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A typical array experiment yields at least tens of thousands of measurements on often not
more than a hundred patients, a situation often denoted as the curse of dimensionality.
With a focus on prognostic multi-biomarker scores derived from microarrays, we highlight
the multidimensionality of the problem and the issues in the multidimensionality of the
data. We go over several statistical challenges raised by this curse occurring in each step
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Microarray tools and solutions to answer these challenges are provided and discussed.
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Prognostic

1. Introduction In this paper, we focus on biomarkers that affect the out-

A typical microarray experiment yields currently some tens
of thousands of measurements — or even millions of geno-
types — on often not more than a hundred patients, a situa-
tion often denoted as the curse of dimensionality. At the end
of the road the experimenters try to summarize the huge
magnitude of information in a parsimonious equation or
multi-biomarker score. It is desirable that this biomarker
score will be reproducible, sensitive and specific for its asso-
ciation with a clinical endpoint, with an important impact
on treatment decisions from a clinical and economic
viewpoint.
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come or prognosis of individual patients in terms of a clinical
endpoint (“prognostic” biomarkers) and to a lesser extent on
biomarkers that are related to the effect of a specific treatment
on a clinical endpoint (“predictive” biomarkers, more broadly
called treatment “effect modifiers” outside the oncology field).
Array technologies are expected to obtain reliable information
for developing such biomarkers and to open the door to
patient-specific personalized medicine. Microarray experts
have even hailed the possibility of conducting clinical trials
with only a few patients (Liu and Karuturi, 2004). As of
September 2010, 31,633 peer-reviewed articles containing the
words “gene” and “microarray” can be found in PubMed.
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A closer look at the literature reveals many conflicting re-
sults. When different analysis teams start from the same
raw microarray data, completely opposite results in terms of
prognostic value can be obtained (Coombes et al., 2007). On
the other hand, when the analysis strategy is fixed, subtle
changes in the patient data used for determining the bio-
marker score can lead to remarkably different gene lists and
prediction results (Michiels et al., 2005).

Replication in independent patient series is also often lack-
ing (loannidis et al., 2009).

The most famous applications of multi-biomarker scores
are found in breast cancer where different gene classifiers
have been developed to address the same clinical question
of whom to treat with adjuvant chemotherapy. However be-
cause of imperfect concordance between the tests, this might
lead in the future to a situation in which different predictive
tests may lead to different treatment decisions for one and
the same patient (Koscielny, 2008, 2010). All taken together,
this calls for some careful attention to the different steps of
microarray analysis.

Many papers have nicely reviewed in detail how to analyze
typical microarray data experiments (Allison et al., 2006;
Reimers, 2010; Simon et al, 2003), to interpret them
(Michiels et al., 2007) and to report the results (Dupuy and
Simon, 2007). We will not go into the important transition
from the microarray images to data ready to be used for statis-
tical analysis (Owzar et al., 2008).

In this paper, we voluntarily start with playing the devil’s
advocate: using a provocative point of view to illustrate the
multidimensionality of the problem. We will then go over sev-
eral statistical challenges raised by this multidimensionality.
What are the specific analytical tools and solutions that
have been proposed and what their problematic is. Can we
come up with better ones? We will go over these challenges
occurring in each step of microarray analysis on patient
data, from the hypothesis and the experimental design to
the analysis methods, interpretation of the results and clinical
utility.

2. Playing the devil’s advocate: the
multidimensionality of the problem

For the last few years, the medical literature has been in-
vaded by microarray studies aimed at defining gene profiles
to discriminate between good and poor prognosis tumors.
The biological postulate underlying prognostic microarray
studies is that all tumors acquire a metastasis phenotype
through the same unique mechanism, and that gene expres-
sion data in tumor tissue obtained at resection of the primary
tumor can be used to clearly distinguish tumors that will re-
lapse from those that will not. The results of the pioneering
prognostic microarray study concerning breast cancer (van
't Veer et al., 2002) are considered proof of concept and
have led to general acceptance of the postulate. However,
the performances of microarray studies are poorer than ini-
tially thought and published gene signature lists are unstable
(Michiels et al., 2005). Some of the multi-biomarker scores do
show consistent prognostic value such as is the case in breast
cancer, but until the recent advent of large validation studies,

microarray studies have not allowed a significantly better
prognostic classification than conventional prognostic
models (Albain et al., 2010; Buyse et al., 2006). In addition, it
has been shown that almost all first-generation gene signa-
tures in breast cancer provide a quantitative read-out of the
same biological pathway of proliferation (Haibe-Kains et al.,
2008; Wirapati et al., 2008). As of today we are still in need
of a precise estimation of the incremental value (EGAPP
Working Group, 2009; Koscielny and Michiels, 2010;
Marchionni et al., 2008). Moreover, by assuming a unique
mechanism for the metastasis phenotype, the microarray
postulate is in contradiction with the concept of cancer het-
erogeneity, and consequently with the need for individual-
ized treatments. This would mean that, without rejecting
the potential interest of microarrays, true critical consider-
ation, incorporating, and not opposed to, full clinical evi-
dence is now necessary. For example, early detection and
screening are known to be efficient strategies to reduce can-
cer mortality (CISNET Breast Cancer Collaborators, 2006;
Koscielny et al., 2009), which would imply that the prognosis
is not a built-in characteristic of a tumor, present in the
genes during the evolutionary process of the tumor. Conse-
quently either genomic characteristics of tumors change
with time or the meaning of these characteristics depends
on tumors’ clinical characteristics. In that sense the progno-
sis is a multidimensional problem, with interlaced complex
clinical and biological dimensions.

3. The multidimensionality of the data

A common objective of many -omics studies is to find the
genes that are most differentially expressed between two (or
more) classes of tumors with different characteristics: for in-
stance, between a group of tumor samples from primary cuta-
neous melanoma patients who developed a distant metastasis
within 4 years after surgery and a group of tumors from pa-
tients who did not (Winnepenninckx et al., 2006). A statistic
measuring the difference in gene expression between the
two types of tumors is selected such as a standard t-statistic,
or a logrank statistic for censored survival data, or variants de-
veloped especially for microarray data. Genes are then ranked
according to this statistic, starting with the most differentially
expressed gene. A cutoff is selected leading to a list of genes
most differentially expressed. In the cutaneous melanoma ex-
ample, the top 254 genes were selected to be differentially
expressed between the groups of patients with distant metas-
tases versus those without (all genes with an individual p-
value lower than 0.001).

When one applies a statistical test for each gene, the num-
ber of tests performed is equal to the number of genes. If
10 000 genes are studied and none are really associated with
the characteristics under study, then, taking the usual 5%
limit for a significant p-value, one expects 5% of the genes,
that is, 500 genes to appear as significantly associated with
the characteristics, all being false positives. One can lower
the p-value cutoff such as in the melanoma example above
(for which only 10 out of 10 000 genes would be expected to
be false positives at the 0.001 cutoff), but one must not forget
that lowering the p-value cutoff will reduce the number of
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false positives but can also increase the number of false
negatives.

Another solution to reduce the risk of false positives is to
select more stringent rules to define statistical significance.
The family-wise error rate criterion aims to control the prob-
ability of making at least one false positive among all bio-
markers tested. A less stringent criterion aims at the false
discovery rate or the expected proportion of false positive
genes among those declared as differentially expressed. For
instance, Benjamini and Hochberg (Benjamini and Hochberg,
1995) suggest to rank the genes according to the p-values,
starting with the most significant, and to compare the ith p-
value pi to 5% x i/n, where i is the rank in the list and n is
the total number of genes. Under some “soft” hypotheses on
possible dependence between genes, this limits to 5% on aver-
age the proportion of false positives among the genes declared
significant. Because many genes might actually have strong
correlation patterns among each other, more computer-inten-
sive permutation methods are available which control these
criteria (Ge et al., 2003).

4. Multidimensional analytical tools and
multidimensional solutions

4.1. Experimental design

Once the primary objective of the array study is chosen, an
experimental design has to be defined to control and exclude
as many biases as possible and reliably test the study hypoth-
esis (Ransohoff, 2007). Possibilities of bias start with speci-
men collection biases (Ransohoff and Gourlay, 2010).
Guidelines have been proposed for the different phases of de-
velopment (Buyse et al., 2010; Pepe et al., 2001). Here, we
adapt the phases as proposed in the cardiovascular field
with some minor modifications (Hlatky et al., 2009), displayed
in Table 1.

Possible improvements in study design include randomi-
zation of the samples to the laboratory processes, blinding
of the laboratory staff to clinical outcome, use of nested
case-control designs (Pepe et al., 2008) and also matched retro-
spective analyses. An expensive way to tackle the multidi-
mensionality problem is to increase the sample size of the
array experiments, which will lower the false discovery and
false negative rate (Pawitan et al., 2005).

4.2. Cluster analysis or unsupervised classification

One way to reduce the multidimensionality of the data is to
transform the entire data set into a limited set of clusters
without a priori knowledge. For example, breast cancers
were among the first cancer sites to have been divided into
several subgroups using cluster analysis of microarray data
(Perou et al., 2000).

A commonly used hierarchical clustering method starts by
defining a distance between two tumors as a function of the
difference in gene expression. One then regroups the two clos-
est tumors and proceeds by regrouping tumors to obtain
a cluster tree, which can be split into branches by selecting
a cutoff distance. There are many algorithms available for per-
forming clusterization, and for a given algorithm there are
many ways to define a cutoff distance. Furthermore, even in
the case of random noise, the technique produces a cluster
tree (Miller et al., 2002). It is thus very difficult to know whether
the results observed are a characteristic of the sample consid-
ered or whether they would be reproducible in another similar
collection of tumors. One way to evaluate whether the
obtained clusters are stable or not is to perturb the original
data set by resampling and to investigate whether the same
clusters are found again (Suzuki and Shimodaira, 2006).

Clustering results have shown to be very dependent on the
type of normalization method used for the array data set (Lusa
et al.,, 2007) and it is very hard to project the clusters to inde-
pendent data sets. Thus, unsupervised analyses pose several
problems: classification instability because the inclusion of
a new patient may modify it, arbitrariness in the choice of
the algorithm used for clustering and in the choice of the
number of classes. It seems that cluster analysis methods
have been somehow overused in the first burst of enthusiasm
for microarrays and methodologists consider that outcome-
related problems should be addressed with supervised strate-
gies as those presented in the next section (Allison et al., 2006;
Dupuy and Simon, 2007; Michiels et al., 2007).

4.3. Development of a prediction rule or supervised
classification

A popular way to tackle the multidimensionality problem in
an outcome-related array study is to develop a clinically rele-
vant multi-biomarker score or prediction rule from the data.
We encourage the pre-specification of the different compo-
nents — choice of gene selection method, prediction rule and

Table 1 — Different phases of development and evaluation of a clinically useful prognostic multi-biomarker score or “biomarker” using array

technologies.

N° Phase Elaboration

1 Proof of concept Do biomarker levels differ between subjects with and without outcome?

2 External validation Does the biomarker predict development of future outcomes in a cohort or nested case-cohort/case-cohort study?
3 Incremental value  Does the biomarker add information to established, standard risk markers?

4 Clinical utility Does the biomarker change predicted risk sufficiently to change recommended therapy?

5  Clinical outcome Does use of the biomarker improve clinical outcome, especially when tested in a randomized clinical trial?

6 Cost-effectiveness  Does use of the biomarker improve clinical outcome sufficiently to justify the additional costs of

testing and treatment?



http://dx.doi.org/10.1016/j.molonc.2011.01.002
http://dx.doi.org/10.1016/j.molonc.2011.01.002
http://dx.doi.org/10.1016/j.molonc.2011.01.002

MOLECULAR ONCOLOGY 5 (2011) 190-196 193

if necessary cutoffs — in a translational research protocol. A
metric needs also to be chosen in order to evaluate perfor-
mance of the prediction rule, such as the misclassification
rate (error rate), sensitivity and specificity, or measures of pre-
dictive accuracy such as area under the Receiving Operating
Characteristics curve (sensitivity versus 1 — specificity) and
explained variation (Gerds et al., 2008).

Let’s have a closer look at one of the breast cancer multi-
biomarker scores that is one of the closest to implementation
in clinical practice: van’t Veer’s 70-gene signature for predict-
ing the occurrence of distant metastasis in breast cancer pa-
tients, patented under the name MammaPrint. This multi-
biomarker score used a nearest centroid prediction rule, rela-
tively simple but still top of the cream of the published gene
signatures (Koscielny, 2010). For each new patient, the expres-
sion of the 70 genes is measured and a distance is calculated to
the average values of those 70 genes among the subset of pa-
tients who experienced a distant relapse in the retrospective
series used to train the prediction rule (van ’'t Veer et al,,
2002). If the distance is low enough (a correlation value above
0.4) the patient will be classified as poor prognosis.

Many more complicated prediction rules have been sug-
gested in the microarray literature. The results have been ad-
equately described as a statistical tower of Babel (Allison
et al.,, 2006). Some microarray analysis packages present sys-
tematically the results of several classification methods for
a single data set. It is then very tempting to publish only the
best-looking result, leading to a biased evaluation of the per-
formance of the prediction rule (Ioannidis, 2005). We wrote in
2005 that, in principle, there is no biological or mathematical
reason why one particular classification method should be
better than another for the prediction of the outcome of can-
cer patients based on microarray data since there are many
possible solutions in the multidimensional gene expression
space (Michiels et al., 2005). But what is the reason that rela-
tively “simple” methods work well in the data cursed by the
multidimensionality, beyond an Occam’s razor interpreta-
tion? There is not much empirical evidence available that
more complex models would outperform simpler ones and
no one method is widely accepted as superior or optimal.
All methods, simple or complicated ones, are actually suscep-
tible to overfitting to a certain degree. The large MicroArray
Quality Consortium II, led by the FDA has recently shown
that variations on univariate gene selection methods and pre-
diction rules have only a modest impact on performance (Shi
et al,, 2010) and several statistically equally good predictors
can be developed for any given classification problem
(Popovici et al., 2010).

Still the same question remains: how should the huge
amount of biomarker information be summarized into one
single multi-biomarker equation? The main types of ap-
proaches have been coined: the ‘top-down’ approach and
the hypothesis-driven or ‘bottom-up’ approach. The top-
down approach derives from a prognostic model simply by
looking for gene expression patterns associated with clinical
outcome without any a priori biological assumption, whereas
the bottom-up approach first identifies gene expression pro-
files linked with a specific biological phenotype and subse-
quently correlates these findings to an appropriately defined
clinical outcome (Liu, 2005; Sotiriou and Piccart, 2007).

5. Challenges in the transfer to the clinic
5.1. External validation

Showing that a multi-biomarker score beats chance in a single
data set was actually the easy part. The next crucial step in the
translation of gene signatures in a clinical setting is external
validation, which can be defined as providing evidence that
a prediction rule works satisfactorily on patients other than
those used to define the biomarker score (Altman and
Royston, 2000). This is needed because many different factors
can explain the separation between the distinct groups of pa-
tients: chance finding, biases, etc... (Ransohoff, 2004, 2005).
External validation requires an independent study to be pro-
spectively designed to confirm the results of a previous study,
in order to reduce the play of chance and the potential for
biases. The same methodological guidelines apply as for the
validation of classical tumor markers (REMARK NCI-EORTC
Guidelines (McShane et al., 2005)) but there have been many
easy-to-avoid mistakes in multi-biomarker score validation
studies (Michiels et al., 2007). Ideally, validation of an experi-
mental gene signature should be performed in an indepen-
dent patient population in a similar clinical setting, by an
independent research team.

Some difficulties in replication using publicly available
data sets can arise due to cross-platform differences but evi-
dence-based guidelines have been started to be developed
for performing solid meta-analyses of array data (Ramasamy
et al., 2008).

5.2. Incremental value

When a multi-biomarker score has been shown to classify
better than chance and this prognostic value has been exter-
nally validated, what is its true place in clinical practice
compared to clinical prediction methods that are already
widely established? This is one of the most important hur-
dles facing the translation of gene expression signatures
into the clinic.

One must therefore study whether these signatures add
prognostic information to the clinical decision rules in use.
It is not sufficient to perform a multivariate regression analy-
sis, for instance a Cox’s regression model, comparing the ef-
fects of the clinical prognostic factors and of the signature,
and to show that the gene signature is ‘more significant’
than the clinical factors in this model. It has even been shown
that a marker with an odds ratio of 3is in fact a very poor clas-
sification tool and that an odds ratio of 30 or more is desirable
(Pepe et al., 2004). A biomarker is of interest only if it provides
additional prognostic value, over and above that of all easily
measured clinical and pathological characteristics of the pa-
tients. The gain in predictive accuracy by the classifier as com-
pared to established clinical prognostic factors should
therefore be quantified (Dunkler et al., 2007; Kattan, 2003), by
comparing the predictive accuracy of the two multivariate
models with and without the gene signature. The updated
prognostic model will need to be well calibrated as well by
comparing the agreement between the predicted with the ob-
served outcomes (Steyerberg et al., 2010). A multi-biomarker
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score could also be of interest if it provides a more reproduc-
ible, cheap and precise assay of an already existing tumor
measurement that has proven clinical utility so that the clin-
ical prediction rule could be updated.

5.3. Implementation in clinical practice: impact studies

The two signatures in breast cancer that have already been
used to design clinical trials are the Mammaprint score men-
tioned above and a 21-gene score called the OncotypeDX as-
say. In these two randomized trials, chemotherapy is
compared to no chemotherapy in the population of patients
classified according to the results of a genomic test.

In theory, a trial is actually not needed to validate the prog-
nostic value of a multi-biomarker score since this can be done
through multiple independent retrospective validation stud-
ies. But randomized trials can be used to validate a gene signa-
ture prospectively in the absence of high quality retrospective
material (and thus avoid all biases that may affect retrospec-
tive validation), investigate the potential of the gene signature
as an effect modifier (e.g. associated with the magnitude of the
benefit of treatment) and confirm the gene signature’s clinical
utility or impact on treatment decisions. An overview of some
of the recent biomarker-based clinical trial designs can be
found in (Buyse and Michiels, 2010).

6. Conclusion

The holy grail in microarray studies seems to have been the
search for prognostic multi-biomarker scores based on retro-
spective convenience samples. But due to the multidimen-
sionality of the data, many different biomarker scores can
be constructed that all have a similar amount of prognostic
information. No single unique prognostic biomarker score
will probably exist for a given disease type. Although gene
lists seem at first sight very distinct, it could well be that
they are all a read-out from the same biological characteristic
of a tumor (such as proliferation in the early breast cancer
example).

In our view, a priori specification of the rules and methods
used to divide the data and determine the multi-biomarker
score -i.e. the selection of the genes, the prediction rule, and
the cutoffs- is an optimal approach for hypothesis-driven re-
search and, in this case, leads to the generalizability of predic-
tion accuracy estimates for future patient series. In contrast,
trying several alternative methods and choosing the most op-
timal one among them is still a good way to generate false pos-
itive results or to support unduly optimistic views.

A great deal of the concerns raised from multidimensional-
ity of arrays boils down to some of the basics in statistics: solid
experimental design. Array technologies do provide fascinat-
ing discoveries but we encourage the use of more informative
designs for translational research studies, such as designs
with repeated time points measuring change in gene expres-
sion before, during and after treatment in order to identify tar-
gets of new and not so new treatment regimens.
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