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Genomic markers for decision making:
what is preventing us from using markers?
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Abstract | The advent of novel genomic technologies that enable the evaluation of genomic alterations on a
genome-wide scale has significantly altered the field of genomic marker research in solid tumors. Researchers
have moved away from the traditional model of identifying a particular genomic alteration and evaluating the
association between this finding and a clinical outcome measure to a new approach involving the identification
and measurement of multiple genomic markers simultaneously within clinical studies. This in turn has
presented additional challenges in considering the use of genomic markers in oncology, such as clinical study
design, reproducibility and interpretation and reporting of results. This Review will explore these challenges,
focusing on microarray-based gene-expression profiling, and highlights some common failings in study design
that have impacted on the use of putative genomic markers in the clinic. Despite these rapid technological
advances there is still a paucity of genomic markers in routine clinical use at present. A rational and focused
approach to the evaluation and validation of genomic markers is needed, whereby analytically validated markers
are investigated in clinical studies that are adequately powered and have pre-defined patient populations and
study endpoints. Furthermore, novel adaptive clinical trial designs, incorporating putative genomic markers into
prospective clinical trials, will enable the evaluation of these markers in a rigorous and timely fashion. Such
approaches have the potential to facilitate the implementation of such markers into routine clinical practice and
consequently enable the rational and tailored use of cancer therapies for individual patients.
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Introduction

Over the past two decades there has been extensive
research evaluating the clinical usefulness of a range
of genomic markers in predicting patient outcome or
response to treatment in solid tumors. Typically, this
approach has involved the identification of a particular
genomic alteration with a subsequent evaluation of the
association between this finding and a clinical outcome
measure. However, the clinical impact of many of these
studies has been limited by inconsistencies in study
design and results, and despite substantial research
effort very few putative genomic markers have been
implemented into routine clinical use. Concurrently,
genomic technologies have been evolving rapidly, with
the advent of high-throughput genomic technologies,
such as microarray-based gene-expression profiling.
These techniques have revolutionized genomic research,
and have allowed the simultaneous analysis of multiple
markers on a genome-wide scale. Researchers have
rapidly adopted such techniques into both basic scientific
and translational research, and in doing so, have moved
away from the traditional model of investigating putative
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genomic markers identified from focused research pro-
grams to the identification and measurement of multiple
genomic markers simultaneously within clinical studies.
This progress has in turn presented additional challenges
when considering the use of genomic markers in onco-
logy such as clinical study design, reproducibility and
interpretation of results. This Review will explore these
challenges, focusing on the most mature high-throughput
genomic technology, microarray-based gene-expression
profiling, and will highlight some common failings in
study design that have impacted on the clinical use of
putative genomic markers.

Single genomic markers

Although many studies have evaluated potential genomic
markers in a variety of cancer types, the vast majority of
these markers have not been proven to be useful in the
clinic. For example, in almost 1,000 studies evaluating
biomarkers in breast cancer, only a handful of markers,
including estrogen receptor (ER), progesterone recep-
tor (PR) and human epidermal growth factor receptor 2
(HER2), have been implemented into routine clinical use
worldwide.! Of the more recently evaluated prognos-
tic markers in this disease, it is sets of multiple genomic
markers that have received FDA clearance (MammaPrint,
Agendia) or have been recommended as clinical decision
making tools (Oncotype DX, Genomic Health).?
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Human cancers are complex diseases characterized by
cellular and molecular heterogeneity. In tumors that have
similar clinical and pathological characteristics, signifi-
cant variability in patient outcomes has been observed.?
Therefore, a ‘single disease, single genomic marker’

Key points

= Despite extensive research, relatively few genomic markers have been
implemented into routine clinical use, often because of failings in clinical
study design

= The traditional ‘single disease, single genomic marker’ approach does not
approach fails to take account of this heterogeneity and consider tumor heterogeneity and consequently single genomic markers are
consequently single genomic markers are often found to often found to be inadequate biomarkers in clinical studies

be inadequate as biomarkers in clinical studies. Moreover, = The introduction of new high-throughput genomic technologies has enabled
with the traditional approach of investigating individual the simultaneous measurement of multiple genomic alterations, and has
genes as potential therapeutic targets, and assessing the revolutionized the field of genomic marker research in oncology

presence of mutations or nucleotide polymorphisms in = High-throughput technologies have presented additional challenges to

these genes or changes in their expression as a marker considering the routine clinical use of putative genomic markers

of treatment response, the effects of other genomic = Putative genomic markers should undergo extensive validation before they are
alterations on pharmacological response has often been implemented into routine clinical practice

missed.* Essentially, the ‘wrong’ genomic marker may = Novel adaptive clinical trial designs that incorporate genomic markers into

have been evaluated. For example, using EGFR expres- prospective studies will enable the evaluation of markers in a rigorous, timely

sion as a marker of response to EGFR targeted thera-
pies, a number of studies failed to identify an association
between EGFR expression and response to cetuximab in
colorectal cancer,>® indeed some EGFR-negative patients
seemed to benefit from cetuximab.” Although these find-
ings may partly be a reflection of variations in methodo-
logy and study design, new research has shown that the
presence of mutations in the KRAS gene have been con-
sistently demonstrated to be associated with resistance
to cetuximab®’ and other EGFR-targeted therapies, such
as panitumumab.'® Such a finding is in keeping with the
recent proposal that expression of downstream effector
molecules may potentially be more relevant than expres-
sion of the receptor itself. This proposal is in light of our
increased understanding of the effects of alterations in
individual genes on the signaling networks that drive
tumor growth and progression."

Microarray-based profiling

Microarray-based gene-expression profiling enables the
rapid, simultaneous measurement of gene expression on
a genome-wide scale and consequently this technology
represents an exciting development in genomic marker
research that has been enthusiastically embraced by
researchers worldwide. This Review will focus on this
technology, not only because is it the most mature of the
high-throughput technologies, but it has also begun to be
evaluated as a tool for decision-making in routine clinical
practice. It is this experience that highlights the parti-
cular challenges arising from using these technologies
in genomic marker research, and unless these challenges
can be overcome, incorporation of these technologies
into routine clinical use will be limited. A number of
specific challenges apparent from microarray studies are
listed in Box 1, and several of these important issues will
be discussed in more detail.

Technical considerations of specimens

Tissue specimens often have a heterogeneous com-
position, including varying proportions of malignant
cells, stromal elements, vasculature or other cells such
as inflammatory cells. Researchers have attempted to
control for this variability in several ways: use of speci-
mens of similar composition, aiming for all specimens

fashion and facilitate their implementation into clinical practice

Box 1 | Challenges incorporating microarray technology

Technical

Array platform
Reproducibility

Specimen considerations

Data analysis
Quality control assessments
Data analysis methodology

Interpretation of results
Assigning cut-off thresholds
Validation of results

to contain an equivalent proportion of tumor cells, and
including patient-matched controls or increasing the
number of specimens.'? Controlling for these para-
meters is not always possible; for example, when speci-
mens are small in size or fragmented such as diagnostic
or pre-treatment biopsies. Alternatively, tumor cells can
be enriched from a tumor specimen by laser capture
microdissection, and successful gene-expression pro-
filing using this technique has been reported in a range of
malignancies,' including prostate carcinoma, colorectal
carcinoma and breast carcinoma.

Microarray profiling technology has primarily relied
upon tissue samples that are freshly frozen, which has
limited availability, mainly due to the cost and feasibility of
collecting and storing large numbers of these specimens.
Moreover, the processing of these specimens is critical,
as the technical success of these experiments depends
upon the availability of adequate amounts of high-quality
RNA from the starting material. Ideally, tumor specimens
should be frozen in liquid nitrogen within 30 minutes
of surgical excision and stored at a minimum tempera-
ture of -80 °C to prevent degradation of the nucleic
acids.” A recent pilot study that assessed data from six
European centers for gene-expression profiling studies
to investigate the feasibility of obtaining fresh frozen
tumor tissue reported that appropriate tumor specimens
were obtained from 60 of the 64 patients, and that 46 of
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these 60 specimens contained sufficient tumor content
and yielded sufficient RNA for successful transcriptional
profiling.' However, this required a coordinated effort
from all disciplines to obtain an appropriate fresh frozen
tumor specimen within one hour of surgery.

To obtain fresh frozen tumor tissue is clearly challeng-
ing to achieve in the routine clinical setting, where speci-
mens are typically formalin fixed at the time of surgery
for subsequent histological examination. RNA extracted
from formalin-fixed paraffin-embedded (FFPE) tissue
is often of poor quality because of RNA fragmentation
and crosslinking of RNA to DNA and protein. Large
tumor specimens may also be inadequately fixed, which
adversely affects RNA viability.!” This problem can be
overcome by PCR-based analysis of gene-expression by
choosing small fragments for detection; consistent and
reproducible gene-expression data has been reported
using this approach.’®

RNA degradation has proven more challenging in
microarray-based expression profiling, firstly due to tech-
nical considerations, and secondly, the potential impact
of information ‘lost’ during the fixation, embedding
and storage processes. Novel microarray technologies and
tissue processing protocols specifically designed to
address these problems are in development as a first step
to utilize FFPE specimens routinely for microarray analy-
sis.”” These include modifications in both RNA extrac-
tion processes,? and microarray platforms, for example,
the cDNA-mediated annealing, selection, extension and
ligation (DASL) assay (Illumina Inc.), a hybrid between
microarray and reverse transcription-PCR techno-
logy.*! Other assays include the CupPrint assay, an oligo-
nucleotide array specifically designed to classify tumors
of unknown primary to a histogenetic primary origin
using FFPE specimens® and the Disease Specific Arrays
(Almac Diagnostics) in which the disease-specific probe
sets have been designed specifically to the 3' extremities
of the relevant transcripts facilitating profiling of RNA
extracted from FFPE tissues.?

In an attempt to identify the transcriptional informa-
tion lost when profiling FFPE specimens, Scicchitano and
coauthors compared the transcriptional profiles of fresh
frozen and FFPE pelleted human bone marrow stromal
cell specimens profiled on Affymetrix HGU133 Plus 2.0
arrays.” Both sets of specimens demonstrated compara-
ble performance at array level with similar proportions of
present calls and only small differences in 3':5'ratios were
observed. Although only 23% of the genes that were iden-
tified as differentially expressed from the frozen speci-
mens were identified as differentially expressed from the
FFPE specimens, pathway analysis demonstrated that
the majority of relevant gene functions and key signal-
ing pathways identified from the frozen samples could be
detected from the FFPE specimens.? Similarly, Srivastava
et al.” found that key pathways involved in prostate cancer
development and progression were identified in both
FFPE and fresh frozen prostate cancer sets profiled on the
Affymetrix platform despite differences in the numbers of
differentially expressed genes identified in the analysis
of these datasets.” Such studies suggest that meaningful

data can be obtained from microarray studies using FFPE
material; however, the rapid processing and fixation times
used in these studies may not reflect the processing and
prolonged storage of specimens performed in routine
clinical practice. Hoshida et al.*® have suggested that over
90% of archived FFPE tissues can be used successfully for
gene-expression profiling, as demonstrated by reporting
the identification of a genomic classifier predictive of sur-
vival in hepatocellular carcinoma. If subsequent studies
confirm the feasibility of using FFPE tissue obtained by
routine clinical practices for gene-expression studies,
this represents a significant advance in genomic marker
research considering the huge potential tissue resources
of archived diagnostic specimens and banked specimens
from clinical studies.

Comparison of primary and metastatic tumor

The ability to investigate gene expression on a genome-
wide scale has the potential to offer significant insights
into tumor progression; for example, by comparing tran-
scriptional profiles of primary and metastatic tumor. Such
an approach has been investigated in colorectal cancer,
where several studies have used DNA microarray profil-
ing to compare gene expression in colorectal tumors of
various stages. From these studies, panels of genes dif-
ferentially expressed between normal mucosa and colo-
rectal tumor,”* between stage II and stage III colorectal
tumors,®** and between colorectal primary tumors and
metastatic tumors®~**have been identified.

In another study, Koehler and coauthors did not iden-
tify a gene-expression signature specific to metastases, but
instead identified genes that were differentially expressed
between low-stage groups (up to pT3 tumors) and high-
stage groups (T4 tumors or extensive nodal involvement
or metastatic disease). The results from this study indi-
cate that changes in gene expression may occur relatively
early in tumor development.* Thus, it is likely that dis-
tinct gene signatures for tumors of a different stage may
be identifiable, but these may not correspond to conven-
tional clinicopathological subgroups. Moreover, most
studies investigating gene signatures between primary
and metastatic samples are generally small, include het-
erogenous patient populations and have significant varia-
tions in study design and methodology, which limits the
impact of their findings.

Obtaining appropriate tumor specimens for microarray
studies is clearly a major challenge. In particular, obtain-
ing metastatic tumor specimens for genomic analysis in
relation to treatment response prediction may be diffi-
cult or require patients to undergo invasive procedures to
obtain small tumor biopsies, as in the case of patients with
colorectal cancer presenting with unresectable hepatic
recurrence. In this setting, the ability to use archived
colorectal primary tumor as a surrogate model for mea-
suring gene expression would be highly valuable. The
reports of differential gene expression between primary
and metastatic tumor outlined above®'~** might suggest
that analysis of primary tumor would not be useful in pre-
dicting response to chemotherapy in advanced disease.
Only a few small studies have specifically addressed the
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ability of primary colorectal tumor specimens to act as a
surrogate for metastatic tumors with regard to predicting
response to treatment.

Matsuyama ef al.*® investigated the expression of a
panel of 81 candidate genes associated with resistance
to 5-fluorouracil (5-FU) chemotherapy identified from
a previous in vitro microarray study and genes encod-
ing 5-FU-related enzymes in resected colorectal primary
tumors to determine if they could predict response
to 5-FU chemotherapy from synchronous liver meta-
stases. From this analysis, a three-gene expression model
was developed that could accurately predict treatment
response. In a small study of 21 tumor samples, a global
profiling approach was used to identify a classifier predic-
tive of response to irinotecan and 5-FU chemotherapy
in patients with advanced colorectal cancer. Of note,
patients enrolled in this study were those who presented
with advanced colorectal cancer with synchronous
unresectable liver metastases, and the specimen was taken
from the primary tumor rather than the metastatic lesion.
Genes that were differentially expressed were initially
selected using Statistical Analysis of Microarrays (SAM),
and a 14-gene predictive classifier constructed using
the Support Vector Machine algorithm. This approach
demonstrated a predictive accuracy of 95% when assessed
by cross-validation.* This was a small study, however,
and this 14-gene signature needs further testing in an
independent validation set. If this gene classifier can be
successfully validated then the potential of obtaining
tissue that will be of use for genomic analysis in advanced
colorectal cancer is greatly increased.

Study design considerations

Microarray studies can be broadly categorized into three
types of studies: class discovery, class comparison and
class prediction studies (Box 2), and multiple data analysis
methods have been used in interpreting microarray data
in these studies.?”

Controlling for multiple testing

Typically, identification of differentially expressed genes
between the classes of interest, for example, treatment
response or non-response, is a common premise of both
class comparison and class prediction studies. However,
the identification of these genes is itself a challenge, as
traditional statistical regression modeling has gener-
ally used data sets containing smaller numbers of vari-
ables than cases, in contrast to most microarray data sets
that have significantly more variables than cases.* Early
microarray studies used a fold-change cut-off defined by
the researcher, for example two fold, to identify differen-
tially expressed genes between classes. This approach did
not consider the amount of variability in gene expression
and, therefore, false positives were produced in the gene
list generated. Subsequent studies have identified differ-
entially expressed genes using statistical tests of signifi-
cance such as t-tests, which assign P-values to genes based
on their ability to distinguish between sample classes.
Although widely used, such tests can also be limited by
the problem of multiple testing because the number of

Box 2 | Objectives of microarray studies®*

Class discovery

Identification of unknown patterns or trends in the
microarray data; for example, the identification of groups
of samples with similar gene-expression profiles across
all expressed genes

Class comparison

Identification of genes that are differentially expressed
between samples belonging to pre-defined classes; for
example, different tissue types, different tumor subtypes
or response to treatment

Class prediction

Involves construction of a classifier, a mathematical

function that outputs a prediction of the class of an

unknown sample, by the following steps:

= |dentify the genes whose expression is used in the
prediction

= Specify the form of the mathematical function used to
translate gene expression to the class indicator

= Specify any mathematical parameters used in the
prediction such as weighting intensity methods or
threshold cut-offs

specimens is generally much smaller than the numbers
of genes and is usually too few to adequately control for
false-positive results. For example, with a typical statis-
tical significance level of P <0.05, 50 false-positive genes
might be expected to occur for every 1,000 genes analyzed.
Using this approach, these tests might be better regarded
as a means of prioritizing genes for further analysis.*
Alternatively, methods such as the Bonferroni correction
or SAM algorithm have been developed in an attempt to
overcome the multiple testing problem and control the
false discovery rate.* For example, the SAM algorithm
identifies gene expression changes that are of statisti-
cal significance using calculations similar to a t-test for
specific genes for random permutations of the data set.
Significant genes are those demonstrating a test statistic
better than would be expected by chance. This method
provides correction for multiple testing and an estimate
of the false discovery rate. To date, many of the studies
reported that identify genes significantly associated with
a clinical outcome measure, have not addressed the issue
of false positives in their data analysis. In their review of 23
such studies published in 2004, Dupuy and Simon identi-
fied nine studies where methods to control the false dis-
covery rate were absent or inadequate.*' Results from these
studies must be interpreted with caution, particularly if
researchers attempt to identify novel prognostic or pre-
dictive genomic markers or potential therapeutic targets.
This is because a significant proportion of the differentially
expressed genes identified are unlikely to be biologically
or clinically relevant.

Sample size calculations

To date, many of the gene-expression profiling studies
reported in the literature have included small numbers
of patients, and there has been a general lack of formal
sample size calculations reported in the literature. In
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predictive microarray studies, the main challenge in
determining sample size is the complexity of the power
calculation, which is different to calculating the power of a
traditional clinical trial to test the null hypothesis. A recent
study attempted to address this problem by identifying the
minimum information required to determine the sample
size for a training set and by demonstrating error rates
from statistical modeling of prediction rules.* The authors
have also provided a web-based interface for sample size
calculation for a binary classifier based on the following
factors: the largest standardized fold change between the
classes, the number of genes or features on the array and
the population prevalence in the largest group.” They
have suggested that this methodology can be used for a
retrospective determination of the appropriateness of the
size of training set used, and have applied this approach
to previously reported microarray data sets. The results
suggest that the training set sizes in some of these studies
may have been inadequate to generate meaningful results,
although the methodology has been intentionally devel-
oped to generate conservative sample size estimates,
particularly in easy classification situations with diverse
classes. This accessible interface for sample size calculation
will certainly help researchers to assess whether reported
microarray studies have been adequately powered to
generate meaningful results, and to enable the design of
more-robust studies in the future.

Data analysis and validation of results
There are generally three steps in constructing a class pre-
dictor—a mathematical function that outputs a prediction
of the class of an unknown sample—from microarray data:
gene selection, classifier construction and estimation of
predictive accuracy. Firstly, genes that are differentially
expressed must be identified between the classes of inter-
est; for example, treatment response or non-response, as
previously discussed. Secondly, the pre-defined learning
algorithm uses these genes to generate the class predictor,
from data obtained from the training set. To date, there has
been no consensus on the ‘best’ methods of gene selection
and classifier construction, and studies have demonstrated
that identification of the best predictor is a somewhat
arbitrary process as different gene lists and classification
methods can produce variations in performance within a
given data set.**> Moreover, the major flaw identified in
a critical appraisal of published microarray studies was a
biased estimation of the prediction accuracy rather than
the methods used in classifier construction.*!
Assessment of the performance of a predictor is ideally
done by applying the predictor to an independent data
set (the validation set) as predictors that perform well on
the original data set may perform poorly on an indepen-
dent data set.! Testing a predictor in an independent test
set, however, is often difficult to achieve due to the fre-
quently limited supply of suitable patient specimens, and
researchers may prefer to use all available specimens as
a training set in view of the observation that classifica-
tion error rates decrease as sample size increases.*® In this
setting, cross-validation approaches are frequently used to
estimate the accuracy of a predictor using the data from

the training set. To avoid a biased estimation of predictive
accuracy, each stage of the construction of a class predic-
tor should be included in the cross-validation process.
Hence for each training set/test set, a predictor should be
constructed using only the training set data, and evalu-
ated using the test set data. Failure to perform adequate
cross-validation processes can result in an overestimation
of predictive accuracy by ‘overfitting’ the data, particularly
when a predictor is derived using all the data and then
tested on a subset of the data.*®*” Although rigorous cross-
validation processes help to reduce the error associated
with internal validation of the performance of a predictor
using only the original data, external validation of this
predictor using truly independent data (ideally in a sepa-
rate prospective study) is required to assess the potential
clinical utility of a proposed predictor.*5#

In addition to determining the performance of a given
predictive classifier, external validation studies should
also serve to address the reproducibility of the assay
in an independent laboratory setting, as this is of key
importance when considering the potential future clini-
cal implementation of this novel technology. Generation
of consistent gene-expression data from comparable
samples processed in different laboratories has been
found to be feasible in small, focused studies. To achieve
this goal, development of a common laboratory protocol
and demonstration of reproducibility by means of a pilot
study has been recommended.*

Interpretation of results

Gene-expression profiling studies often generate large
amounts of data that may be subjected to multiple differ-
ent data analysis processes, even within the same study.
These differences in data analysis coupled with variation
in microarray platforms used for transcriptional profiling
and heterogeneity in the patient populations included have
made interpretation of results and comparison between
studies difficult.* This has also limited the ability to
perform meta-analysis of published data to aid decisions
regarding the utility of putative gene signatures. Guidelines
for reporting studies of prognostic markers (REMARK,
Reporting recommendations for tumor marker prognostic
studies®') and for microarray studies (MIAME, Minimum
Information about a Microarray Experiment*?), in addi-
tion to the CONSORT Standard for reporting clinical
studies,” should assist the reporting of the study design,
patient characteristics, methodology, and results of
genomic marker studies in a transparent way, and facilitate
the comparison of results between studies.

Regulatory hurdles

The traditional model of biomarker development has
described five phases (Box 3) from the initial explor-
atory studies addressing the proposed research ques-
tion, through to establishing the validity of the research
assay and subsequent clinical validation studies. This is
a lengthy process, and in the case of microarray-based
technologies it may be difficult to deliver considering the
difficulties in obtaining adequate numbers of appropriate
tumor samples that adequately represent the heterogenous
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Box 3 | Phases of biomarker study design®®

Exploratory studies
Identification of potential biomarkers from pre-clinical or
clinical studies

Clinical assay development and validation
Development and optimization of the clinical assay and
assessment of its reproducibility

Retrospective longitudinal studies

Demonstration of the relationship between biomarker
expression and clinical outcome, which also includes
definition of criteria for ‘positive’ results

Prospective studies
Determination of the operating characteristics of the
biomarker based on testing in a relevant population

Randomized controlled trials

Impact of the biomarker in the relevant population such
as the evaluation of prognostic markers in the individual
treatment arms of a randomized trial

patient population under investigation. Moreover, con-
cerns have been raised regarding the potential use of this
technology in routine clinical practice given the lack of
standardization of microarray studies in the literature. As
outlined earlier, a number of small studies have addressed
the reproducibility of this methodology, but large-scale
studies have yet to fully address these logistical issues. The
Microarray Quality Control (MAQC) study is a project
led by the FDA and involves academic, government and
commercial institutions that are aiming to address these
concerns regarding reliability, reproducibility and quality.
The first phase (MAQC-I) included researchers from 51
different organizations, and evaluated the gene-expression
data generated from transcriptional profiling of pooled
samples derived from two commercially available refer-
ence RNA samples using seven different microarray plat-
forms at multiple sites. Overall, the data generated was
found to reflect underlying biology rather than techno-
logical variability, with the researchers able to demonstrate
both inter-platform and inter-laboratory reproducibility
and technical reliability.>*

The second phase of the project (MAQC-II) will attempt
to address the scientific issues around the development
and validation of predictive classifiers, in particular the
application of this approach in daily clinical management
decisions. Collaborators will attempt to validate proce-
dures and models within data sets, across data sets and
prospectively with independent samples using indepen-
dent analysis of microarray data sets.> It is likely that until
this has been achieved and a consensus reached regard-
ing the procedures necessary to develop a valid predic-
tive model, skepticism regarding the routine clinical use
of genomic technologies will remain, and integration of
these technologies into routine clinical practice will
remain limited.

Researchers have rapidly adopted microarray techno-
logy into translational research, and given initial prom-
ising results, a number of academic institutions in
partnership with commercial organizations have been

Treatment X
allocated

Marker -
positive Randomize

Measure /

genomic

marker \
Marker | o

negative

Figure 1 | ‘Marker enrichment’ clinical trial design.
Expression of a known validated genomic marker is used
to identify eligible patients for a randomized controlled trial
of Treatment X. Marker expression is measured in all
eligible patients, but only ‘marker positive’ patients are
included in the treatment randomization process. ‘Marker
negative’ patients are excluded from this study.®!

driving forward the implementation of this technology
into clinical practice. Indeed, despite the criticisms of
the published literature, microarray technology has been
identified as a core technology for the advancement of
medicinal product development and individualized
medicine by the FDA’s Critical Path Initiative,” and this
organization has also issued guidelines regarding the sub-
mission of pharmacogenomic data in drug development
and medical diagnostics to facilitate this process.*®

The implementation of genomic technology into clinical
decision making is most advanced in breast cancer, where
several prognostic gene signatures have been made com-
mercially available, and achieved FDA approval for clini-
cal use (MammaPrint, Agendia) or have been endorsed
in international guidelines of breast cancer management
(Oncotype DX, Genomic Health).>* Notably, this process
of FDA approval and endorsement has occurred without
large-scale prospective validation studies of these signa-
tures. Indeed, prospective studies using these commercial
prognostic signatures (the TATLORx and MINDACT trials)
are still in the process of recruiting patients. Moreover, the
widespread application of these prognostic signatures has
occurred despite findings from the prospective validation
RASTER study of the 70 gene ‘MammaPrint’ signature, in
which samples from over one quarter of eligible patients
were excluded due to technical failures.®

Finally, given the rapid pace of genomics research and
the focus on developing targeted therapies that can be
individualized to patients in a rational manner, to date, the
evaluation of genomic markers in clinical studies seems a
relatively inefficient process. This has prompted calls for
changes in clinical trial design both in therapeutic studies
with translational components, and in primary biomarker
studies. In the case of a predictive classifier that has been
previously developed and validated, a ‘marker enrichment’
design allocates treatment only to ‘marker positive’ patients
(Figure 1). Alternatively, all patients are randomized to
receive treatment but are tested for marker expression and
subgroup analysis performed based on marker expression
on completion of the study (Figure 2), in accordance with
a pre-defined analysis plan.®!

The classifier or marker in question for genomic
markers have often not been validated, or may be one of
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Treatment X
allocated

Treatment X
allocated

Figure 2 | ‘Planned analysis’ clinical trial design.
Expression of a known validated genomic marker is
measured in all patients eligible for a randomized
controlled trial of Treatment X. Both ‘marker positive’ and
‘marker negative’ patients are included and randomized to
receive Treatment X or control. Data is analysed in
accordance with a pre-defined analysis plan.®!

Marker .
positive ™ Randomize

Measure /

genomic

marker \
verker | [Randomze]

negative

multiple potential classifiers before considering the trial.
In this case, Freidlin and Simon proposed a novel model
of adaptive trial design that within a single clinical trial
can provide both development of the predictive classifier
and evaluation of treatment effects in subgroups based on
classifier expression.®? Simulation studies evaluating this
novel adaptive design relative to traditional study design
have demonstrated that biomarkers or genomic signatures
of drug sensitivity can be successfully incorporated into
prospective randomized phase I1I trials, without impact-
ing on the ability to detect an overall effect in the broad
population. Moreover, in situations where the drug effect
is restricted to a low proportion of the population the
adaptive design demonstrated improvements in efficiency
and reduced likelihood of concluding the treatment was
ineffective. However, the authors acknowledge that using
this adaptive approach may require an increase in the
overall sample size, particularly in situations in which
there is a small difference in treatment effect between
the sensitive subgroup of patients and the non-sensitive
subgroup of patients.*>¢

Conclusions

Over the past two decades, there have been major advances
in our understanding of tumor biology with the concomi-
tant development of novel targeted therapeutic agents.
However, the investigation and validation of clinically
useful genomic markers accompanying these research
developments has tended to be less focused, often occur-
ring as retrospective subgroup analyses from larger trials
or data used from series of tumor specimens available for

research purposes, often obtained from heterogenous
patient cohorts. Consequently, these studies have often
been relatively underpowered with poorly defined study
endpoints, inclusion criteria and protocols. Moreover,
the allocation of cancer therapies to patients in both clini-
cal trials and in the routine management of individual
patients continues to be based predominantly on obser-
vations of population risk, rather than on the expression
of validated biomarkers. This traditional approach fails
to take account of the molecular heterogeneity of tumors
and may account for the variations in outcomes observed
among patients with tumors that have similar clinico-
pathological features, such as tumor stage or grade. This
tumor heterogeneity has actually been highlighted by the
new high-throughput genomic technologies, with ‘class
discovery’ gene-expression profiling studies suggesting
new subgroups within tumor types.

Despite these rapid technological advances there is still
a paucity of genomic markers in routine clinical use at
present. A rational and focused approach to the evaluation
and validation of genomic markers is needed, whereby
analytically validated markers are investigated in clinical
studies that are adequately powered and have pre-defined
patient populations and study endpoints. Furthermore,
novel adaptive clinical trial designs, incorporating puta-
tive genomic markers into prospective clinical trials, will
enable the evaluation of these markers in a rigorous and
timely fashion, while maintaining an accurate assessment
of treatment effect. Such approaches have the potential to
facilitate the implementation of such markers into routine
clinical practice and consequently enable the rational and
tailored use of cancer therapies for individual patients.

Review criteria

Information was obtained by searching the PubMed
database for articles published before 30 April 2009.
The search terms used were “molecular markers” in
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association with “cancer”, “implementation”, “gene
expression profiling”, “microarrays” and “tumor markers”.
Only articles published in English were considered and
primary sources have been quoted where possible. Full
articles were obtained and references were checked for
additional material when appropriate. The following online
resources were accessed: http://linus.nci.nih.gov/brb
samplesize/; the FDA's Critical Path Initiative (http://
www.fda.gov/oc/initiatives/criticalpath/) and ‘Guidance
for Industry: Pharmacogenomic Data Submissions’
(http://www.fda.gov/downloads/Regulatorylnformation
Guidances/ucm126957.pdf).
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