial-to-mesenchymal

Fig. 1 Molecular portraits gallery.
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D29675 Inducible nitric oxide synthase gene
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Fig. 2 Classification of histologically similar CNS tumors. a, Representative photomicrographs of embryonal and non-embryonal tumors. i, Classic medulloblas-
toma; ii, desmoplastic medulloblastoma; iii, supratentorial primitive neuroectodermal tumor (PNET); iv, atypical teratoid/rhabdoid tumor (AT/RT; arrow indi-
cates rhabdoid cell morphology); and v, glioblastoma with pseudopalisading necrosis (n). Original magnification, ×400. b, Principal component analysis (PCA) of
tumor samples using all genes exhibiting variation across the data set. The axes represent the three linear combinations of genes that account for most of the
variance in the original data set. MD, medulloblastoma; Mglio, malignant glioma; Ncer, normal cerebella. c, PCA using 50 genes selected by signal-to-noise met-
ric to be most highly associated with each tumor type (the top 10 for each tumor are listed in e). d, Clustering of tumor samples by hierarchical clustering using
all genes exhibiting variation across the data set. e, Signal-to-noise rankings of genes comparing each tumor type to all other types combined. For each gene, red
indicates a high level of expression relative to the mean; blue indicates a low level of expression relative to the mean. Rhab, rhabdoid. The standard deviation (σ)
from the mean is indicated. Figure reproduced, with permission, from ref. 8.
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transition), and the progenitor of squamous carcinomas showing
basal epithelial features.

Adenocarcinomas also showed a distinct profile and are poten-
tially derived from yet another unique progenitor cell. But Garber
et al.13 identified significant diversity in expression patterns in
adenocarcinomas and defined three subtypes that predicted
favorable, intermediate and poor outcomes. Two of these three
adenocarcinoma subtypes were observed by Bhattacharjee et al.14,
and Beer et al.12 also identified prognostic groups within adeno-
carcinomas using survival as supervision.

Studies on renal cell carcinomas18 and prostate tumors19,22

have also identified patterns of gene expression with prognostic
importance, and it is likely that other types of tumor not profiled
as yet will yield subtypes of clinical importance.

Portraits of development
Tumors are thought to arise at specific stages of cellular develop-
ment, and their phenotypic properties are thought to be dictated
by the stage of developmental arrest. Microarray analysis has
provided insight into the developmental stages of many hemato-
logical malignancies. Staudt and colleagues28,29 generated a mol-
ecular portrait of the stages of development present in diffuse
large B-cell lymphomas (DLBCLs). From the gene expression
patterns of hundreds of DLBCL samples, they identified three
subtypes: a germinal center B cell–like (GCBL) subtype, an acti-
vated B cell–like (ABL) subtype, and a third subtype (T3) lacking
high expression of either the GCBL- or the ABL-defining genes28.

The GCBL subtype showed high expression of genes charac-
teristic of normal germinal center B cells and was associated with
relatively good outcomes. By contrast, the ABL subtype
expressed genes characteristic of activated peripheral blood B
cells (a later stage in B-cell development) and showed a worse
clinical outcome. Using survival as supervision, Staudt and col-
leagues28 identified 16 genes that could be used for accurate pre-
dictions of outcome. This predictor was shown to be an
independent prognostic indicator in a multivariate analysis when
compared with the international prognostic index the standard
clinical prognosticator.

Shipp et al.27 carried out a similar study of DLBCLs using
Affymetrix microarrays, from which they developed a 13-gene
predictor using outcome as a supervising parameter27. Individu-
als with DLBCL were divided into two groups: those with cured
disease (n = 32), and those with fatal or refractory disease 
(n = 26). Kaplan–Meier survival curves and log-rank tests indi-
cated that individuals in the ‘cured’ group had significantly better
long-term survival than those in the ‘fatal/refractory’ group 
(5-year overall survival, 70% versus 12%). Shipp et al.27 also
tested their cohort with the predictive gene set identified by
Staudt and colleagues29 and could reproduce the classifications
according to stage of development; however, the GCBL and ABL
subtypes did not differ in clinical outcome in their cohort. There
are several possible explanations for this difference, including the
use of different cohorts and partially overlapping gene sets. As
with all microarray studies so far, the true significance of these
classifications will only be shown through testing several large
cohorts of homogenously treated individuals using the same
gene sets and methodologies.

To understand the gene expression changes resulting from spe-
cific genetic abnormalities involving transcription factors such as
HOX11, TAL1 and LYL1, Ferrando et al.26 analyzed 59 cases of T-
cell acute lymphoblastic leukemia (ALL). They found that the
oncogenic transcription factors were often expressed aberrantly
even in the absence of chromosomal abnormalities. Genes that cor-
related with the expression of HOX11, TAL1 and LYL1 were
selected using a nearest-neighbor analysis with each subtype show-

ing gene expression features indicative of arrest at specific stages of
thymocyte development. The LYL1 subtype represented a pro-T
cell–arrested signature, the HOX11 subtype represented an early
cortical thymocyte signature, and the TAL1 subtype represented a
late cortical thymocyte signature. These subtypes predicted sur-
vival and showed, as for DLBCLs, that the stage of cellular develop-
ment is important in determining clinical behavior.

Portraits of metastasis
Through screening programs, individuals with cancer are often
identified at an early stage of disease. In general, tumors detected
in their early stages have good clinical outcomes; however, many
individuals deviate from this course and have recurrences.
Unfortunately, there are no markers that can predict accurately
when or if a tumor will recur, which leaves physicians with the
difficulty of choosing the best treatment options. To assure a pos-
itive outcome, therefore, individuals with early stage cancer often
receive intensive treatment with toxic therapies that have their
own associated morbidity and mortality.

To address this common issue, van ‘t Veer et al.3 used microar-
rays to analyze a cohort of individuals with breast cancer who
presented with tumors smaller than 5 cm, had no lymph node
metastases and were aged under 55 years. These individuals were
treated by modified radical mastectomy or breast-conserving
therapy with axillary lymph node dissection and radiation ther-
apy. Most individuals did not receive any additional treatment
and were followed annually for at least 5 years. This cohort there-
fore provided a setting in which the natural history of tumors
could be followed without the confounding feature of different
responses to systemic therapy.

van ‘t Veer et al.3 profiled the primary tumors and carried out
a supervised analysis in which the individuals were separated
into two groups: those who developed metastases in less than 5
years (bad prognosis), and those who were metastasis-free for
longer than 5 years (good prognosis). They identified 231 genes
that correlated with this parameter. Through further statistical
analysis, a discriminatory set of 70 genes was identified that
showed 81% accuracy when tested in a leave-one-out cross-
validation analysis on the training set, and 89% accuracy on a
test set. This group of markers was found to be a statistically sig-
nificant predictor in a multivariate analysis, showing that a test
based on gene expression can add value to the current list of clin-
ical tests.

MacDonald et al.7 identified a set of genes that could differen-
tiate between medulloblastomas with and without metastases7.
This predictor was validated by a leave-one-out cross-validation
approach and correctly predicted the metastasis status of 72% of
their tumors. The metastasis-associated portrait strongly impli-
cated the platelet-derived growth factor receptor (PDGFR) and
the RAS/MAPK pathway. Thus, interventions directed against
these pathways may be effective against metastasis-positive
medulloblastomas.

An important ramification of these two studies is that gene
expression features present in primary tumors at the time of pre-
sentation can predict the course of the disease41. This implies
that properties such as the propensity to metastasize or treatment
response might be diagnosed from analysis of the primary tumor
and used as the basis for clinical decision-making. For example, if
a individual presents with a medium-sized tumor with a ‘good
prognosis’ signature, the best treatment may be surgical resec-
tion of the primary tumor with no chemotherapy but with close
follow-up of the individual. Conversely, the best treatment for a
small tumor (1–2 cm) with a ‘poor prognosis’ signature may be
combined treatment modalities, including surgery, radiation
therapy and chemotherapy.
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Fig. 3 Combined hierarchical cluster analysis of breast and lung carcinomas. A gene list comprising the nonredundant combination of ‘intrinsic’ gene sets1,13 was
used in a hierarchical clustering analysis of the publicly available breast and lung carcinoma data sets taken from the Stanford Microarray Database. a, Experi-
mental sample-associated cluster dendrogram. b, Complete cluster diagram. c, Interferon-regulated gene set. d, Breast luminal cell profile. e, Basal epithelial cell
profile. f, Lung adenocarcinoma-enriched profile. g, Proliferation gene set. The complete breast and lung cluster diagram is shown in Web Fig. A online.
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Portraits of therapeutic response
Another problem for clinicians is predicting who will respond to
therapy. Most clinical markers are ‘prognostic’ (that is, they pre-
dict outcome), but markers that are ‘predictive’ of therapeutic
response are more useful. Only a few predictive markers are used
routinely in cancer medicine. In breast cancer, for example, the
presence of the ER predicts response to tamoxifen42. The ER-
positive breast tumor subtype has a distinct microarray expres-
sion profile (Fig. 3d)1–4,6.

Microarrays have also been used to identify gene expres-
sion patterns that predict response to therapy in Philadelphia 
chromosome–positive ALL (Ph+ALL)25. Individuals with
Ph+ALL have been shown to respond to STI571 (Gleevec), a
tyrosine kinase inhibitor of ABL1 that is effective in treating
chronic myeloid leukemia (CML)43. Although the response to
STI571 is much lower in Ph+ALL than in CML (59% versus
95–100%), Hofmann et al.25 profiled 25 bone marrow samples
from 19 individuals with Ph+ALL and identified 95 genes that
could predict response to STI571 before treatment. STI571 has
now been shown to be a more general inhibitor of tyrosine
kinases and may be effective in tumors expressing PDGFR
(gliomas and prostate) and c-KIT (GISTs)44. Not surprisingly, c-
KIT is part of the GIST expression portrait39.

These predictive markers will enable tumors to be treated on
the basis of the presence of biological pathways that contribute to
malignant transformation. Certainly, many future challenges lie
ahead as markers that predict resistance (rather than response)
are identified.

Portraits of mutation
Inherited germline mutations in some genes predispose individu-
als to developing tumors in specific tissues. For example, even
though the BRCA1 protein is expressed widely, women with a
germline BRCA1 mutation most frequently develop breast and/or
ovarian carcinomas. Although we do not understand the molecu-
lar basis of this tissue-specific tumorigenesis, tumors that arise
from these predisposing mutations may have unique molecular
portraits. Indeed, germline carriers of BRCA1 mutations develop
breast or ovarian tumors whose gene expression patterns can be
differentiated from those of most sporadic tumors3,5,9. In some
cases, sporadic breast tumors with a BRCA1 mutant expression
profile were identified and later shown to contain a methylated
BRCA1 promoter5. An interesting ethical point is that an individ-
ual could be identified to have a germline BRCA1 mutation
through an expression-based test, which would have important
genetic implications for that individual and her offspring.

Common mechanisms in the development of ALL are chro-
mosomal translocations or intrachromosomal rearrangements.
ALL can be divided into six subtypes, B-cell, pre-B, early pre-B,
T-cell and acute mixed-lineage (AML) leukemia, using lineage-
specific features of lymphoblasts. This group of diseases is fre-
quently classified on the basis of underlying chromosomal
abnormalities and the clinical significance that is associated with
these abnormalities. In a cohort of 327 bone marrow samples
analyzed by Yeoh et al.24, the six main ALL subtypes with prog-
nostic significance were identified with an accuracy of 96%. In at
least four samples, the expression-based classifications were
more accurate than were current molecular methods based on
polymerase chain reaction with reverse transcription (RT–PCR).
Unlike in DLBCLs, the identified profiles in ALL do not represent
a specific stage of differentiation, but instead reflect the presence
of specific genetic abnormalities. Notably, Yeoh et al.24 also iden-
tified a distinct TEL-AML1 subtype, which was distinguished by
20 genes that could predict, with 100% accuracy, those individu-
als who would progress to develop a secondary AML. These find-

ings imply that some individuals with ALL have a genetic predis-
position to develop secondary AML.

Multiclass tumor prediction
Many of the main branches of the cancer family tree represent
functionally distinct types of cells and, as expected, each special-
ized type of cell expresses a unique set of genes needed for its
function31. These dominant patterns of cell type expression are
evident in any microarray study in which samples derived from
different tissues are compared directly34,45,46, or in studies of his-
tologically complex tumor samples analyzed using unsupervised
methods1,21,29,38. Several microarray studies have been designed
to define tumor- and tissue-specific portraits34,45,46, in which
data sets containing between 10 and 19 different tissues have
been analyzed using the site of sample origin as the supervising
parameter.

Ramaswamy et al.34 analyzed 144 primary tumors represent-
ing 14 common tumor types. They carried out a step-by-step
analysis to define a set of genes that identified each of the 14 tis-
sues separately. In essence, a portrait of each tumor type was
painted and represented by a specific set of genes. When a new
sample was analyzed, its portrait was compared with each of the
14 portraits, and it was assigned to the class it most resembled. In
a test set of 54 primary tumor samples, 6 of 8 metastasis samples
were classified correctly by this method (78% accuracy across the
54 samples). Notably, many of the samples that were not cor-
rectly classified were histologically described as poorly differenti-
ated adenocarcinomas (6 of 20 correctly classified). Ramaswamy
et al.34 interpreted this result to suggest that poorly differentiated
adenocarcinomas may represent a distinct class rather than being
related to a differentiated cell–type class that simply lacks expres-
sion of a few genes.

Su et al.45 also developed a multiclass prediction for 10 tumor
types that showed 85% accuracy on test set predictions and 75%
accuracy on metastasis sample predictions. As two different labo-
ratories have shown high accuracy in predicting the site of origin
of metastatic samples, multiclass predictions may have practical
applications in classifying tumors of unknown origin. If the data
of Ramaswamy et al.34 are correct, however, this potential clinical
test may need thousands of genes to perform well.

Common patterns of gene expression
As many different tumors have now been profiled, we can examine
whether any patterns of expression are common among tumors
derived from different tissues. To illustrate some of the most com-
mon patterns, we present a combined hierarchical clustering
analysis of breast1,2 and lung13 tumor data sets taken from the
public domain (Fig. 3 and Web Fig. A online) and analyzed using a
combined breast and lung ‘intrinsic’ gene set and hierarchical
clustering analysis1. The most striking and most common gene
expression pattern is the ‘proliferation’ cluster47. This gene set
contains genes involved in regulating the cell cycle and genes that
encode structural protein components required for DNA replica-
tion and chromosome dynamics (Fig. 3g). The proliferation sig-
nature is correlated with cellular growth rates in vitro31 and has
been identified in breast1, lung13,14, ovary10, prostate20, liver38,
gastric tumors23, gliomas48 and lymphomas28. The identification
of this cluster in vivo probably represents how rapidly a given
tumor is growing and, as might be expected, the high expression
of these genes has been found to indicate a poor prognosis. In
addition, studies of synchronized cultures of HeLa cells have
shown that the tumor-defined ‘proliferation’ genes are regulated
by the cell cycle49. Somatic mutations of the TP53 gene are also
correlated with high expression of the proliferation signature2,38.

The second most common pattern is an interferon-responsive

©
20

02
 N

at
u

re
 P

u
b

lis
h

in
g

 G
ro

u
p

  
h

tt
p

:/
/w

w
w

.n
at

u
re

.c
o

m
/n

at
u

re
g

en
et

ic
s



review

nature genetics supplement • volume 32 • december 2002 539

gene set (Fig. 3c)1,13,29,31,38,47. Although the biological signifi-
cance of this set of genes is not understood in terms of its effects
on tumor formation or growth, this set represents an example of
a ‘functional cluster’ in which a transcription factor (STAT1) and
its target genes are present in the same expression cluster.

A third feature of our analysis is that the breast basal-like
tumors (and some HER2-positive breast tumors) share a similar
pattern of expression with lung squamous carcinomas (Fig. 3e).
This shared pattern is characterized by the high expression of
genes that are normally enriched in basal epithelial cells a gene
set that has been identified independently in the two tumor data
sets1,13. This integrated analysis suggests that breast basal-like
tumors share significant characteristics with lung squamous
carcinomas. Both types of tumor are also highly proliferative
(Fig. 3e,g).

Clinical application of genomic analyses
Emerging technological advancements in genomics are allowing
us to extract larger amounts of information from smaller and
smaller samplings. In the future, single-cell analyses may allow us
to study cancer heterogeneity and the effects of complex cellular
interactions precisely50. As genomic and proteomic tools con-
tinue to develop, it will be essential to integrate information from
several analyses into a common framework to develop a more
complete understanding of cancer biology.

Although the application of microarrays to tumor biology is
only beginning, the studies that have already classified many
types of tumor are ready for the next step; that is, to use a molec-
ular taxonomy in clinical medicine to improve cancer treatment.
But many challenges, not all scientific, need to be met before this
step is realized. For example, what type of genomic assays will be
offered and on what platforms? What are the legal issues sur-
rounding ‘multianalyte’-based tests? Will patent laws make such
clinical assays cost prohibitive?

In many ways, the immediate step is to validate the first step by
determining whether the same clinically significant molecular
classifications can be observed using different cohorts and differ-
ent genomic platforms. Next, no matter what markers are found
and what platform is used, the importance of the molecular tax-
onomy will have to be shown in large-scale clinical trials. This is a
necessary step before molecular classifications can be used to
make medical decisions about giving or withholding therapy.
Because there is no substitute biomarker for overall survival, the
hard truth about the validation of these genomic classifications is
that it may take long-term prospective trials to determine
whether a new molecular taxonomy is equal to, or better than,
the standard methods. Although there is no substitute for ran-
domizing individuals to homogenous treatment arms in a
prospective study, genomic assays that can be done on archived
tissue samples from completed clinical trials could hasten the
process of validation because patient materials and outcomes are
already available.

Ironically, microarrays have been very valuable in identifying
genes with importance to cancer medicine but may not be practi-
cal for the clinical setting. In routine surgical pathology, speci-
mens are formalin-fixed and paraffin-embedded to preserve
tissue histology, which makes the recovery of intact RNA for
microarray analysis difficult. In addition, microarrays were
developed for the large-scale scanning of genomes to find genes
that are quantitatively altered in biological systems. But once
subsets of genes are identified as clinically significant, microar-
rays may be superfluous for routine testing. As discussed above,
‘supervised’ analyses can effectively reduce the number of genes
necessary for class discrimination from thousands to between six
and seventy (these studies have also shown that 1 or 2 genes do

not perform well at classification)8,19,24,28,37.This facilitates the
use of other techniques such as real-time quantitative PCR,
which conserves samples and is faster, easier and less expensive
than DNA microarrays. We think that the best results from
tumor profiling studies are yet to come. It is uncertain whether
microarrays will be used for routine clinical diagnostics, but
microarrays will undoubtedly continue to be used in research to
find molecular portraits of clinical significance.

Note: Supplementary information is available on the Nature
Genetics website.
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