When should I start using a new biomarker:
Focus on expression arrays?

C. Desmedt, C. Sotiriou*

Institut Jules Bordet, Functional Genomics and Translational Research Unit, Fonds National
de la Recherche Scientifique (EN.R.S.), Université Libre de Bruxelles (U.L.B.), Brussels, Belgium

Introduction

A tumour marker is a tool which enables the clinician
to answer clinically relevant questions regarding a
cancer disease. By definition, a marker represents
a qualitative or quantitative alteration or deviation
from the norm of a molecule (DNA, mRNA, protein),
substance or process that can be detected by some type
of assay [1]. The recent advances in basic research
and genomics have improved our understanding of
the biological basis of tumour development and
progression. As a result, a variety of molecular tumour
markers characterised in the lab, have been studied
in the clinic for their potential to predict disease
outcome or response to therapy. However, very few
markers appear to provide definitive prognostic or
predictive information. The majority of these clinical
studies were retrospective and the results, so far, have
not always been uniform with significant discordance
between detection methods of marker expression.

DNA microarray-based technology has provided
researchers with an ideal opportunity to begin taking
steps towards performing comprehensive molecular
and genetic profiling of cancer. The simultaneous
study of thousands of genes, rather than focusing on
just a few with traditional methods, has transformed
the microarray technique into a powerful, holistic
analytical tool. Clinical investigators rapidly saw the
great potential of this technology, not only for gaining
new insights into cell biology, but also as a powerful
prognostic and predictive tool.

In this article, we will use breast cancer as an
example to describe the state of the art of gene
expression studies in identifying prognostic and pre-
dictive markers, their current limitations and future
promises, and how molecular signatures might impact
on individual patient management.

Gene expression signatures as a prognostic and
predictive tool
Risk stratification for breast cancer patients based on

currently used clinical guidelines is far from perfect
and much progress is needed in identifying those
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patients who would really need adjuvant systemic
therapy, and in identifying the best therapy for the
individual patient. Thereby patients with similar clini-
cal and pathological features have been reported with
distinct clinical outcome and treatment response, sug-
gesting that there exist additional molecular mecha-
nisms determining tumour behaviour and progression.
In this context, different research groups conducted
comprehensive analyses of gene expression profiling
data resulting in the identification of several gene ex-
pression signatures predicting clinical outcome [2—10]
(Table 1). Interestingly, a common feature to all
these gene expression signatures is that when they
are compared to conventional clinico-pathological
criteria, they all identified groups of low-risk patients
not necessarily needing additional systemic adjuvant
treatment. This implies that the number of patients
that would receive unnecessary treatment could be
significantly reduced, emphasising the advantage of
these gene signatures over the clinical guidelines.
Although the prognostic potential of these different
signatures is tremendous, it might be surprising that
there is only little or no overlap between the different
gene lists and an important question which then
pops up is ‘Do these individual signatures agree
in predicting prognosis?’ In an attempt to answer
that question, Fan and colleagues compared five
different expression profiles developed during the last
6 years [14]. Despite the differences in gene lists, in
populations and platforms used, the majority of these
classifiers seemed to predict accurately for indepen-
dent data, highlighting an important observation that
all these gene cassettes contain similar information
with regards to the outcome of interest. Unfortunately,
this study was only carried out on one dataset and
did not investigate the biological foundation of these
concordant results. To further investigate this question,
our group in collaboration with the Swiss Institute
of Bioinformatics, conducted very recently a meta-
analysis of publicly available gene expression data of
nearly 3000 breast cancer patients and showed that:
(1) most prognostic signatures have similar prognostic
power, which is largely attributable to proliferation,
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and (2) that the prognostic power of these signatures
is mainly limited to the ER-positive patients, as the
majority of the ER-negative breast cancer are highly
proliferative [16]. These results support the superiority
of having a quantitative measurement of proliferation
compared to the one obtained using semi-quantitative
assays such as immunohistochemistry.

Although increasing breast cancer prognosis is of
critical importance to better identify the patients not
needing treatment, it is not sufficient since we also
need to know which therapy will benefit the individual
patient. Indeed, only a proportion of patients will
respond to a particular treatment whereas most will
experience the adverse side effects. Currently, the only
accepted and recommended predictive markers for
breast cancer are the hormonal receptors, which are
used to select patients likely to respond to hormone
therapy, and HER?2 for selecting patients for treatment
with trastuzumab.

Several predictors have been developed for en-
docrine therapy. Jansen and colleagues identified 44
genes that predicted for response to tamoxifen in
the advanced disease setting [18], whereas the two-
gene expression ratio, HOXB13 versus IL17BR and
the Recurrence Score (RS) were identified to predict
clinical outcome in primary breast cancer patients
treated with adjuvant tamoxifen [12,19]. It is difficult,
however, to dissect endocrine sensitivity from inherent
prognosis. For example, it has been shown that the
genomic grade index, (GGI), the RS and the two-gene
expression ratio HOXBI13/IL17BR were associated
with clinical outcome in both systemically untreated
and tamoxifen-treated populations [14,17,20,21]. This
suggests that adjuvant tamoxifen monotherapy does
not alter the poor clinical outcome of the high grade/
high recurrence score/high two-gene ratio subgroup,
respectively, which are most probably characterised
by highly proliferating tumours. In the context of
chemotherapy, few studies have been reported so far.
The major reason is that most of these studies ideally
require prospective sample collection in the context of
a clinical trial. Several groups have identified genes
associated with response to chemotherapy [22-27].
However, the statistical confidence of these studies
remains low due to the small sample sizes and the
unselected patient populations. Indeed, it has been
shown in the literature that ER-negative and high
grade tumours were associated with a better response
to chemotherapy. It is therefore not surprising that a
number of genes reported to be predictive of response
are in fact associated with ER, grade or proliferation
genes. Recently, using a ‘hypothesis-driven’ approach,

Duke’s researchers identified several expression pat-
terns associated with the deregulation of a variety
of oncogenic pathways that could predict response to
different therapeutic agents targeting specific deregu-
lated pathways [15]. The same group, using publicly
available drug sensitivity data derived from in vitro ex-
periments, developed multiple classifiers of response
to a variety of chemotherapy drugs and showed that
a combination of these classifiers accurately predicted
response to preoperative multi-drug regimen treat-
ments derived from two breast cancer studies [28].

Current limitations for transferring gene
expression signatures from bench to bedside
Despite these interesting and positive studies, several
doubts have been raised regarding the reliability of this
new tool in clinical applications such as prognostica-
tion and treatment prediction. Indeed, this skepticism
finds its roots in a number of microarray studies that
investigated the same clinical problem (for example,
the prediction of good outcome versus poor outcome)
but generated different gene expression classifiers with
only a small number of overlapping genes. There are
several expected technical, analytical and biological
reasons for these seemingly discrepant results.

Technology-related considerations

From a technical point of view, the assessment of an
ideal prognostic or predictive test should be fast and
robust with little inter-operator and inter-institution
variability. One of the first formal investigations of
this question compared expression data obtained from
the same sample on three different microarray plat-
forms [29]. Correlations in gene expression levels and
comparisons for significant gene expression changes
were calculated, and showed considerable divergence
across the different platforms. Later, several research
groups conducted similar comparitive studies and
showed that concordance estimates improved dramat-
ically after filtering for gene nucleotide sequence
identity [30—-33]. However, one disadvantage of this
approach is that it only considers genes which map
close or identically with probes used across platforms
and therefore reduces drastically the gene expression
information which is retained in the analysis.

In view of these concerns raised on one hand and the
great potential of this technology for tailored medicine
on the other, the U.S. Food and Drug Administration
launched the Microarray Quality Control (MAQC!)
project involving 137 participants from 51 academic
and industry partners to systematically address the
technical reproducibility of microarray measurements
within and between laboratories, as well as across

! http://www.fda.gov/nctr/science/centers/toxicoinformatics/maqc/
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different microarray platforms [34]. To this end, they
generated gene expression data from four titration
pools from two distinct reference RNA samples using
a variety of gene expression microarray platforms
and alternative gene expression profiling technologies
across three independent laboratories, making the
MAQC dataset unique both in its size and its content.
The results showed that the median coefficient of
variation for the within-laboratory replicates ranged
from 5% to 15% for the various microarray platforms,
whereas it was 10% to 20% for between-laboratory
replicates. The results also reported an average 89%
overlap of the differentially expressed genes between
test sites using the same platform and a 74% over-
lap across different unicolour microarray platforms.
Thereby, a high correlation was observed between the
ranks of log ratios among the microarrays, indicating
that all platforms, which use different approaches
to measure gene expression, were detecting similar
changes in gene abundance. In addition to the initial
publication, Canales and colleagues compared the
performance of the three quantitative gene expression
technologies, such as quantitative RT-PCR approaches,
to the five commercial microarray platforms based on
the original MAQC dataset [35]. As expected they
found a high level of correlation between the two
types of platform, with only few discordant measure-
ments. These were mainly explained by differences in
probe sequence and by the fact that the microarray
platforms showed a variable sensitivity to detect
weakly expressed genes. Therefore, in this report,
they highlighted the advantages of alternative gene
expression profiling: assay specificity, lower detection
threshold and an expanded assay range.

Alternatively, Patterson and colleagues compared
one-colour versus two-colour microarrays to quantify
mRNA abundance. Their results indicated that data
quality is essentially equivalent between the two
approaches and strongly suggest that this variable
need not be a primary factor in decisions regarding
experimental microarray design [36]. Also based on
the original MAQC dataset and taking into consider-
ation the measurement variability in the selection of
differentially expressed genes using microarray data,
some authors from the MAQC consortium developed
a novel metrics called the Reproducibility Probability
Score (RPS), a high RPS value meaning that the
differential expression is more reproducible by another
laboratory [37]. Herewith they wanted to convince
researchers to introduce the inter-laboratory variability
in identifying differentially expressed genes.

Although the first results of this MAQC huge collab-
orative effort support the use of gene expression pro-

filing for basic and applied research, the work related
to the first phase of the MAQC project did not examine
other important parameters affecting the reproducibil-
ity of gene expression profiling studies such as sample
collection and preservation, analytical and method-
ological approaches, as well data storage criteria.
Clearly, sample preparation and storage are crucial is-
sues for microarray experiment. Very soon, clinical in-
vestigators identified the need to assess the feasibility
of using the RNA from fine needle biopsy samples in
order for gene expression profiling to be applicable for
clinical research or management of breast carcinoma.
Several studies consistently reported that fine needle
aspirations yielded enough material for DNA microar-
ray analysis and observed similar gene expression pro-
files derived from FNAs and from core needle biopsy
[38—40]. However, it should be noted that FNAs offer
a purer representation of the tumour cell population,
whereas transcriptional profiles from core needle
biopsies include more representation from stroma ele-
ments. Therefore, the selection of the preferred needle
biopsy sampling technique for genomic studies of
breast carcinomas should depend on whether variable
stroma gene expression is desirable in the samples.
Besides the type of sample considered for the
analysis, sample preservation remains another critical
parameter for microarray analyses. Although recent
progress has been made with tumour RNA analysis
in formalin-fixed paraffin-embedded (FFPE) tissue,
the RNA fragmentation and chemical modifications
that occurs with formalin fixation remain significant
barriers to high-throughput DNA microarrays studies.
In this view, the collection of high quality frozen
specimens remains a crucial step. Indeed, RNA is
inherently unstable and rapid changes may occur
as a result of insults caused by tissue handling or
ischemia. Several international groups and initiatives
already addressed this issue. For example, Tubafrost?,
an initiative supported by the European Commission
which aims to create an innovating virtual (networked)
European human frozen tumour tissue bank for the
whole scientific community, proposed standard operat-
ing procedures for the collection and storage of frozen
specimens. The Fresh Tissue Working Group of the
Breast International (BIG) and National Cancer Insti-
tute (NCI) also developed recently recommendations
for fresh/frozen collection which were meant to set an
identifiable standard for the collection of fresh/frozen
tissue from BIG-auspiced and NCI-sponsored Group
breast cancer trials®>. These guidelines do not aim at
defining unique procedures but rather allow flexibility
in how frozen tissue is collected as long as the general

2 www.tubafrost.org

3 http://ctep.cancer.gov/forms/guidelines_fresh_tissue.pdf
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principles of rapid collection and freezing are re-
spected. An alternative to using fresh frozen samples is
to perform gene expression profiling on formalin-fixed
paraffin-embedded tissue, which is now possible using
multiples real-time reverse transcriptase polymerase
chain reaction (Q-RT-PCR). This is the strategy chosen
by Paik and colleagues [19] to evaluate the Recurrence
Score. Although this approach allows the measurement
of mRNA levels of several genes, the use of FFPE
tissue is still not suited for profiling thousands of
genes. Therefore, one should first try to identify a
consensus set of genes using high-throughput whole
genome profiling that could then be validated using
Q-RT-PCR and implemented to the clinic.

After data collection, the data are usually nor-
malised to facilitate the comparison between dif-
ferent hybridisation assays, as normalisation should
compensate for differences in labelling, hybridisation
and detection methods. It should be emphasised that
normalisation takes an often under-estimated critical
role in the earlier stage of microarray data analysis
since different normalisation procedures can lead to
different expression data. There exist currently several
approaches to normalise data [41—45]. The use of each
of them depends on the type of array, the number of
samples evaluated and the assumptions about biases in
the data. Although several groups already tried to pro-
vide a comparison between different methods [46—48],
the results are not consistent. In order to standardise
the recording of data transformation and normalisa-
tion, the Microarray Gene Expression Data (MGED)
Society*, which was founded in 1999 as a collaborative
effort regrouping many of the major microarray users
and developers, launched the ‘Data Transformation
and Normalisation Working Group’® aiming at facil-
itating the sharing of microarray data. Their ultimate
goal is not to oblige the microarray users to transform
and normalise their data in a specific way, but instead
to record accurately the way they performed it.

After the appropriate data have been normalised
and possibly filtered, a variety of approaches may be
chosen for further analysis. However, as highlighted by
many bio-informaticians, many analyses suffer biases
which mainly arise from the problem of multiple test-
ing and/or inappropriate validations of the results. As
an example, Dupuy and colleagues recently conducted
a critical review of published microarray studies for
cancer outcome [49]. Based on their observations, they
developed new guidelines which could serve as an
accessible and common basis for discussion among all
cancer researchers involved in microarray investiga-
tions. In this context, the MACQ consortium now aims

in the second phase of its project to understand the be-
haviour of various prediction rules and gene selection
methods that may be applied to microarray data sets to
generate clinical outcome predictors. It is anticipated
that the results derived from this initiative, which
should be available in autumn 2008, will help develop
‘best practices’ for the generation, analysis and
application of microarray data in real-life settings.

Besides analytical biases, several methodological
deficiencies may appear when reviewing published
gene expression studies. The choice of end points for
the identification of predictive gene signatures is one
example. Many studies are using clinical measure-
ments as a parameter for treatment response. However,
the concordance between clinical and pathological
response remains moderate. Thereby, it has been
shown that pathological complete response might still
not be the perfect surrogate for overall survival [50].
Furthermore, the choice of the regimen to be studied
(combination chemotherapy as opposed to single
agent) has a strong impact on the predictor which
will be developed. We have seen that there clearly
exists different molecular breast cancer subgroups,
therefore evaluating a gene signature in the whole
breast cancer population as opposed to a relevant
molecular subgroup might be of crucial importance,
as evaluating a predictor in an inappropriate cohort
might lead to underestimation of its performance.
Additionally, results are often based on sample sizes
which are too small to draw meaningful results and
unfortunately the sample size of biomarker studies is
often driven by the availability of the tissues.

In order to improve and accelerate the process
by which tumour markers that provide useful in-
formation for the management of cancer patients
are adopted into clinical practice, the Statistics
Committee of the NCI-EORTC Working Group on
Cancer Diagnostics reported guidelines for tumour
marker prognostic studies, which are the results of a
collaborative effort among statisticians, clinicians and
laboratory scientists. Although these guidelines are not
specifically addressing the development of prognostic
models from large numbers of candidate markers,
such as those deriving from microarray studies, the
recommendations regarding study design, pre-planned
hypotheses, patient and specimen characteristics, assay
and statistical methods remain also relevant to such
studies. The Program for the Assessment of Clinical
Cancer Tests® (PACCT) group of the US National
Cancer Institute has now endorsed this effort.

Although many significant results have been derived
from microarray studies, one limitation has been the

4 www.mged.org

5 http://smd-www.stanford.edu/mged/normalization.html

S http://www.cancerdiagnosis.nci.nih.gov/assessment/index.html
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lack of standards for presenting and exchanging such
data. In 2001, MGED developed the ‘Minimum Infor-
mation About a Microarray Experiment’ (MIAME)’,
that describes the minimum information required to
ensure that microarray data can be easily interpreted
and that results derived from its analysis can be inde-
pendently verified. The purpose of this checklist was to
guide authors, journal editors and referees in helping
them to ensure that the data supporting published
results based on microarray experiments are made
publicly available in a format that enables unambigu-
ous interpretation of the data and potential verification
of the conclusions. Several major scientific journals
adopted MIAME recommendations as a requirement
for publication of microarray experiments. In addition,
MGED also strongly recommends that the data is
made publicly available through one of the public
repositories for microarray data. While some journals
have already made this condition of acceptance,
MGED feels that submission requirements should be
applied consistently and that journals should recognise
the Gene Expression Omnibus (GEO)® hosted by
NCBI, Array Express’ hosted by the European Bioin-
formatics Institute (EBI) and the Centre for Informa-
tion Biology gene Expression Database (CIBEX)!0
as acceptable public repositories. As stated by Ball
and colleagues, requiring authors to submit microarray
data to a public database provides a number of consid-
erable advantages to the entire research community:
(1) it ensures that the published datasets will continue
to be available into the future, (2) having the data avail-
able in a standardised format makes it more accessible
and allows it to be integrated with other relevant data,
(3) submission prior to publication makes it easier for
referees to access the data confidentially, facilitating
the review and publication process, and, (4) the
standardisation of microarray data formats will enable
the development of additional data analysis and inte-
gration tools and enabling scientists to access, query,
and share data more easily [51]. The great potential of
having different gene expression datasets available in
the public domain was illustrated by the recent meta-
analysis we carried out using publicly available gene
expression data of ~3000 breast cancer patients [16],
which would have been impossible if all these data
would have been stored on local computers.

Clinical validation

A tumour marker is only clinically useful if the knowl-
edge of its status promotes a change in practice that
favourably affects clinical outcome. In the modified
version of the ‘Levels of Evidence Scale’, Hayes and
colleagues suggested categories to define the quality

of the data which exists for a particular biomarker,
with level V evidence being the weakest and level 1
the strongest one and considered as definitive [1].

Unfortunately, the majority of the gene expression
studies never go further than level V or IV evi-
dence, lacking further validation studies. However, for
breast cancer, TRANSBIG, the translational research
network founded by the Breast International Group,
conducted an independent validation study of the
70 and 76-gene prognostic signatures in a series of
302 patients from five different centres, and across
different statistical facilities. Although there was only
a three gene-overlap between these signatures, both
were validated in this patient cohort, even after
adjustment for clinical risk [11,13]. Similarly, the
RS was also validated in an independent population,
moving these signatures to level III/IV evidence.
According to Hayes’ definitions, level I evidence can
be obtained from a single, high-powered, prospective,
randomised, controlled trial or from a meta-analysis
or overview of multiple well-designed studies. Despite
all the potentially useful gene signatures, the process
of clinical validation to achieve level 1 evidence is
just beginning for two of them, namely the 21 gene
recurrence-score (ONCOTYPE DX- TAILORX) and
the 70 gene Amsterdam signature (MAMMAPRINT®-
MINDACT, see Fig. 1).

TAILORx® Trial Assigning IndividuaLised Options
for Treatment (Rx), which is sponsored by the US NCI
and coordinated by the Eastern Cooperative Oncology
Group (ECOG), is the first study that has been
developed as a result of the National Cancer Institute’s
PACCT. The study will enroll over 10,000 women at
900 sites in the USA and Canada. Women recently di-
agnosed with oestrogen-receptor and/or progesterone-
receptor positive, Her2/neu-negative breast cancer
that has not yet spread to the lymph nodes are
eligible for this study. Patients with a low recurrence

TRANSBIG MINDACT
Independent (N?6000)
validation study on °Pts: Node-neg, ER+/-

Amsterdam
70 gene-signature
developed on

N=78 [Ref. 2] archive material 'Ts_ﬂmpT'eslf '_:"E'Sh frozen .
9 * I'reat clinical vs genomic ris
N?300 (ref. 11 *Randomisation for discordant
N=151 [Ref. 3] cases (32%)
Levels of +Coordination= EORT(,
evidence
for Level 5 & 4
biomarkers
studies 21 gene Validation case- TAILORx
Recurrence Score control study on (N?10500)

(RS) developed on
N=447

archive material °Pfs: Node-neg, ER+

N=205 (ref.52] "Samples: Paraffin
*Treat clinical vs RS
*Randomisation for
intermediate RS (40%)
+Coordination= ECOG

N 2675 [Ref. 19]

Fig. 1. Schematic illustration of the validation strategy of the
70-gene signature [2,3,11,52] and of the Recurrence Score [19].

7 www.mged.org/Workgroups/MIAME/miame.html
8 www.ncbi.nlm.nih.gov/geo/

9 www.ebi.ac.uk/arrayexpress/

10 http://cibex.nig.ac. jp/
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score (RS) will receive standard hormonal therapy,
patients with a high RS will receive combination
chemotherapy followed by hormonal therapy, whereas
patients presenting an intermediate RS (expected to
represent 40% of the whole population) will be
randomised to receive either a chemotherapy followed
by hormonal therapy alone or hormonal therapy alone.
Currently more than 1200 patients have already been
included in TAILORx.

The Microarray for Node-negative Disease Avoids
Chemotherapy (MINDACT) trial, which is partly
sponsored by the European Commission, run under
the auspices of the TRANSBIG consortium and co-
ordinated by the European Organisation for Research
and Treatment of Cancer (EORTC), will prospectively
evaluate the added value of the 70-gene prognostic
gene signature over the clinical criteria Adjuvant! On-
line software [www.adjuvantonline.com]. The primary
objective of the MINDACT trial is to confirm that
patients with a ‘low risk’ molecular prognosis and
‘high risk’ clinical prognosis can be safely spared
chemotherapy without affecting clinical outcome. This
trial just began recruiting patients. Besides their
primary aim of evaluating the clinical applicability of
these two signatures, these trials will also serve as an
important resource for creating tissue and specimen
banks to allow future evaluation of new molecular
signatures and other technologies, such as proteomics,
epigenomics, and pharmacogenomics, as they evolve.

Conclusions and perspectives

Currently there are only a few biomarkers with proven
value in predicting prognosis or response to treatment
for breast cancer patients (Her2/Neu and oestrogen
receptors). Several gene expression studies have shown
that a pattern of molecular markers might be more
useful than individual markers and that these could
have a tremendous potential. The fact that two gene
expression signatures already entered the process of
clinical validation is a clear sign that the use of
expression profiles as biomarkers to predict disease
prognosis and outcome is coming of age. Also, gene
expression technology seems now to be mature enough
to yield predictors that are reproducible within and
across laboratories when the operating procedures
are standardised. For example, huge initiatives such
as MGED and MACQ are providing the microarray
community with standardisation of data reporting,
common analysis tools and useful controls that can
help provide confidence in the consistency and reli-
ability of these gene expression platforms.

However, a lot remains to be done, especially in
identifying biomarkers predicting response to partic-
ular therapy as unpredictable efficacy and toxicity
unfortunately still remain hallmarks of most anticancer

therapies. Also, to date, most prognostic and predictive
gene expression studies have focused on tumour
characteristics, but it is likely that pharmacogenetics,
genetic variability in the metabolism of therapeutic
agents, as well as interactions between host and
tumour cells also play an important role. Thereby, the
application of the rapidly evolving high-throughput
techniques for the realisation of genomic, proteomics
and metabolomic profiles hold great promise to in-
crease our biological understanding of the disease. But
at the end, the final purpose of these different ‘-omic’
approaches should not be to neglect the commonly
used clinico-pathological markers but to try to find a
way to make predictions more accurate by integrating
different types of information and so provide the
oncologists with a more accurate tool to facilitate the
individual patient’s treatment decision making.
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