








breast cancer population would be to concentrate on generating
gene expression classifiers for separate clearly defined groups of
patients based on commonly used clinicopathological para-
meters. However, strict entry criteria would severely restrict
the number of suitable patients/tumours eligible for inclusion
and this approach could take no account of possible unknown
confounding factors. In clinical practice, single sample
predictors10 are required, applicable to large groups of patients
and our work strongly suggests that these will be best generated
from the largest possible cohorts (or integrated datasets). It is
essential that researchers are aware that differences in
dataset composition can also have dramatic effects on meta-
analysis and it may not always be appropriate to combine
datasets if they have been subject to different entry criteria or
treatments.32

WILL HIGH-THROUGHPUT APPROACHES MAKE IT TO THE
CLINIC?
Clinicians have to chose the most appropriate treatment for
individuals; however many of the disease parameters currently
used are qualitative rather than quantitative. Prognostic models
such as The International Consensus Guidelines of St Gallen42

and the Nottingham Prognostic Index43 are used to guide
treatment decisions. While these models may be able to predict
proportions of the population in which an outcome may occur

with reasonable accuracy, they cannot identify in which
women the outcome will occur; the inevitable consequence of
this is either overtreatment or inadequate treatment. Following
the National Comprehensive Cancer Network guidelines can
result in unnecessary chemotherapy for up to 80% of some of
the better prognosis subgroups. For molecular signatures to have
any true value in treatment selection they must be reliably
validated to outperform or add value to existing clinical
guidelines.1 Traditional classifications of tumours may provide
clear-cut treatment options in high-risk and low-risk cases, but
often tumours fall into an ‘‘intermediate’’ group; it is in these
borderline cases where improvements are most urgently
required. In these cases the ‘‘safe’’ option is to overtreat,
benefiting a relatively small minority of cases and exposing
the rest to side effects unnecessarily. Conversely, a more
conservative approach may avoid unwarranted treatment and
additionally reduce costs, but some women that would benefit
may go untreated. Studies that examine links between gene
expression and known prognostic factors such as grade44 and ER
status45 may be beneficial for this intermediate group.

Two clinical tests based upon gene expression profiling
studies are already commercially available and being evaluated
in large multicentre, multinational trials. The TAILORx study,
sponsored by the National Cancer Institute, will test
OncotypeDX,46 a 21-gene qRT-PCR recurrence score algorithm

Figure 5 Dataset-specific bias must be removed for integration of gene expression data.32 Combining breast tumour gene expression profiles
generated by two published studies. (A) Before mean batch-centering. (B) After mean batch-centering. Hierarchical clustering of tumours based upon
640 probesets representing Sorlie et al5 ‘‘intrinsic’’ genes. Thumbnails show all 640 probesets. (i) Tumours classified by Richardson et al22: red, basal-
like; blue, non-basal like, pink, BRCA1; tumours classified by Farmer et al21: red, basal; blue, luminal; green, apocrine. Clusters of genes associated with
the ‘‘Sorlie subtypes’’ are highlighted as follows: (ii) ERBB2 gene cluster, (iii) luminal A gene cluster, (iv) basal gene cluster. (v) Centroid prediction was
used to assign the tumours to the five Norway/Stanford subtypes: basal (red), luminal A (dark blue), luminal B (light blue), ERBB2 (purple), normal-like
(green), unassigned (grey).
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(derived from gene expression array studies) that can be
performed on formalin-fixed, paraffin-embedded tissue. The
study will enrol more than 10 000 women with hormone-
positive (ER positive and/or PR positive), ERBB2-ngative and
node-negative breast cancer to determine which women should
receive adjuvant chemotherapy in addition to hormone therapy.
In a study of archival material from 4964 lymph-node-negative
breast tumours that were not treated with chemotherapy, the
Recurrence Score was strongly associated with risk of breast
cancer death among ER-positive, tamoxifen-treated and
untreated patients.47 In the B-20 study, recurrence score not
only quantified the likelihood of breast cancer recurrence in
women with node-negative, ER-positive breast cancer, but also
predicted the magnitude of chemotherapy benefit.48 However,
in a study of 149 patients who were not treated with adjuvant
therapy, the 21 gene-based recurrence score was not predictive
of distant disease recurrence, highlighting the importance of
cohort selection.49 OncotypeDX has been added to the list of
approved American Society of Clinical Oncology markers50 and
it is anticipated that 60 000 OncotypeDX tests will be
performed in 2008. With tests costing thousands of dollars this
could have implications for health service providers, although
this would be set against reducing the cost of unnecessary
treatment.1 The US Food and Drug Administration has
approved the Mammaprint clinical test that was developed by
Agendia (Huntington Beach, California, USA) from the 70-gene
signature.25 While the assay has been validated by this group,24 51

concerns regarding the design and statistical analysis used to
derive the original 70-gene signature have been raised28 52 These
issues have largely been incorporated into the prospective
MINDACT (Microarray in Node-Negative Disease May Avoid
Chemotherapy) clinical trial of 6000 patients.53 54 The
TRANSBIG consortium also used the same 70-gene validation
samples to evaluate two other gene expression signatures with
potential prognostic value that were developed, using the
Affymetrix microarray platform: the 76-gene Veridex/
Rotterdam signature27 55 and the Genomic Grading Index.44

This retrospective validation was recently published,26 conclud-
ing that the three signatures performed in a similar way, all
being superior to the classical clinicopathological methods.

One consequence of moving towards ‘‘individualised treat-
ment’’ is that it can be difficult to identify appropriate numbers
of patients with similar characteristics that have been exposed
to the same treatment regimen to adequately statistically power
a study. While high-throughput expression profiling methods
are not yet fully evaluated, they clearly have great potential that
needs to be carefully validated before they become standard
prognostic tools. In the meantime, they are generating a large
amount of valuable data that are gradually improving our
understanding of the molecular changes that are associated with
breast cancer development, progression and treatment.

CONCLUSIONS
Issues of cohort selection and choice of appropriate analysis
methods are central to breast cancer studies using high-
throughput genomic approaches. Ultimately, bioinformatics
seeks to bring meaning to biological data so that it can be
comprehended in the context of current knowledge, allowing
new hypotheses to be generated and tested.
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Take-home messages

c High-throughput genomic approaches have the potential to
significantly improve our understanding of breast cancer.

c Breast cancer is a highly heterogeneous disease and many
biological variables can affect the data generated, so careful
experimental design is required for meaningful results.

c There are many different protocols and analysis methods;
understanding which is most appropriate is a considerable
challenge.

c Results need to be demonstrated to be statistically robust,
combining datasets and performing meta-analyses can help us
to identify consensus findings.
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