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Biomarkers have a growing role in clinical trials. With the advent of the targeted therapy era,
molecular biomarkers in particular are becoming increasingly important within both clinical
research and clinical practice. This article focuses on biomarkers that anticipate the prognosis
of individual patients (‘prognostic’ biomarkers) and on biomarkers that predict how individual
patients will respond to specific treatments (‘predictive’ biomarkers, also called ‘effect modifiers’).
Specific Phase II and III clinical trial designs are discussed in detail for their ability to validate the
biomarker and/or to establish the effect of an experimental therapy in patient populations
defined by the presence or absence of the biomarker. Contemporary biomarker-based clinical
trials in oncology are used as examples.
Keywords : biomarker • predictive marker • prognostic marker • trial design • validation

Clinical trials have revolutionized medicine by
providing reliable evidence on the efficacy and
safety of new treatments. Until recently, clinical trials were designed and analyzed under the
assumption that the effects of treatment were
broadly similar in different individuals, and
hence the goal of the clinical trial was primarily to provide precise and unbiased estimates
of these common effects. Today, the advent of
molecular biology has modified the fundamental
tenet that the effect of treatment varies only randomly from patient to patient. There are indeed
increasing numbers of treatments (especially
targeted agents) whose effects vary widely as a
function of individual molecular characteristics.
When these characteristics are known early on
in the course of developing of new treatments,
clinical trials can be designed to target only those
patients who are expected to benefit. However,
more commonly, the exact molecular characteristics that drive a patient’s response to a specific
treatment are unknown and might only be discovered during the clinical development of the
treatment or indeed following its approval. This
fact has profound implications for clinical trials;
it may indeed revolutionize the way in which trials are planned and executed [1–3] . The purposes
of this article are, first, to discuss the ways in
which biomarkers (including, but not limited to,
molecular characteristics) are validated in clinical trials, and second, to consider how they can
be incorporated into clinical trial designs with
the goal of optimizing the use of new therapies
10.1586/ERM.10.120

in biomarker-defined subgroups of patients. Our
examples all come from the field of oncology,
where efforts to develop new methodologies for
clinical research have been most intense, but further examples abound in the other therapeutic
areas [4] . We will focus our discussion on statistical issues, leaving aside practical considerations
related to the biomarkers themselves, such as
their accessibility in specific tissues (e.g., in fresh,
frozen or formalin-fixed paraffin-embedded tissue) or the ease and reliability of their quantification (e.g., through reverse-transcriptase PCR or
microarray), all of which greatly contribute to
their potential for use in clinical practice.
Biomarkers versus clinical end points

Following the definition adopted by the
Biomarkers Definitions Working Group, a
biomarker is defined as “a characteristic that
is objectively measured and evaluated as an
indicator of normal biological processes, pathogenic processes, or pharmacologic responses to
a therapeutic intervention” [5] . First, a distinction can be made between pharmacokinetic/
pharmacodynamic biomarkers, which we do not
discuss in any detail in this article, and clinical
biomarkers – that is, those having clinical utility, which are the focus of this article (Table 1).
Pharmacokinetic/pharmacodynamic biomarkers are used in early drug development (in vitro
studies, animal experiments and Phase I trials),
while clinical biomarkers are used in Phase II
and III clinical trials.
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Table 1. Classes and types of biomarkers.
Biomarker
class

Biomarker type

When measured

Biomarker function

PK/PD

PK

Post-treatment

Ensures that active drug concentrations are generated at tolerated doses

PK/PD

PD proof of mechanism

Post-treatment

Confirms that adequate drug–target interaction has been achieved

PK/PD

PD proof of concept

Post-treatment

Demonstrates that the desired effect is produced on tumor biology when
the drug interacts with its intended target

Clinical

Prognostic

Pre-treatment or
post-treatment

Forecasts the likely course of disease in a defined population due to the
underlying tumor biology, irrespective of treatment

Clinical

Predictive or
effect modifier

Pre-treatment or
post-treatment

Predicts the likely effect or lack of effect of a specific treatment

Clinical

Surrogate

Post-treatment

Provides early and accurate prediction of both a clinical end point, and the
effects of treatment on this end point

PD: Pharmacodynamic; PK: Pharmacokinetic.

Biomarkers can be contrasted with clinical end points, which
capture information regarding how a patient feels, functions or
survives [6] . Surrogate end points, which may themselves be based
upon a biomarker, aim to replace a clinical end point with a faster
and more sensitive evaluation of the effect of experimental treatments [7] . This article is concerned with biomarkers that forecast
future states – namely prognostic and predictive biomarkers.
Prognostic biomarkers predict the likely course of disease in a
defined clinical population, irrespective of treatment; for example,
lymph node involvement predicts a poor outcome in the management of solid tumors, even though treatment may prolong the
survival of patients with and without evidence of nodal involvement. Predictive biomarkers forecast the likely response to treatment; for instance, hormone-receptor status predicts the response
to endocrine therapies in breast cancer. Many biomarkers, such as
hormone-receptor status in breast cancer, are in fact both prognostic and predictive. The present article will focus on biomarkers
that are measured once, typically before a treatment is started, in
order to guide treatment choice (Table 2) . We will not discuss biomarkers that can be measured repeatedly during or after treatment,
typically with standard techniques such as molecular imaging or
blood sampling, even though these biomarkers arguably hold the
greatest potential for future clinical research. Indeed, such dynamic
biomarkers might be used to guide treatment choices if their prognostic or predictive ability could be demonstrated, not just for a
single measurement taken before treatment, but also for repeated
measurements taken over time during and after treatment. Of even
greater interest would be dynamic biomarkers that could predict
the treatment effects on the clinical end points of interest, as these
could potentially be used as surrogate end points [7–11] .
Biomarkers in clinical trials

In this article, we will discuss the validation and use of prognostic
and predictive biomarkers in clinical trials. It will be convenient to
distinguish several situations, depending on the type of treatment
(standard or experimental), the type of biomarker (prognostic or
predictive) and whether the biomarker is validated or not (Table 2) .
‘Validation’, which is discussed in greater detail elsewhere, is the
172

confirmation by robust statistical methods that a candidate biomarker fulfils a set of conditions that are necessary and sufficient
for its use in the clinic [12] .
Biomarkers are typically initially identified by retrospective
analyses of existing patient series (possibly patients treated in
clinical trials with long-term follow-up). Biological considerations
obviously play a key role in the initial identification of prognostic
and predictive biomarkers and remain important during a biomarker’s evaluation and hopefully eventual adoption into clinical
practice. Importantly, however, while biological considerations
can help strengthen the case for the adoption of a biomarker,
they cannot dispense with statistical validation of the biomarker.
In the remainder of this article, we discuss trial designs involving biomarkers throughout the various phases of treatment and
biomarker development. We begin our article by briefly discussing
retrospective identification of biomarkers (often, although not
always, using data from clinical trials: see first two rows of Table 2 ).
We subsequently discuss prospective trial designs aimed at validating biomarkers using a standard therapy (third and fourth rows
of Table 2 ). We then proceed to prospective trial designs aimed at
testing an experimental therapy using validated biomarkers (fifth
and sixth rows of Table 2). Finally, we will discuss designs that combine testing an experimental therapy along with the validation of
corresponding biomarkers (last two rows of Table 2 ).
Retrospective identification & validation of
prognostic biomarkers

For a biomarker to be prognostic, an association must be demonstrated between the value of the marker at baseline, or changes in
the biomarker over time, and a clinical end point, independently
of treatment. For a putative prognostic biomarker to be validated,
its association with the clinical end point of interest should be
demonstrated repeatedly in independent studies, preferably across
a range of clinical situations (since, contrary to common belief,
heterogeneity is often an asset rather than a problem from a statistical point of view). Retrospective studies may be sufficient for
the initial identification and statistical validation of prognostic
biomarkers, although the biomarker’s clinical utility may need
Expert Rev. Mol. Diagn. 11(2), (2011)

Integrating biomarkers in clinical trials

Review

Table 2. Trial designs using biomarkers.
Trial
phase

Treatment

Biomarker
type

Validated Trial design
biomarker

Examples

Standard

Prognostic

No

Retrospective series

MammaPrint™ in early breast cancer
Oncotype DX® in early breast cancer

Standard

Predictive

No

Retrospective
analyses of
randomized trials

Oncotype DX in early breast cancer (SWOG-8814)
KRAS mutations in advanced colorectal cancer (CRYSTAL)
EGFR mutations in non-small-cell lung cancer (IPASS)

III

Standard

Prognostic

No

Clinical utility

MINDACT in early breast cancer
TAILORx in early breast cancer

III

Standard

Predictive

No

Randomize-all
Interaction
Biomarker strategy

MARVEL in non-small-cell lung cancer
P53 in advanced breast cancer
ERCC1 in non-small-cell lung cancer

II

Experimental

Predictive

Yes

Targeted
Bayesian

Herceptin in advanced breast cancer
BATTLE in non-small-cell lung cancer
I-SPY 2 in advanced breast cancer

III

Experimental

Predictive

Yes

Targeted

PETACC-8 in advanced colorectal cancer
TOGA in advanced gastric cancer

II

Experimental

Predictive

No

Adaptive parallel
Tandem two-step
TTP ratio

Dovitinib in HER2-negative advanced breast cancer
Saracatinib in pancreatic cancer
Molecular profiling in various tumor types

III

Experimental

Predictive

No

Enrichment
Prospective subset

IPASS in non-small-cell lung cancer
SATURN in non-small-cell lung cancer

TTP: Time to progression.

to be confirmed in prospective studies, as described later in this
article. The retrospective phase of the validation process can be
illustrated by the MammaPrint™ microarray-based signature
developed by The Netherlands Cancer Institute (Amsterdam,
The Netherlands) in a small sample of 78 untreated patients with
the goal of predicting the occurrence of distant metastases in
women with early breast cancer [13] . A retrospective analysis identified a 70-gene signature as a strong prognostic marker for the
occurrence of metastases within 5 years of resection. In a larger
sample of patients treated at the same institution, patients with a
poor-prognosis MammaPrint signature were confirmed to have a
much higher risk of distant metastases within 5 years compared
with patients with a good-prognosis signature [14] . An independent validation study of the signature was then conducted involving independent samples contributed by several European centers,
with results confirming that the gene signature adds prognostic
information over and above that provided by a binary risk classifier based on the other known clinical and pathological factors [15] .
Although these results were impressive, the clinical usefulness of
the signature was still in question, especially because the predictive accuracy of the signature was attenuated with longer followup (i.e., including patients who developed distant metastases after
5 years of follow-up) [16,17] . The negative-predictive value of the
signature for distant-metastasis-free survival status at 5 years after
diagnosis was relatively high (0.9 in the Amsterdam series; 0.84 in
the validation series), but the positive-predictive value of the signature was rather modest (0.63 in the Amsterdam series; 0.30 in
the validation series). Hence, the signature could not be claimed,
in and of itself, to be a sufficiently accurate predictor of which
www.expert-reviews.com

patients would develop metastases and could not provide the sole
basis for a treatment decision. Overall, the clinical utility of this
signature, that is, its ability to influence a therapeutic decision,
remains to be confirmed in prospective trials [17,18] . In the USA,
the development of the commonly used signature, Oncotype
DX®, followed similar steps [19] .
Retrospective identification of predictive biomarkers

For a biomarker to be predictive, the baseline value, or changes
in the values of the biomarker over time, must be shown to
predict the efficacy or toxicity of a treatment, as assessed by a
defined clinical end point. For a putative predictive biomarker
to be validated, its ability to predict the effects of treatment
(or lack thereof ) should be demonstrated repeatedly in multiple studies. The statistical identification of predictive markers requires data from randomized trials that include patients
with both high and low levels of the biomarker. Retrospective
analyses may be sufficient to identify candidate predictive biomarkers and validate them to a degree that enables them to be
incorporated into trial design and clinical practice, although
definitive evidence may still require prospective clinical trials.
The retrospective identification and provisional validation process
can again be illustrated by Oncotype DX in early breast cancer.
Using data from the Southwest Oncology Group (SWOG)-8814
trial (NCT00929591) [101] , a higher recurrence score was demonstrated to predict a larger benefit of chemotherapy given in
combination with tamoxifen in postmenopausal women with
node-positive, estrogen-receptor-positive tumors [20] . Another
notable example of retrospective identification of a predictive
173

Review

Buyse, Michiels, Sargent, Grothey, Matheson & de Gramont

biomarker is that of the KRAS mutation in advanced colorectal
cancer, which was demonstrated in multiple trials to predict a
lack of effect of two EGF receptor (EGFR)-directed monoclonal
antibodies, cetuximab and panitumumab [21–24] . Not only had a
tumor response to these drugs very rarely, if ever, been observed
in patients with KRAS-mutated measurable colorectal tumors,
but the statistical test for interaction repeatedly demonstrated
that the benefit of these drugs on overall survival was significantly greater for patients with KRAS wild-type tumors than for
patients with KRAS mutant tumors (who may not receive any
benefit whatsoever) [25] . A reliable retrospective validation of a
tissue biomarker requires the availability of biospecimens for all,
or almost all, patients enrolled in the clinical trial in order to
exclude potential sampling bias. For example, in a first biomarker
analysis of the CRYSTAL trial (NCT00154102) [102] , less than
half of all randomized patients had been tested for the KRAS
mutation [26] . The population of untested patients seemed to
benefit less from cetuximab than the tested population, which
suggested that the cetuximab benefit among patients with KRAS
wild-type tumors might have been overestimated. In a second
round of analyses, almost 90% of the randomized patients were
tested for KRAS mutation, and the potential for bias was therefore
almost entirely eliminated [25] . Some of the real-life problems with
samples of convenience in gene-expression experiments have been
recently illustrated by four trials with genomic subsets submitted
to the US FDA [27] . It is also important to emphasize that even a
retrospective validation requires a prospective analysis plan and
prespecified biomarker cut points [28] .
Prospective validation of prognostic biomarkers

Even for a prognostic biomarker that has been statistically identified and validated in one or several retrospective analyses, the
ultimate proof-of-usefulness in the clinic may still require prospective evidence from randomized trials. In particular, prospective studies are often performed to clarify the utility of the biomarker in patients for whom the optimal course of treatment is
not apparent from established assessment methods. For example,
patients with a low risk of disease recurrence might require only
standard therapy (possibly with watchful follow-up) and patients
at high risk require experimental therapy, but for patients with
intermediate risk (based on the biomarker and/or clinicopathological factors), there may be uncertainty regarding the treatment
decision. Such patients could be randomized to either standard
or experimental treatment in prospective studies to clarify the
role of the biomarker in determining treatment, thereby establishing the clinical utility of the biomarker. Examples of such
biomarker-based treatment trials in early breast cancer include
the ongoing MINDACT (NCT00433589) [103] and TAILORx
trials (NCT00310180) [104] . Although both trials aim to confirm
the usefulness of a gene signature (MammaPrint for MINDACT,
Oncotype DX for TAILORx) by randomizing patients whose risk
of disease progression is uncertain to chemotherapy versus no chemotherapy, they have taken rather different approaches to doing
so (Figures 1A & 1B) . MINDACT randomizes patients who have
discordant risk assessments according to their MammaPrint gene
174

expression and traditional histopathological features [29] , while
TAILORx randomizes patients with an intermediate Oncotype
DX recurrence score [30] .
Prospective validation of predictive biomarkers

Although the predictive potential of a putative biomarker can
be suggested by the repeated lack of treatment efficacy in the
subset of biomarker-positive patients (such as the lack of anti
tumor activity of cetuximab and panitumumab in patients with
KRAS-mutated colorectal tumors), the ultimate proof that a
biomarker is truly predictive comes from randomized trials in
which patients are either biomarker positive or negative and
receive either an experimental treatment or a standard treatment. The most straightforward situation is one in which all
patients are randomized without regard to biomarker status
(‘randomize-all’ design, Figure 1C ), and all patients (or a subset
of them) are tested afterwards to determine their biomarker
status. Although this approach could be used prospectively, it is
more commonly used retrospectively in an ongoing prospective
trial. For instance, in the CRYSTAL trial (NCT00154102) [102] ,
patients with advanced colorectal tumors were tested for the
KRAS mutation after being randomized to chemot herapy with
or without cetuximab [25,26] . The same approach was adopted
for the European Organization for Research and Treatment of
Cancer (EORTC) P53 trial (NCT00017095) [105] , in which
patients with locally advanced/inflammatory or large operable
breast cancer were randomized between a taxane and a nontaxane chemotherapy regimen, and later tested for the tumorsuppressing protein P53 using a functional assay in yeast [31] . A
potential problem with the delayed biomarker test is that the
biomarker status may not be available for all patients (some
patients may refuse consent or tissue may no longer be available), in which case it is important to verify that the subset of
patients in whom the biomarker status is known is reasonably
representative of the total population randomized.
In the prospective setting, that is, if the biomarker is available
prior to commencing the trial, it is desirable (though by no means
essential) to stratify the patients by their biomarker status and
then randomize them (‘interaction’ design, Figure 1D ). The benefits of stratification are balancing treatment groups with respect
to biomarker status, while also making sure that the biomarker
status is known for all patients. This approach was attempted in
the MARVEL trial (NCT00738881) [106] , in which patients were
tested for EGFR status and then randomized between erlotinib or
pemetrexed as second-line treatment of non-small-cell lung cancer.
The analysis was planned to be conducted separately in markerpositive and marker-negative patients, with the use of an interaction test aimed at showing that the treatment effects differed in
these two groups. Large numbers of events are generally required
to reliably detect interactions and this, in turn, generally requires
large patient populations [32] . Realistically, therefore, prospective
‘interaction’ trials capable of validating predictive markers are
likely to be few in number. A meta-analysis of several ‘randomizeall’ designs is often a more feasible option to validate a predictive
biomarker, such as that which has been performed for defective
Expert Rev. Mol. Diagn. 11(2), (2011)
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Treatment 3 (P3)
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Treatment 4 (P4)

Targeted or selection design
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Std

Biomarker + R
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And so on...

I

J

Adaptive parallel design
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Stage I

Biomarker

Stop if inactive
Stage I

Biomarker +

Stage I

Tandem two-stage design

Stage II if active

Stage II if active
Stop if inactive

Stage II if active
Biomarker

Biomarker -

Stop

Biomarker +

Stage II

Figure 1. Trial designs. (A) Discordant risk randomized design; (B) intermediate-risk randomized design; (C) randomize-all design;
(D) interaction or biomarker-stratified design; (E) biomarker-strategy design with standard control; (F) biomarker-strategy design with
randomized control; (G) Bayesian adaptive Phase II design (P1, P2 and so on: probabilities of allocating treatment 1, treatment 2 and so
on); (H) targeted or selection design; (I) adaptive parallel design; (J) tandem two-stage design.
+: Positive: -: Negative; Exp: Experimental; R: Randomization; Std: Standard.

mismatch repair as a predictor for 5-fluorouracil efficacy in stage II
colon cancer [33] . If there are multiple candidate predictive biomarkers for a ‘randomize-all’ design, permutation tests have been
proposed to control the error rate after suitable adjustment for
multiple testing [34] . It should be noted that a significant statistical
interaction between a biomarker and a treatment does not automatically imply that the biomarker will be useful for treatment
www.expert-reviews.com

selection, since the treatment could be better for all patients but
to an extent that depends on the biomarker value. A more sensible
statistical test would exclude a magnitude of effect judged to be
clinically worthwhile in subsets defined by the biomarker.
A final type of design addresses the clinical utility of a predictive biomarker. This design compares a standard treatment with
a biomarker-strategy that adapts the treatment according to the
175
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biomarker status (Figure 1E) [35] . For example, the GILT docetaxel
trial (NCT00174629) [107] used DNA excision repair protein
(ERCC1) overexpression in tumor RNA (a marker of cisplatin
resistance) to customize chemotherapy in patients with advanced
non-small-cell lung cancer. Patients were randomly assigned in a
1:2 ratio to either the control arm or the genotypic arm in which
ERCC1 was assessed. Patients in the control arm received a standard regimen of docetaxel plus cisplatin. In the genotypic arm,
patients with low ERCC1 levels received docetaxel plus cisplatin,
and those with high levels received docetaxel plus gemcitabine [36] .
There are two main concerns with this design: first, the difference between the two randomized arms is expected to be small,
especially if the prevalence of a positive biomarker is low; and
second, even if a difference was observed between the randomized
arms, it could be due to a better efficacy of the experimental arm,
regardless of the biomarker status [37–40] . The latter concern can
be addressed in a modified design that compares the biomarker
strategy with a randomized comparison of the same treatments,
using the same allocation ratio to standard treatment or experimental treatment in the two strategies (Figure 1F) . However, the
former concern remains as only a small difference can be expected
between the randomized strategies, and therefore the statistical
power for comparing the strategy arm with the nonstrategy arm
is very low [41] . Furthermore, owing to the potential inability to
distinguish between a prognostic effect of the biomarker and an
effect of treatment, this design cannot identify whether differences in outcome result from one or the other of these effects.
In general, simulation studies suggest that the two marker-based
strategy designs are less efficient than the randomize-all traditional
design [40–43] .

lung cancer underwent a biopsy and were assigned to one of
five mutually exclusive biomarker profiles based on the status of
four biomarkers (EGFR, KRAS/serine/threonine protein kinase
[BRAF], VEGF/VEGF receptor [VEGFR], retinoid X receptor
[RXR]/cyclin 1) known or assumed to have predictive impact
on the effect of the four drugs under investigation: erlotinib,
sorafenib, vandetanib and bexarotene [46,47] . Depending on
the biomarker group a patient belongs to, one of the drugs or a
combination of them is a priori indicated most (represented by
broken lines in Figure 1G ). The design is ‘Bayesian adaptive’, that
is, a Bayesian approach is used to prespecify the probabilities of
allocating patients to any of the drugs being tested (denoted by P1,
P2 and so on in Figure 1G ), and the observed outcomes (e.g., tumor
responses or proportions of progression-free patients at 8 weeks)
of patients already treated are used to update these probabilities
during the course of the trial. The BATTLE trial used a run-in
period of equal randomization before switching to the adaptive
randomization period. Early stopping rules were used to exclude
possible biomarkers by treatment combinations based on posterior probabilities of obtaining clinical responses in particular
subgroups. The I-SPY 2 trial (NCT01042379) [109] uses a similar Bayesian adaptive Phase II design to test five experimental
agents versus a standard regimen given as neoadjuvant therapy
in patients with operable breast cancer [48] . One downside of this
type of design is that the predictive biomarkers have to be known
at the start of the trial, which is not always the case in practice.
In addition, biomarkers have to be ‘ranked’ with regard to their
predictive value for specific treatment approaches to address the
situation of when a tumor expresses two or more biomarkers at
the same time.

Use of biomarkers to optimize treatment selection in
Phase II trials

Use of biomarkers in Phase III trials

We now turn to the situation in which one or more predictive
biomarkers are known or assumed to exist, where the purpose of
the trial is not to formally validate these biomarkers, but rather to
use them to optimize treatment selection. If a biomarker is truly
predictive of the effect of an experimental treatment, then the
best strategy will often be to target the subset of patients who are
predicted to benefit most. For example, the clinical development
of trastuzumab in breast cancer was restricted to patients with
HER2/neu-amplified tumors, based both on biological considerations and the lack of tumor response in advanced tumors without
HER2/neu amplification [44,45] .
The combined use of information from several biomarkers is
also likely to improve the predictive ability of any one of them.
This is particularly relevant for biomarkers which, when present,
have a high sensitivity for an outcome mandating a particular
therapy (i.e., most of the patients having these markers should
be treated), and for biomarkers which, when absent, mitigate
with high specificity against a particular therapy (i.e., most of
the patients not having the marker should not be treated). A
Bayesian approach building on these ideas has been employed
to design several recent Phase II trials. In the BATTLE trial
(NCT00409968) [108] , for example, patients with non-small-cell
176

When a predictive biomarker exists for an experimental agent, the
‘targeted’ or ‘selection’ approach seems to be most appropriate,
whereby only biomarker-positive patients enter the randomized
trials aimed at establishing the worth of the new agent (Figure 1H) .
Among the many examples of targeted trials, the TOGA trial
(NCT01041404) [110 ] compared chemotherapy with or without
trastuzumab in patients with HER2/neu-positive advanced gastric cancer. Such trials have the capacity to confirm the usefulness of the marker in identifying a population in which there
is a treatment benefit, but they do not imply that the marker is
truly predictive since they provide no information regarding the
lack of benefit among marker-negative patients. A key example
of such a situation is the effect of trastuzumab in delaying or
preventing recurrence in early breast cancer. In patients with
HER2/neu-amplified tumors, the benefit of treatment has been
established by several large randomized trials [49–53] . However,
there remains an intriguing suggestion, based on patients without
HER2/neu amplification who were accidentally entered into the
large trials, that treatment may have similar effects in patients
with HER2/neu-nona mplified tumors [54] . Unfortunately, the
targeted nature of the designs used prohibits the development of
formal proof of an interaction between the effect of trastuzumab
and HER2/neu status.
Expert Rev. Mol. Diagn. 11(2), (2011)
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Targeted trials can include different treatment options depending on biomarker values, as in the Eastern Cooperative Oncology
Group (ECOG) E5202 trial (NCT00217737) [111] for patients
with stage II colon cancer. In this trial, patients whose tumors
have microsatellite instability (a putative predictive biomarker
of resistance to fluoropyrimidines) and a normal 18q chromosome (a prognostic biomarker) will not receive adjuvant therapy,
whereas patients whose tumors have microsatellite stability and
18q chromosomal abnormality will receive adjuvant therapy [55] .
One of the key considerations when choosing between a targeted
design versus a randomize-all design, besides the opportunity to
confirm the predictive nature of the biomarker used to select
patients, is the statistical power of each of these designs under
different scenarios. While the targeted design may have a much
higher power if the biomarker is truly predictive, a randomize-all
design may accrue many more patients, especially if the biomarker
prevalence is low, and may therefore gain power if the treatment
had at least some activity in all patients [40,56–60] . Once a targeted
trial is completed, the window of opportunity to conduct another
trial in biomarker-negative patients may also have closed.
When trials of long duration are being conducted, knowledge
that becomes available regarding predictive biomarkers may
require the amendment of a randomize-all design into either a
targeted design (with complete exclusion of a subset shown to
derive no benefit or harm from treatment) or an enriched design
(with preferential accrual of a subset presumed to benefit from
treatment). Examples of such situations have recently occurred
in trials testing EGFR inhibitors for patients with colorectal cancer in both advanced disease and the adjuvant setting, with the
N0147 (NCT00079274) [112] , PETACC-8 (NCT00265811) [113]
and C80405 (NCT00265850) trials [114] , progressively focusing
on patients with KRAS wild-type tumors.
Phase II codevelopment trials: combined studies of
biomarker validation & patient selection

The Phase II and III designs discussed in the previous sections
assumed that one or several biomarkers were available to predict
treatment response (Table 2) . However, completely validated biomarkers are rarely available. Typically, a predictive biomarker is
proposed because of the assumed biological mechanism of a class
of targeted agents, or because one or more retrospective analyses
identified it as being a plausible candidate. However, even a strong
biological rationale or a single statistically significant analysis
requires confirmation, and often confirmatory trials, even those
large in size, yield conflicting results that cause confusion and
controversy [61] . It usually takes several prospective trials for a biomarker to be completely validated. Hence, future trial designs will
typically aim to validate the biomarker and establish treatment
benefit simultaneously [62] .
In the Phase II setting, several designs have been proposed to
make use of a putative predictive biomarker. A first design, termed
‘adaptive parallel’, conducts two two-stage Phase II trials in parallel; one in the biomarker-positive group (expected to benefit
more from treatment) and one in the biomarker-negative group
of patients [63,64] . After the first stage, the trial may continue in
www.expert-reviews.com
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all patients or only in the biomarker-positive group (Figure 1I) . One
such trial that is currently recruiting is a multicenter, open-label,
two-stage, Phase II trial of dovitinib in FGF receptor 1 (FGFR1)amplified and FGFR1-unamplified metastatic HER2-negative
breast cancer (NCT00958971) [65,115] .
A second design, termed ‘tandem two-step’, uses a predefined
pharmacogenomic biomarker [64,66] . All patients are entered in the
first step (or stage), regardless of the biomarker (Figure 1J) . If the
number of clinical responses that are observed in the first stage is
large enough, the study proceeds to the second stage in the overall
population. If the number of responses observed in the first stage
is insufficient, the study accrues only patients in the subgroup
predicted by the pharmacogenomic biomarker to be responders,
and the study termination is governed by a standard optimal
two-stage Phase II trial design in that subgroup of patients. The
tandem two-step design was implemented in a Phase II clinical
trial of saracatinib as monotherapy in previously treated metastatic pancreatic cancer patients, with a primary 6-month survival
end point (NCT00735917) [116] . The primary end point was not
reached in the overall population, but a predefined pharmaco
diagnostic strategy has now been employed to enrich patients
most likely to benefit [67] .
Bayesian adaptive randomization methods have been extended
to accommodate the development of targeted therapies for which
the companion biomarkers are only putative or not known at all at
the start of the Phase II trial. The trial is divided into two stages:
a learning stage to identify the biomarkers and an adaptive stage,
during which these biomarkers are used for adaptive randomization. A follow-up study of the BATTLE trial, the BATTLE-2
trial, will test four treatments in advanced-stage lung cancer using
this type of trial design [41] . Another Bayesian adaptive design
uses biomarker data and clinical outcome as they become available during the course of the trial to continuously ‘learn’ about
the most appropriate biomarkers and update the randomization
probabilities. This design is of an exploratory nature as it does
not control for type I errors [68] .
A completely different type of design has recently been proposed
that uses molecular profiling of tumor biopsies from patients who
are refractory to conventional chemotherapy in order to identify, among a large panel of approved drugs, those that could
potentially be active given their molecular target(s). Such a trial
(NCT00530192) [117] was conducted in 106 patients with various
metastatic cancers who had failed at least two lines of chemotherapy. The primary objective was to demonstrate that their time to
disease progression when on the therapy selected with molecular
profiling was longer than the time to progression (TTP) on the
last conventional treatment regimen they received; in other words,
their TTP ratio would be greater than one [69] . Although the trial
demonstrated a TTP ratio greater than one in about a quarter of
all patients, the absence of a randomized control group made these
results difficult to interpret. The TTP ratio has been used with
some success to define the optimal dose of imatinib therapy in
patients with gastrointestinal stromal tumors [70,71] . An attractive
feature of this outcome measure is that patients act as their own
control in terms of their TTP, which is appropriate for cytostatic
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agents. However, the variability inherent in TTP for successive
lines of treatment may however limit the ability of the TTP ratio
to yield reliable information, and a poor correlation between the
TTP over successive lines of treatment makes the design inefficient [72] . Use of the TTP ratio is also unlikely to reach definite
conclusions in nonrandomized designs [73] .
Phase III codevelopment trials

Sometimes a new agent requires testing against standard therapy
in a population thought to be especially responsive based on clinical observations, rather than a known biomarker. This situation
is illustrated by the EGFR tyrosine kinase inhibitors gefitinib
and erlotinib, which had shown higher response rates in certain
subsets of patients with non-small-cell tumors of the lung (especially in East Asian female patients who had never smoked and
presented with an adenocarcinoma histology) [61] . A Phase III
worldwide trial (NCT00242801) [118] comparing gefitinib to
best supportive care in 1692 unselected patients with previously
treated advanced non-small-cell lung cancer could only detect
a nonsignificant trend in favour of gefitinib in spite of the large
sample size (p = 0.087) [74] . By contrast, the Phase III IPASS trial
(NCT00322452) [119] was carried out in Asia to compare singleagent gefitinib with conventional chemotherapy in 1217 Asian
patients who were either nonsmokers or former light smokers and
had a previously untreated advanced adenocarcinoma [75] . After
the trial started, it was discovered that EGFR mutations associated with responsiveness to gefitinib were more prevalent in
Asian populations, and indeed the better outcome of gefitinib
over chemotherapy in the IPASS trial was entirely owing to the
subset of patients with EGFR mutations [75,76] . Hence the IPASS
trial had been enriched in mutation-positive patients, who represented approximately 60% of patients in whom the mutation
status could be retrospectively determined. In patients positive
for the EGFR mutation, progression-free survival was significantly longer for patients treated with gefitinib than chemotherapy (hazard ratio [HR] for progression or death: 0.48) but
in mutation-negative patients it was significantly shorter (HR
for progression or death: 2.85). Similarly, with respect to overall
survival, HRs for death in the gefitinib group in comparison with
chemotherapy were 0.78 and 1.38, respectively [75] . These results
were prospectively confirmed in at least two more Japanese trials
targeting the mutated-EGFR population: these trials showed HR
for progression or death of 0.36 (p <0.01) and 0.49 (p <0.001),
respectively [77,78] .
Finally, an increasingly frequent dilemma for the design of
Phase III trials in the presence of a potential biomarker is to
decide whether the primary analysis of the trial will include all
randomized patients or the presumed subset of responsive patients
(e.g., the biomarker-positive patients). The trade-off is clear: if all
patients benefit from the new treatment, albeit perhaps to different
degrees, then the power of a test that compares all randomized
patients is likely to be higher; while if biomarker-positive patients
benefit far more from treatment, then the power of a test that compares only biomarker-positive patients is likely to be greater. The
dilemma can be solved, at the expense of an increase in sample size,
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by performing both tests at a lower significance level, in such a way
that the overall (also called ‘experiment-wise’) type I error remains
controlled. This approach, in which a ‘prospective subset’ analysis
is planned, was used in the SATURN trial (NCT00556712) [120]
for patients with advanced non-small-cell lung cancer. After standard treatment with four cycles of platinum-based chemotherapy,
patients who had not yet progressed were randomly allocated to
receive erlotinib or placebo until progression or unacceptable toxicity were reached [79] . Progression-free survival after randomization was tested in all patients at a significance level of 0.03 and
in the patients whose tumors had EGFR protein overexpression
at a significance level of 0.02. In this trial, the overall significance
level was clearly maintained at 0.05 (the sum of 0.03 and 0.02),
but the approach was overly conservative because of the correlation between the two tests (overall and in the subset). A vast
amount of literature has been devoted to less conservative, yet
properly controlled, ways of adjusting the significance level of
both tests [80–84] .
In many cases, the assay used to measure biomarker positivity
is imperfect. One possible approach in this case is to incorporate
the positive-predictive value of the assay to estimate and test the
treatment effects in patients who are truly biomarker positive by
application of the expectation-maximization algorithm [85] . If
the biomarker is known at the start of the trial but its cutoff
value has not yet been fully established to define biomarkerpositive patients, a biomarker-adaptive design can be applied.
This design combines a test for overall treatment effect in all
randomly assigned patients with the establishment and validation
of a cutpoint for the biomarker-positive patients [81] .
Other adaptive designs have also been proposed to help make
the decision for enrichment based on the results of interim analyses. The approach consists of starting the trial in the entire patient
population, and then stopping accrual in the nonresponsive subgroup based either on a Bayesian decision rule [86] or on evidence of low conditional power [87] . The advantage of the latter approach is that it is based on established group-sequential
design methodology. Some authors have adopted the converse
approach: they start the trial only in the putatively ‘targeted’
subgroup of patients in the first stage and allow the trial either
to be terminated owing to futility in that subgroup after stage 1
or they start recruitment of the entire patient population in
stage 2 [88] . A two-stage design has also been proposed to identify a predictive gene-expression profile and to validate it in a
single prospective trial [89] . In the first stage, the gene-expression
profile is identified to predict whether a patient is more likely
to benefit from the experimental treatment compared with the
standard one, by using an interaction test. The gene-expression
profile is prospectively applied to identify the subset of sensitive patients among stage 2 patients, rather than to restrict the
entry of stage 2 patients. The final analysis of the trial consists
of a comparison of the experimental treatment with the standard
treatment in the whole trial population, as well as in the subset
of the stage 2 sensitive patients, with proper adjustment of the
significance level of each test to keep the overall significance level
under an acceptable value, such as 0.05. A more recent version of
Expert Rev. Mol. Diagn. 11(2), (2011)
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this design introduces a cross-validation extension of the adaptive
signature design that optimizes the efficiency of both the classifier
development and the validation components [40] . A challenge for
all these adaptive designs is the potential heterogeneity of treatment effects before and after the adaptation because of changes
in patient recruitment.
Expert commentary

The incorporation of biomarkers into clinical trials is likely to soon
become the norm rather than the exception. We have reviewed
the most frequently used designs in oncology, but we expect that
many more designs will be proposed in the near future, especially
adaptive ones. Although much of the methodological research in
trial design is exciting and promising, one should keep in mind
some key statistical features that are desirable in almost all situations: first and foremost, the presence of an appropriate control
group; second, a sample size sufficient for the results of the trial
to be reliable; and, last but not least, the capacity to question the
assumptions implicit in the trial design, for example, in terms of
the predictive value of a biomarker used to select therapies.

Review

Five-year view

Research and medical practice will be driven by combinations of
targeted therapies based on biomarkers obtained from primary or
metastatic tissue biopsies, other tissues and imaging techniques.
Biomarkers will be measured at baseline to select patients and
during the course of the trial to assess treatment efficacy and
safety. Novel clinical trial designs will allow go/no go decisions
to be made earlier, while the use of more sensitive end points will
accelerate new drug registration. Large-scale randomized evidence
will continue to be needed for reliable validation of early findings.
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Key issues
• Retrospective analyses of patient series or randomized trials can be used to identify prognostic and predictive biomarkers, but
prospective designs are required to validate them.
• Various Phase II trial designs have been proposed to test potential biomarkers using known drugs, or to test experimental drugs using
known biomarkers.
• In Phase III trials, clinical utility designs can be used to validate prognostic biomarkers, while randomize-all, interaction and
biomarker-strategy designs can be used to validate predictive biomarkers.
• The latter three designs suffer from low statistical power, hence trials using these designs generally require large numbers of patients.
• Targeted trial designs are preferred when a biomarker is sufficiently reliable to exclude patients unlikely to respond to therapy, whereas
enrichment and prospective subset designs are more suitable when a biomarker is suspected but still requires prospective validation.
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