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Cancers of the same primary site are in many cases 
heterogeneous in molecular pathogenesis, clini-
cal course, and treatment responsiveness. Current 
approaches for treatment development, evaluation, 
and use result in treatment of many patients with inef-
fective drugs and lead to the conduct of large clinical 
trials to identify small, average treatment benefi ts for 
heterogeneous groups of patients. New genomic and 
proteomic technologies provide powerful tools for 
the identifi cation of patients who require systemic or 
aggressive treatment and the selection of those likely 
or unlikely to benefi t from a specifi c regimen. In spite 
of the large literature on developing prognostic and 
predictive biomarkers and on statistical methodology 
for analysis of high dimensional data, there is consid-
erable uncertainty about proper approaches for the 
validation of biomarker-based diagnostic tests. This 
article attempts to clarify these issues and provide a 
guide to recent publications on the design of clinical 
trials for evaluating the clinical utility and robustness 
of prognostic and predictive biomarkers.

Introduction
This article reviews the developments in clinical trial 
designs for development of predictive biomarkers. First, 
however, it is important to clarify terminology. Biomarkers 
are biological measurements that are used for diverse pur-
poses. Validation has meaning only in the sense of “fi t for 
purpose” and so general defi nitions of the term biomarker 
sometimes create confusion by mixing the standards for 
validation of one type of biomarker with those of others. 

Biomarkers can be subdivided into measurements 
that are made once at baseline and those that are made 

repeatedly. Here, the focus is on baseline biomarkers. 
They are usually divided into prognostic biomarkers and 
predictive biomarkers. 

Prognostic biomarkers are often defi ned as measure-
ments made at diagnosis that provide information about 
patient prognosis in the absence of treatment or in the pres-
ence of standard treatment. In many prognostic marker 
studies, heterogeneous groups of patients are included with-
out regard to stage or treatment. Such studies rarely result 
in the development of markers that are used in clinical 
practice [1]. Markers are not usually measured in practice 
unless they have utility in the sense of informing physicians 
to make improved treatment decisions. Perhaps the most 
basic problem with the design of many prognostic marker 
studies is their lack of focus on a medical indication. This 
lack of focus results in heterogeneous patient selection and 
an exploratory approach to data analysis. 

Predictive biomarkers are measured at baseline to iden-
tify patients who are likely or unlikely to benefi t from a 
specifi c treatment. Estrogen receptor (ER) overexpression 
is probably both a prognostic and a predictive biomarker. 
Patients with ER-positive tumors have longer survival in 
the absence of systemic therapy, making ER a prognostic 
marker. ER positivity is a predictive marker for benefi t 
from anti-estrogens such as tamoxifen. ER negativity is 
also a predictive marker for benefi t from several cytotoxic 
chemotherapy regimens. Human epidermal growth factor 
receptor 2 (HER-2) amplifi cation is a predictive marker 
for benefi t from trastuzumab and perhaps also from doxo-
rubicin [2,3] and taxanes [4]. A predictive biomarker can 
also be used to identify patients who are poor candidates 
for a particular drug. For example, advanced colorectal 
cancer patients whose tumors have KRAS mutations 
appear to be poor candidates for treatment with epider-
mal growth factor receptor (EGFR) antibodies [5]. 

Developing Predictive Biomarkers
Predictive biomarkers based on single gene/protein mea-
surements are attractive because they are often closely 
linked to the target of the drug and are thus biologi-
cally interpretable. In some cases, the target of the drug 
is known but it is not clear how to best measure target 
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inhibition or whether the target is driving tumor growth 
and invasion for an individual patient. In other cases, the 
drug may have several targets and the options for mea-
surement will be more numerous. Sawyers [6•] has stated 
“One of the main barriers to further progress is identi-
fying the biological indicators, or biomarkers, of cancer 
that predict who will benefi t from a particular targeted 
therapy.” If a predictive biomarker is to be co-developed 
with the drug, then the phase 1 and phase 2 studies 
should be designed to evaluate the candidate markers 
and assays available, to select one, and then to perform 
analytical validation of the assay prior to launching the 
phase 3 trial. Accomplishing all of this prior to initiation 
of a phase 3 trial can be very challenging. 

The term classifi er refers to a test that translates bio-
marker measurements to a set of predicted categories. For 
a predictive classifi er, the categories often refer to patients 
most likely to respond to the new regimen and those less 
likely to respond. A biomarker based on a measurement 
involving a single gene or protein can be converted to a 
classifi er by introducing one or more cut-points, depending 
on how many categories are desired. Classifi ers can also be 
defi ned by introducing cut-points to the summary score, 
which combines the expression levels of many genes [7]. 

Gene expression profi ling
Many algorithms have been used effectively with DNA 
microarray data for predicting a binary outcome. Dudoit 
et al. [8] compared algorithms using several publicly avail-
able data sets. The simplest methods, such as diagonal 
linear discriminant analysis and nearest neighbor clas-
sifi cation, generally performed as well or better than the 
more complex methods. 

A gene expression–based classifi er may involve mea-
surement of the expression of many genes, but it is a 
discrete indicator of two or more classes and can be used 
for selecting or stratifying patients in a clinical trial just 
like a classifi er based on a single gene or protein. A gene 
expression classifi er is not just a set of genes, however, 
and investigators who develop prognostic or predictive 
gene expression–based signatures should publish how 
the genes were weighted and what cut-points they used to 
develop risk groups, not just the list of their genes [9•]. 

Potti et al. [10] and Bennefoi et al. [11] reported the 
development of predictive biomarkers of response to stan-
dard chemotherapeutic agents using human tumor cell 
lines. Coombes et al. [12] and Baggerly et al. [13] were 
unable to confi rm those fi ndings. There is substantial 
interest in using cancer cell lines to develop single gene 
predictive biomarkers for molecularly targeted drugs [14]. 

van’t-Veer and Bernards [15] indicated that gene 
expression–profi ling studies have been more successful 
for developing prognostic markers than for predicting 
responses to particular therapies. They offer several rea-
sons for this, including that the latter is a more diffi cult 
challenge and that suffi cient numbers of tumor samples 
are rarely available for patients with metastatic disease 

who have received a specifi c therapy. They point out 
that in developing a predictive signature of benefi t from 
a specifi c adjuvant regimen, samples from patients on a 
randomized clinical trial comparing the regimen with a 
control are necessary. Correlating gene expression levels 
to disease-free survivals for patients who have received a 
specifi c regimen does not ensure that the marker is predic-
tive and not just prognostic. 

Sample size for marker development
The problem of having a suffi cient number of responders 
is most severe in attempting to develop a de novo gene 
expression–based predictive classifi er based on whole 
genome profi ling. Pusztai et al. [16] described a simulation 
experiment attempting to discover HER-2 overexpression 
as a predictive biomarker of response to trastuzumab 
based on data from a phase 2 trial and concluded that the 
likelihood of successful discovery was small. They recom-
mend using candidate predictors based on the mechanism 
of action of the drug. They propose a tandem two-step 
phase 2 trial design for use with a single prespecifi ed 
candidate predictor. During the fi rst stage, unselected 
patients are treated. If insuffi cient responses are seen, the 
trial remains open to marker-positive patients only until 
there are suffi cient numbers of them for separate analysis. 
This approach could be generalized for use with several 
candidate predictive biomarkers. If enough responses 
were not observed during the initial unselected stage, then 
accrual would remain open to patients who were positive 
for any of the candidate predictors. 

The simulations by Pusztai et al. [16] were based on 
synthesizing phase 2 trials containing 60 patients (45 
patients with normal HER-2 [including no responders] 
and 15 patients with HER-2 amplifi cations [including 5 
responders]). Dobbin and Simon [17] studied sample size 
requirements for development of binary predictors based 
on de novo gene expression profi ling. They recommended 
that at least 20 patients per group (responders and nonre-
sponders) be included [17,18]. 

Phase 3 Clinical Trial Designs for Evaluating 
New Treatments and Predictive Biomarkers
A phase 3 therapeutic clinical trial should evaluate a new 
treatment with regard to a measure of patient benefi t for 
a defi ned target population [19]. The role of a predictive 
biomarker is in the defi nition of the target patient popula-
tion for whom the treatment is evaluated. For a defi ned 
population, the evaluation involves comparing outcomes 
for the patients treated with the new regimen to outcomes 
of patients in the control group. A predictive biomarker 
is a marker for which the treatment versus control differ-
ence (ie, treatment effect) differs between marker-positive 
and marker-negative patients. Comparing disease-free 
survival for marker-positive and marker-negative patients 
treated with the new regimen is not part of the evaluation 
of a predictive biomarker. 
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There are many challenges in using candidate predic-
tive biomarkers in the design of phase 3 trials for evaluating 
treatments. In some cases, there may be so much biologi-
cal and phase 2 evidence that marker-negative patients do 
not benefi t from the new treatment that it would not be 
appropriate to include such patients in the phase 3 trial. 
In other cases, it will be appropriate to include marker-
negative patients, but the challenge is to limit the number 
of such patients or to design the clinical trial in a man-
ner that supports claims for the overall population if it 
turns out that the candidate marker is not useful but that 
the treatment is effective. It is also important to be able 
to design the phase 3 trial without including vastly more 
patients than would have been necessary without using 
the biomarker. As Jorgensen [20] points out: “If personal-
ized medicine is to have a real breakthrough there needs 
to be incentives for those who are going to do the research 
and development work – the pharmaceutical and diagnos-
tic companies.” The following sections review a variety of 
clinical trial designs that have been proposed for phase 3 
trials of new drugs and predictive biomarkers. 

Marker strategy design
The marker strategy design is sometimes considered for 
evaluating the medical utility of a predictive marker for 
informing the use of approved chemotherapy [21,22]. With 
this design, patients are randomized to be tested or not. 
For those who are not tested, their treatment is determined 
based on stage and standard clinical prognostic factors and 
practice standards. For those patients randomized to be 
tested, the results of the test can be used in conjunction with 
stage and standard prognostic factors to inform treatment 
decisions. Although the marker strategy design is regarded 
by some as a gold standard, it is often ineffi cient because 
many patients may receive the same treatment regardless 
of the group to which they are randomized [23]. In order 
to have reasonable statistical power to detect differences in 
outcome among the two randomization groups as a whole, 
a very large number of patients may have to be randomized. 
This ineffi ciency is particularly problematic for prognostic 
markers for identifying low-risk patients for whom chemo-
therapy may be withheld because the prospective study is a 
therapeutic equivalence trial involving detection of a small 
treatment effect. 

The defects in the marker strategy design can be 
avoided by performing the test in all patients and only 
randomizing patients for whom the treatment assignment 
is infl uenced by marker result. This was the approach 
used in the Microarray in Node-Negative Disease May 
Avoid Chemotherapy (MINDACT) trial for evaluating a 
70-gene signature for guiding the use of standard chemo-
therapy in women with node-negative breast cancer [24]. 

Enrichment designs
With an enrichment design, a diagnostic test is used to 
restrict eligibility for a randomized clinical trial comparing 
a regimen containing a new drug with a control regimen. 

This approach played a crucial role in the development of 
trastuzumab. Patients with metastatic breast cancer whose 
tumors expressed HER-2 in an immunohistochemistry test 
were eligible for randomization. Because the drug has little 
effect for test-negative patients and because about 75% of 
patients are negative, a standard clinical trial randomizing 
all comers would require an enormous sample size to detect 
the diluted treatment effect. Pusztai et al. [25] describe 
simulations that illustrate this dilution effect. 

Simon and Maitournam [26–28] studied the effi -
ciency of this approach relative to the standard approach 
of randomizing all patients without using the test at all. 
They found that the effi ciency of the enrichment design 
depended on the prevalence of test-positive patients and 
on the effectiveness of the new treatment in test-negative 
patients. When fewer than half of the patients are test 
positive and the new treatment is relatively ineffective in 
test-negative patients, the number of randomized patients 
required for an enrichment design is often substantially 
smaller than the number of randomized patients required 
for a standard design. Zhao and Simon [29] have made the 
methods of sample size planning for the design of enrich-
ment trials available online. The Internet-based programs 
are available for binary and survival/disease-free survival 
end points. 

The enrichment design is appropriate for contexts 
where there is such a strong biological basis for believing 
that test-negative patients will not benefi t from the new 
drug that including them in the study would raise ethical 
concerns. The enrichment design does not provide data 
on the effectiveness of the new treatment compared with 
control for test-negative patients. Consequently, unless 
there are phase 2 data on the clinical validity of the test 
for predicting response or compelling biological evidence 
that the new drug is not effective in test-negative patients, 
the enrichment design may not be adequate to support 
approval of the test. 

Including test-positive and test-negative patients
When a predictive classifi er has been developed but there 
are not compelling biological or phase 2 data that test-
negative patients do not benefi t from the new treatment, 
it is generally best to include both classifi er-positive and 
classifi er-negative patients in the phase 3 clinical trials 
comparing the new treatment with the control regimen. In 
this case, it is essential that an analysis plan be predefi ned 
in the protocol for how the predictive classifi er will be 
used in the analysis. It is not suffi cient to just stratify (ie, 
balance) the randomization with regard to the classifi er 
without specifying a complete analysis plan. In fact, the 
main importance of stratifying the randomization is that 
it assures that only patients with adequate test results will 
enter the trial. 

The purpose of the pivotal trial is to evaluate the new 
treatment in the subsets determined by the prespecifi ed 
classifi er. The purpose is not to modify or optimize the clas-
sifi er. If the classifi er is a composite gene expression–based 
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classifi er, the purpose of the design is not to re-examine 
the contributions of each gene. Simon [30••,31] described 
several specifi c primary analysis strategies, and sample size 
planning for all of these analysis plans are available online 
[29]. For example, if one has very limited a priori confi dence 
in the predictive marker, one can use it for a “fall-back” 
analysis. Simon and Wang [23] proposed an analysis plan 
in which the new treatment group is fi rst compared with 
the control group overall. If that difference is not signifi cant 
at a reduced signifi cance level, such as 0.03, then the new 
treatment is compared with the control group just for test-
positive patients. The latter comparison uses a threshold 
of signifi cance of 0.02, or whatever portion of the tradi-
tional 0.05 not used by the initial test. Wang et al. [32] have 
shown that the power of this approach can be improved by 
taking into account the correlation between the overall sig-
nifi cance test and the signifi cance test comparing treatment 
groups in the subset of test-positive patients. 

Adaptively modifying types of patients accrued
Wang et al. [32] proposed a phase 3 design comparing a 
new treatment with a control that starts with accruing both 
test-positive and test-negative patients. An interim analysis is 
performed evaluating the new treatment in the test-negative 
patients. If the observed effi cacy for the control group exceeds 
that for the new treatment group and the difference exceeds 
a futility boundary, then accrual of test-negative patients 
terminates and accrual of additional test-positive patients is 
substituted for the unaccrued test-negative patients until the 
originally planned total sample size is reached. Wang et al. 
[32] show computer simulations that indicate this design has 
greater statistical power than nonadaptive approaches, but 
their design involves many more test-positive patients and 
may require much longer trial duration. 

Liu et al. [33] proposed a two-stage accrual design in 
which only marker-positive patients are accrued during the 
fi rst stage. At the end of the fi rst stage, an interim analysis 
is performed comparing outcome for the new treatment 
versus control for the marker-positive patients. If the results 
are not promising for the new treatment, then accrual stops 
and no treatment benefi t is claimed. If the results are prom-
ising for the marker-positive patients at the end of the fi rst 
stage, then accrual continues for marker-positive patients 
and it also commences for marker-negative patients in the 
second stage. 

Adaptive threshold design
Jiang et al. [34] reported on a “biomarker adaptive thresh-
old design” for situations where a predictive index is 
available at the start of the trial but a cut-point for con-
verting the index to a binary classifi er is not established. 
With their design, tumor specimens are collected from all 
patients at entry, but the value of the predictive index is 
not used as an eligibility criterion. Analysis begins with 
comparing outcomes for all patients receiving the new 
treatment with those for all control patients. If this differ-
ence in outcomes is signifi cant at a prespecifi ed signifi cance 

level of α
1, then the new treatment is considered effective 

for the eligible population as a whole. Otherwise, a sec-
ond-stage test is performed using a signifi cance threshold 
of α2 = 0.05 - α1. The second-stage test involves fi nding 
the cut-point b* for the predictive index, which leads to 
the largest treatment versus control treatment effect when 
restricted to patients with predictive index above b*. Statis-
tical signifi cance is determined by randomly permuting the 
labels of which patients are in the new treatment group and 
which are controls, and then determining the maximized 
cut-point restricted treatment effect for the permuted data. 
This is done for thousands of random permutations. A 
signifi cance threshold of α2 is used for this second stage 
of analysis. Jiang et al. [34] also describe construction of 
a confi dence interval for the optimal cut-point b* using a 
bootstrap resampling approach. 

Adaptively determining the marker
For co-development of a new drug and companion diag-
nostic, it is best to have the candidate diagnostic completely 
specifi ed and analytically validated prior to its use in the 
pivotal clinical trials. This is diffi cult, however, and in 
some cases is not feasible. The approach of Jiang et al. [34] 
can be generalized to the setting where one has several can-
didate predictive classifi ers (eg, B1, B2…, BK). If S(k) denotes 
the log-likelihood of treatment effect for patients positive 
for biomarker Bk and k* denotes the biomarker for which 
S(k) is maximum, then the statistical signifi cance of S(k*) 
is determined by permuting the treatment group labels of 
the patients and then re-evaluating the treatment effects 
within the positive subsets of the K binary classifi ers. Using 
bootstrap resampling, one can evaluate the proportion of 
the times that each patient is included in the positive subset 
of the selected biomarker and obtain a confi dence interval 
for the treatment effect in the selected subset.

Freidlin and Simon [35] proposed a design for a 
phase 3 trial that can be used when no predictive clas-
sifi er is available at the start of the trial. The analysis 
plan is in two parts. At the conclusion of the trial, the 
new treatment is compared with the control overall using 
a threshold of signifi cance of α1, which is somewhat less 
than the total 0.05. A fi nding of statistical signifi cance at 
that level is taken as support of a claim that the treatment 
is broadly effective. If the overall treatment effect is not 
signifi cant at the α1 level, then a second analysis takes 
place. The patients are divided into a training set and test-
ing set. The data for patients in the training set is used 
to defi ne a  single subset of patients who appear to ben-
efi t from the new treatment compared with the control. 
When that classifi er has been developed on the training 
set, the new treatment is compared with the control for 
classifi er-positive patients in the test set. The comparison 
of new treatment with control for the subset is restricted 
to patients in the test set in order to preserve the principle 
of separating the data used to develop a classifi er from the 
data used to test treatment effects in subsets defi ned by 
that classifi er. The comparison of treatment with control 



220  I  Translational Research

for the subset uses a threshold of signifi cance of 0.05 - α1 
in order to assure that the overall chance of a false-positive 
conclusion is no greater than 0.05. These thresholds can 
be sharpened using the methods of Song and Chi [36].

Friedlin and Simon [35] proposed the adaptive signature 
design in the context of de novo development of multivari-
ate gene expression–based classifi ers. The approach can 
be used more broadly, however. For example, it could be 
used when several candidate gene expression signatures 
are available at the outset and it is not clear which ones 
to include in the fi nal statistical testing plan. It could also 
be used with classifi ers based on a single gene but several 
candidate tests for measuring expression or deregulation of 
that gene. In these settings with a few candidate classifi ers, 
a smaller training set may suffi ce instead of the 50/50 split 
used by Freidlin and Simon [35]. 

Conclusions
Advances in cancer genomics and biotechnology are provid-
ing increased opportunities for development of more effective 
therapeutics and predictive biomarkers to inform their use. 
These opportunities have enormous potential benefi ts for 
patients and for containing health care costs. Co-develop-
ment of drugs and companion diagnostics adds complexity 
to the development process, however. Traditional post hoc 
correlative science paradigms do not provide an adequate 
basis for reliable predictive medicine. New paradigms are 
required for separating biomarker development from thera-
peutic evaluation. New clinical trial designs are required that 
incorporate prospective analysis plans that provide fl exibility 
in identifying the appropriate target population in a manner 
that preserves overall false-positive error rates. Such analy-
sis plans must be constructed to provide information about 
the specifi city of treatment effects without requiring sample 
sizes so large as to discourage development of predictive bio-
markers or to require physicians to expose large numbers of 
patients to drugs from which they are not expected to receive 
benefi t. This article has attempted to clarify some areas of 
confusion about predictive biomarkers and their develop-
ment and to provide a review of recently developed clinical 
trial designs. 
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