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Improved understanding of cancer biology and advances in bio-
technology bring us closer to the concept of personalized treat-
ment of cancer. A key component of this new paradigm is 
development of biomarkers that can guide application of new and 
existing treatments. This requires a thorough understanding of the 
relationship between the biomarker and the treatment effect.

Traditionally, most randomized clinical trials (RCTs) focus on 
obtaining a reliable estimate of the average treatment effect in a 
broad patient population. Evaluation of biomarkers (and targeted 
therapies) often requires larger trials with more complex designs to 
provide a comprehensive assessment of the relationship between 
the biomarker and the treatment effect. However, in practice, 
clinical studies involve a delicate balance between the need for re-
liable evidence, the need to provide this evidence quickly, and 
feasibility. As we will discuss, achieving this balance in biomarker 
RCTs often requires a compromise between these competing con-
siderations in both designing and monitoring these trials.

Biomarkers that are informative for clinical outcome can be 
broadly categorized as prognostic or predictive biomarkers. 
Prognostic biomarkers classify patients treated with standard ther-
apies (including no treatment if that is standard) into subgroups 
with distinct expected clinical outcomes. The types of prognostic 
markers considered here are those for which the prognostic infor-
mation has some implications for therapy decisions. For example, 
if the prognostic biomarker can identify a group of patients with 
very low risk of recurrence, additional treatment might not be 
considered, whereas higher-risk patients would be treated. 
Predictive biomarkers identify patients whose tumors are likely to 
be sensitive and/or resistant to a specific agent. For example, in 
advanced colorectal cancer, the benefit of cetuximab appears to be 
limited to patients with tumors that have the wild-type KRAS  

genotype (1). Note that biomarkers that predict toxicity to a cer-
tain agent are often treated as a separate type of biomarker. 
However, for the purpose of evaluating biomarker designs, we will 
consider toxicity biomarkers as a type of predictive biomarker (2).

The purpose of this commentary was to provide a comprehen-
sive comparison of the commonly used biomarker RCT designs. 
Ongoing or recently completed trials are used throughout the 
discussion as illustrative examples. Issues related to interim moni-
toring of biomarker trials are also discussed because standard  
futility and superiority monitoring may be inadequate due to the 
multiple subgroups and hypotheses being considered.

Design Considerations for Biomarker 
Studies
Establishing clinical relevance of a biomarker test for guiding 
therapy decisions requires demonstrating that it can classify 
patients into distinct subgroups with different recommended man-
agement. Conventional RCTs (with no biomarker evaluation) only 
allow for estimation of the average treatment effect in the overall 
study population, and therefore, alternative designs must be con-
sidered to evaluate biomarker-guided therapy. We discuss three 
main types of biomarker RCT designs: biomarker-stratified 
designs, enrichment designs, and biomarker-strategy designs (3–8) 
(Figure 1).

We assume throughout this presentation that the biomarker 
test to be evaluated in the RCT is fully specified and can effectively 
be treated as though it were a single measure. Additionally, we 
assume that discrete categories for the biomarker have been previ-
ously identified (eg, the cutoff value has been determined for a 
continuous biomarker to classify patients as biomarker-positive vs 
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biomarker-negative). If this is not the case, other trials or retro-
spective analyses may need to be performed before a definitive 
RCT is initiated (9).

Biomarker-Stratified Designs
First, consider a situation in which there are two or more existing 
treatment options with no definitive evidence for one being pre-
ferred in a given population. In this situation, the most efficient 
trial design for evaluating biomarker utility is the biomarker-
stratified design: All patients are randomly assigned regardless  
of biomarker status, but the analysis plan is centered on testing 
treatment effect dependence on biomarker status. For example, in 
a simple case with two treatments (A vs B) and two biomarker-
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Figure 1. Biomarker designs. A) Biomarker-stratified design. All patients 
are randomly assigned regardless of biomarker status with the random 
assignment and analysis plan stratified by the biomarker status. 
Sometimes, a standard (nonstratified) randomization can be used (with 
the analysis plan stratified by the biomarker) when postrandomization 
biomarker evaluation is feasible. B) Enrichment design. The biomarker 
is evaluated on all patients, but random assignment is  
restricted to patients with specific biomarker values. C) Biomarker-
strategy design. Patients are randomly assigned to an experimental 
treatment arm that uses the biomarker to direct therapy or to a control 
arm that does not. Some biomarker-strategy designs evaluate bio-
markers only in patients randomly assigned to the biomarker-directed 
arm.
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Figure 2. Examples of biomarker-stratified designs. A) The Marker 
Validation for Erlotinib in Lung Cancer (MARVEL) trial (10). Second-line 
advanced non–small cell lung cancer (NSCLC) patients were randomly 
assigned to erlotinib or pemetrexed with random assignment stratified 
by epidermal growth factor receptor gene (EGFR) status as measured 
by fluorescent in situ hybridization (FISH). B) The Cancer and Leukemia 
Group B (CALGB)-30506 trial (http://www.cancer.gov/clinicaltrials/CALG
B-30506). Stage I NSCLC patients are randomly assigned to either che-
motherapy or observation with random assignment stratified by risk 
group (high vs low) as defined by the Lung Metagene Score (11). 
Chemotherapy-arm patients receive physician choice of one of three 
prespecified chemotherapy regimens.

defined subpopulations (biomarker positive vs biomarker nega-
tive), patients are randomly assigned to receive treatment A vs 
treatment B and their relative efficacy is evaluated in each of the 
two subpopulations (Figure 1, A). The biomarker-stratified design 
maximizes the advantage of randomization by providing unbiased 
estimates of benefit to risk ratios across different biomarker- 
defined subgroups and for the entire randomly assigned population. 
The precision with which treatment effects can be assessed in each 
of the biomarker-defined subgroups depends on the numbers of 
randomly assigned patients in each subgroup.

For predictive biomarkers, the biomarker-stratified design can 
assess whether the marker is useful in selecting the best among two 
or more treatments for a given patient.

Example 1. In the North Central Cancer Treatment Group 
(NCCTG)-0723 trial [Marker Validation for Erlotinib in Lung 
Cancer (MARVEL), Figure 2, A (10)], second-line advanced non– 
small cell lung cancer (NSCLC) patients were randomly assigned to a 
epidermal growth factor receptor tyrosine kinase inhibitor, erlotinib, 
or to a multitargeted antifolate, pemetrexed. The trial was designed 
to evaluate whether epidermal growth factor receptor gene (EGFR) 
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status, as measured by fluorescent in situ hybridization (FISH), can 
be used to guide treatment of these patients. The biological hypoth-
esis was that EGFR status, as measured by FISH, predicts sensitivity 
to erlotinib. Consequently, in the FISH(+) subgroup, erlotinib was 
expected to be better than pemetrexed, and in the FISH(2) sub-
group, pemetrexed was expected to be no worse than (and possibly 
better than) erlotinib.

Prognostic biomarkers may or may not be useful for guiding 
therapy, in contrast to predictive biomarkers, which, by definition, 
are intended for use in selecting among treatments. If a prognostic 
biomarker separates patients into subgroups with increasing 
expected failure risk, and if it can be demonstrated that this separa-
tion can improve outcome by indicating more aggressive treatment 
strategies for the higher-risk group (or less aggressive treatment for 
the lower-risk group), then the prognostic marker has clinical 
utility for guiding therapy. However, if there are no effective alter-
native treatment strategies for the high-risk group (or less aggres-
sive treatment strategies for the low-risk group), then the prognostic 
information is of limited clinical use. An example of a prognostic 
biomarker that is useful for guiding therapy in the adjuvant setting 
would be one which identifies a group of patients for whom risk of 
recurrence is so low that surgery alone is likely to be curative and 
adjuvant systemic therapy would therefore yield little benefit.

Example 2. A Cancer and Leukemia Group B trial, CALGB-30506 
(http://www.cancer.gov/clinicaltrials/CALGB-30506), was designed 
to demonstrate benefit of adjuvant chemotherapy in stage I NSCLC 
patients, either overall or in a high-risk subpopulation defined by a 
genomic prognostic biomarker [Lung Metagene Score (11)]. Patients 
are stratified by their risk group (high vs low) and randomly assigned 
to either chemotherapy or observation (Figure 2, B).

Although biomarker-stratified designs often use randomization 
stratified by biomarker status (Figure 1, A), in theory, this is not 
necessary because the distribution of biomarker values is expected 
to be reasonably similar in the two treatment arms in moderate-to-
large RCTs. Even if the distribution of biomarker status differed 
between the arms, this would not, in itself, invalidate estimates of 
the treatment effect within each biomarker subgroup; however, 
nontrivial differences in the distribution might adversely affect the 
sample sizes in the subgroups. If the biomarker can be evaluated 
retrospectively in a reliable way, then it is not necessary to obtain 
the biomarker status until the time of analysis. However, a key 
reason for evaluating biomarker status up front is to ensure that all 
randomly assigned patients have biomarker status determined. In 
particular, when the biomarker status is not evaluated up front, it 
is important that the study is carefully designed to anticipate a 
certain percentage of unavailable biomarker measurements to 
ensure that adequate numbers of patients are enrolled in the rele-
vant biomarker subgroup(s) for a meaningful assessment of bio-
marker utility. For example, in the Iressa as a Second-Line 
Treatment for Advanced NSCLC (INTEREST) trial (12), in 
which the biomarker question was introduced retrospectively, 
tissue was available only for 374 out of 1466 randomly assigned 
patients resulting in only 174 patients used for evaluation of the 
biomarker question.

Enrichment Designs
In some settings, sufficiently convincing evidence is available to 
suggest that the potential treatment benefit is limited to a certain 
biomarker-defined patient subgroup. Whether or not such evi-

dence exists, there could be a widely held perception that equipoise 
about the best treatment choice is present only in patients with 
certain biomarker values. In either case, it is not feasible to use a 
biomarker-stratified design, which requires random assignment of 
all the patients. In these situations, the clinical utility of the bio-
marker can be partially assessed by an enrichment trial design: the 
biomarker is evaluated on all patients but random assignment is 
restricted to patients with specific biomarker values (ie, biomarker-
positive patients, Figure 1, B).

Example 3. CALGB-10603 (http://www.cancer.gov/clinicaltrials/ 
CALGB-10603) uses a predictive biomarker to restrict eligibility to 
acute myeloid leukemia patients who have a documented FLT3 muta-
tion [leading to constitutive activation of FLT3 kinase (13)] and then 
randomly assigns patients to a standard treatment or a standard treat-
ment plus the FLT3 kinase inhibitor midostaurin. Patients without 
the FLT3 mutation are off-study.

Biomarker-Strategy Designs
The third type of biomarker design is the biomarker-strategy 
design: Patients are randomly assigned to an experimental treat-
ment arm that uses the biomarker to determine therapy or to a 
control arm that does not. In its simplest version, patients in the 
control arm receive treatment B and patients in the experimental 
arm are treated with either treatment B or treatment A depending 
on their biomarker value (Figure 1, C).

Example 4. Excision repair cross-complementing 1 (ERCC1) gene ex-
pression has been suggested as a predictive biomarker associated with 
cisplatin resistance in NSCLC. In the ERCC1 trial, patients were ran-
domly assigned to the control arm that received cisplatin+docetaxel or 
the biomarker-strategy arm that switched patients classified as cispla-
tin resistant to gemcitabine+docetaxel regimen while treating those 
nonresistant with standard cisplatin+docetaxel [Figure 3, A (14)].

It is possible that the biomarker-strategy experimental arm 
could guide decisions between three or more treatments (16). An 
example of this design is as follows.

Example 5. In the Tumor Chemosensitivity Assay Ovarian Can-
cer study, a luminescence assay that predicts chemosensitivity by 
measuring ATP levels in drug-treated cancer cells was performed 
on patients’ tumor cells to choose from a panel of 12 chemotherapy 
regimens in the biomarker-strategy arm. In the control arm, patients 
received their physicians’ choice of chemotherapy (15) (Figure 3, B).

The control arm could itself involve a random assignment of 
treatments (4). As an illustration, consider a modification of 
ERCC1 trial (Figure 3, A) that would randomly assign the patients 
in the control arm to either cisplatin+docetaxel or gemcitabine+ 
docetaxel, regardless of their ERCC1 status.

Combinations of the Biomarker Trial Designs
When several therapies targeting different molecular targets are 
being evaluated, use of multiple biomarkers is often required. In 
this case, the RCT can be based on a combination of the three 
biomarker designs.

Example 6. The Spanish Lung Cancer Group trial, SLCG0601, uses a 
combination of enrichment and biomarker-strategy designs [Figure 4, 
A (17)]. First, this trial design uses enrichment to restrict the stage IV 
NSCLC population to patients who have mutated EGFR (exon 19 or 
21) in their tumors. Eligible patients are then randomly assigned to er-
lotinib or to a biomarker-strategy arm in which patients are assigned to 
either gemcitabine+cisplatin or docetaxel+cisplatin depending on meth-
ylation status of 14-3-3s, a G2–M checkpoint control gene, in serum 
circulating DNA.

http://www.cancer.gov/clinicaltrials/CALGB-30506
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Example 7. In the Tarceva Italian Lung Optimization (TAILOR) 
study (http://www.cipomo.it/membri/documenti/protocolli/TAI
LORsinossi.doc), patients are assessed at the time of registration 
for 1) exon 19 or 21 EGFR mutations, 2) EGFR gene copy number 
by FISH, 3) EGFR protein expression by immunohistochemistry 
(IHC), and 4) KRAS mutation (Figure 4, B). Patients with exon 
19 or 21 mutations are treated with erlotinib; patients without the 
mutation are randomly assigned to the erlotinib or docetaxel arms. 
By restricting the random assignment to patients without EGFR 
exon 19 or 21 mutations, this study uses a “reversed” enrichment 
approach that limits the random assignment to the subgroup that 
is less likely to benefit from erlotinib (erlotinib is expected to be 
more effective in patients with EGFR mutations). The randomized 
portion of the study uses a biomarker-stratified approach to com-
pare erlotinib and docetaxel with respect to overall survival in 1) 
the subgroup of patients who are either KRAS(+) or [KRAS(2), 
EGFR FISH(2), and IHC(2)] and 2) the subgroup of patients with 
KRAS(2) and EGFR (FISH(+) or IHC(+)); docetaxel is expected to 
be better than erlotinib in subgroup 1, and the reverse is expected 
in subgroup 2.

Many of the trials using biomarker designs include important 
subgroups of patients whose treatment is not determined by ran-
dom assignment. For example, in the Program for the Assessment 
of Clinical Cancer Trials’ Trial Aligning Individualized Options 
for Treatment, PACCT-1 TAILORx (18), in addition to random-
ized evaluation of the need for chemotherapy in the intermediate 
genomic risk breast cancer patients (enrichment design), the study 
includes a low-risk arm treated with hormonal therapy and a high-
risk arm treated with a chemohormonal regimen. However, results 
from the nonrandomized components of such a trial must be inter-
preted with caution because the evidence obtained from nonran-
domly selected patient subgroups is less reliable than that obtained 
from the main randomized component (19).
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Figure 3. Examples of biomarker-strategy designs. A) The excision 
repair cross-complementing 1 (ERCC1) trial (14). Non–small cell lung 
cancer (NSCLC) patients were randomly assigned to the control  
arm that received cisplatin+docetaxel or the biomarker-strategy arm 
that switched patients classified as cisplatin-resistant to the 
gemcitabine+docetaxel regimen while treating those who were sensi-
tive with cisplatin+docetaxel. B) The Tumor Chemosensitivity Assay 
(TCA) ovarian cancer study (15). Patients were randomly assigned to 
the biomarker-strategy arm that used a chemosensitivity assay that 
measured ATP levels in drug-treated cancer cells to choose from a 
panel of 12 chemotherapy regimens or to the control arm that received 
the physician’s choice of chemotherapy.
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Figure 4. Examples of combination designs. A) The Spanish Lung 
Cancer Group (SLCG) 0601 trial (17). This trial uses a combination of 
enrichment and biomarker-strategy designs. First, enrichment is used 
to restrict the stage IV non–small cell lung cancer (NSCLC) population 
to patients who have mutated epidermal growth factor receptor (EGFR) 
genes (exon 19 or 21) in their tumors. Eligible patients are then ran-
domly assigned to a control arm (erlotinib) or to a biomarker-strategy 
arm in which patients are assigned either to gemcitabine+cisplatin or  
to docetaxel+cisplatin depending on 14-3-3s gene methylation status. 
B) The Tarceva Italian Lung Optimization (TAILOR) study (http://www 
.cipomo.it/membri/documenti/protocolli/TAILORsinossi.doc). NSCLC 
patients are assessed at the time of registration for 1) exon 19 or 21 
EGFR mutations, 2) EGFR gene copy number by fluorescent in situ hy-
bridization (FISH), 3) EGFR protein expression by immunohistochem-
istry (IHC), and 4) KRAS mutation. Patients with EGFR exon 19 or 21 
mutations are treated with erlotinib; patients without the mutation are 
randomly assigned to the erlotinib or docetaxel arms, with random 
assignment stratified by EGFR gene copy number, EGFR protein  
expression, and KRAS mutation status.

Statistical and Practical Considerations for 
Biomarker trials
Inefficiency of Biomarker-Strategy Design
The biomarker-strategy design seems to address the relevant ques-
tion by comparing the new personalized treatment strategy arm 
based on the biomarker to the standard-approach arm that does 
not consider the biomarker. However, the statistical properties of 
the biomarker-strategy design are problematic. In the biomarker-
strategy approach, a certain (potentially nontrivial) proportion  
of study patients would receive, by design, the same treatment  
on either arm. For example, in the ERCC1 trial, 57% of the  
biomarker-strategy arm patients were assigned to the same 
cisplatin+docetaxel regimen as those in the control arm (14). 
Including patients receiving the same treatment in both arms in a 

http://www.cipomo.it/membri/documenti/protocolli/TAILORsinossi.doc
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randomized comparison will dilute the between-arm treatment 
difference and reduce the statistical power to reject null hypotheses 
as compared with an enrichment- or biomarker-stratified design 
(see Appendix 1). Therefore, use of the biomarker-strategy ap-
proach could, in some cases, lead to either missing a valuable bio-
marker or to an unacceptable and unnecessary delay in its 
evaluation (because of increased sample size required to maintain 
adequate power).

Another issue with the biomarker-strategy design is that a pos-
itive study cannot distinguish between a successful treatment selec-
tion strategy and a situation in which some of the treatment 
options on the experimental arm are better than the control arm 
therapy in all patients. For example, suppose a study described by 
Figure 1, C, demonstrated a benefit for the experimental arm com-
pared with the control arm. Then, in theory, it is possible that the 
biomarker is totally useless and treatment A is better than treat-
ment B overall, not just in the biomarker-positive subpopulation. 
By contrast, the biomarker-stratified design allows one to address 
the optimal treatment for all subpopulations: An adequately sized 
design that randomly assigns patients to treatment A or treatment 
B stratified by the biomarker value (Figure 1, A) will provide  
rigorous evidence for determining the best treatment in the  
biomarker-positive and biomarker-negative subgroups.

Limitations of Enrichment Design
The enrichment design may seem to be an attractive alternative to 
the biomarker-strategy design. Moreover, it has been shown that 
limiting random assignment to biomarker-positive patients is gen-
erally more efficient compared with the standard approach of 
randomly assigning and analyzing all patients together (20). 
However, this improvement in efficiency (for the enrichment 
design) is relative to the overall comparison that disregards the 
biomarker status. The same efficiency comparison does not apply 
to situations in which the competing design is the biomarker-
stratified design. In addition, the biomarker-stratified design 
avoids a limitation of the enrichment design that one must be con-
fident that the biomarker can identify the subpopulation of patients 
who benefit with reasonable accuracy; if the targeted therapy actu-
ally benefits all patients equally regardless of biomarker status, 
then enrolling only biomarker-positive patients will slow trial ac-
crual, increase expense, and unnecessarily limit the size of the in-
dicated patient population. If the targeted therapy truly benefits 
some subset of patients, but the biomarker used for enrichment 
does not correctly identify that group, then a beneficial therapy 
could mistakenly be abandoned.

Efficacy vs Effectiveness and Biomarker Trial Designs
An ongoing methodological debate in the clinical trial community 
centers on the differences between estimating treatment “efficacy” 
(the biological effect under ideal conditions) and “effectiveness” 
(the effect achieved when the treatment is used in broad clinical 
practice) (21). This issue may appear relevant in the present setting 
because one could argue that the biomarker-strategy design pro-
vides a more realistic estimate of effectiveness than the biomarker-
stratified design by naturally accounting for compliance and 
biomarker measurement issues and for the fact that components of 
the biomarker-directed therapy will be the standard treatment in a 

certain proportion of the patients. However, in most situations, the 
biomarker-stratified design can provide all necessary information 
for assessing effectiveness in a more efficient way by estimating the 
treatment effect in all relevant biomarker subpopulations, possibly 
including the subpopulation of subjects without available bio-
marker values (see below). The effect of noncompliance is auto-
matically incorporated into the estimates from a biomarker-stratified 
design. Therefore, even if the effectiveness question is of primary 
interest, the biomarker-stratified design should be used when 
feasible.

Missing Biomarker Status
An important practical consideration in biomarker RCTs is that 
biomarker measurements will usually not be available for some 
fraction of patients. This unavailability may happen for logistical 
reasons (eg, specimens not submitted), technical reasons (eg, insuf-
ficient amount of specimen, inadequate specimen quality, or assay 
failure), or clinical reasons (eg, tumor inaccessible or too small to 
be biopsied). Ideally, the proportion of patients with unavailable 
biomarker status should be kept small. The study protocol should 
provide an estimate for this unavailability rate (for sample size 
calculation) and clearly specify how these patients will be treated 
and analyzed. In biomarker-strategy designs, patients with unavail-
able biomarker status are often taken off study. When this is done 
only in the strategy arm (as was done in ERCC1 trial), concerns 
may arise about bias being introduced because the strategy-arm 
patients may no longer be comparable to the control-arm patients. 
Even if the unavailability rate is not high, situations in which the 
unavailability is related to prognosis may point to a potential prob-
lem with study interpretation and generalizability. For example, in 
Grignon et al (22), patients with available p53 status tended to have 
higher Gleason scores and higher clinical stage. Therefore, one 
may want to collect follow-up and prognostic variable data on 
patients with unavailable biomarker status.

Compliance Issues
In any design in which knowledge of the biomarker status may 
affect compliance to the randomized treatment, patient or physi-
cian access to the biomarker values can impair interpretability of 
the study (this may be particularly pertinent to designs in which 
the biomarker is measured but is not used in guiding treatment, as 
is the case for the biomarker-stratified design or sometimes the 
control arm of the biomarker-strategy design). If this is a concern, 
then it is advisable to withhold the biomarker status from each 
patient until the study endpoint is reached for that patient (eg, 
recurrence for trials with a disease-free survival endpoint). In 
theory, an alternative approach is to ascertain the biomarker status 
retrospectively after the study is completed. However, this works 
only when the status can be reliably determined retrospectively 
and estimates of the biomarker positivity and unavailability rates 
are available for use in sample size calculations. Even if biomarker 
status is withheld, there are still situations in which biomarker 
status may correlate with clinicopathologic features of the patient 
that might influence treatment preference. For example, EGFR 
mutation status correlates with Asian ethnicity, female gender, and 
adenocarcinoma histology (23). These features are prognostic, and 
there may also be a bias toward treating these patients with an 
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EGFR inhibitor. Therefore, noncompliance and its associated 
biases may not be entirely avoidable even if biomarker measure-
ments are withheld.

Practical Considerations Favoring the Biomarker-Strategy 
Design
There are two practical considerations that may favor the bio-
marker-strategy design over the biomarker-stratified design. First, 
not all biomarker strategies can be evaluated in a biomarker-
stratified design. Since the biomarker-stratified design involves 
randomizing patients between all possible treatments, testing 
strategies with a large number of treatment options is not practical. 
Moreover, some of the possible treatments may not be appropriate 
for some of the biomarker subgroups. (This contingency can 
sometimes be addressed in a biomarker-stratified design by lim-
iting the randomization options in each subgroup to the subset of 
acceptable treatments for that subgroup.) Second, biomarker eval-
uation is necessary in the biomarker-strategy design only in the 
patients randomly assigned to the biomarker-strategy arm. In ad-
dition to the economic advantage of limiting the number of poten-
tially expensive biomarker assessments, this approach indirectly 
solves logistical issues related to the access of control-arm patients 
to their biomarker status. However, this consideration alone could 
not generally justify use of the biomarker-strategy design in all 
situations (because of its statistical deficiencies). The ultimate con-
sideration for the design choice is whether the existing evidence on 
the optimal treatment for patients with certain biomarker values 
upsets the equipoise required for randomly assigning these patients 
in the biomarker-stratified design.

A summary of the key advantages and disadvantages for the 
three biomarker designs is presented in Table 1. To guide design 
of new trials and to assist interpretation of existing studies, the 
table also lists the main research questions that can and cannot be 
answered by each of the designs. Results of ongoing and future 
trials will additionally clarify the practical advantages and disad-
vantages of the designs.

interim monitoring
Interim monitoring for efficacy and futility is a critical component 
of any RCT design (24). Below, we discuss considerations related 
to interim monitoring, both in general and in the context of bio-
marker trials.

Interim Monitoring for Trials Without Biomarker 
Evaluations
In an RCT that does not use biomarkers, interim monitoring is 
relatively simple and can be based on values of the treatment-effect 
estimator in the study population at prespecified times. Most 
RCTs are designed to show that the experimental therapy (A) is 
better than the control therapy (B). Interim monitoring plans for 
such superiority trials typically include a superiority (efficacy) 
monitoring rule that allows stopping for early convincing evidence 
that the experimental arm A is better than the control arm B with 
respect to some relevant clinical outcome. Common superiority 
monitoring rules [eg, the O’Brien-Fleming boundary (25)] require 
very strong evidence that arm A is better than arm B (eg, a P value 

< .0005) for stopping in the first half of the trial and use a less 
stringent criterion for stopping in the second half of the trial (24). 
In addition to being monitored for superiority, an RCT should be 
monitored for lack of benefit (futility). For RCTs that are designed 
to show that a new therapy (A) is better than the control (B), there 
is generally no need to provide the same degree of evidence that B 
is better than A to stop the study for futility as needed to stop for 
superiority (showing that A is better than B). In the second half of 
the study, common futility rules often recommend stopping the 
trial unless a minimal positive trend in favor of the new therapy is 
observed. If the experimental therapy is at least as toxic as the 
control treatment, futility monitoring should commence earlier 
than half way through the study. In some situations, an indication 
that arm A is no worse than arm B may still be clinically relevant 
(eg, when a new agent with a more favorable toxicity profile is 
compared to the standard active chemotherapy). In this case, a 
more conservative futility boundary that allows the study to con-
tinue unless the new therapy appears worse is appropriate (26).

Noninferiority trials, in contrast to superiority trials, are 
designed to show that a standard treatment (B) may be replaced by 
a lesser treatment (A). For example, the goal might be to determine 
whether a standard chemotherapy can be substituted by a new less 
toxic agent without loss of efficacy. There are two ways for a non-
inferiority trial to be stopped early: 1) when it becomes clear that 
A is inferior to B or 2) when it becomes clear that A is noninferior 
to B. The first way is more critical because it minimizes possibility 
of patients not getting an effective standard therapy. However, if it 
becomes clear that A is not inferior to B, there still may be scien-
tific value in continuing the study to refine the understanding of 
the risk to benefit ratio while patients on both arms are receiving 
an apparently effective therapy. Thus, a more conservative interim 
monitoring (or possibly no interim monitoring) is appropriate in 
this case.

Interim Monitoring for Biomarker Trials
The monitoring rules described in the above section are also ap-
propriate for straightforward implementations of the biomarker-
strategy and enrichment designs that focus on comparing the 
overall efficacy between the randomized arms. For example, the 
biomarker-strategy trials and enrichment trials (examples 3–6) can 
use the standard superiority and futility interim monitoring.

For the biomarker-stratified designs, the situation can become 
more complex because there may be multiple potentially overlap-
ping patient subgroups and/or multiple hypotheses under consid-
eration. To protect patient interests, it may be necessary to stop 
the trial (or some of its components) before all of the study objec-
tives are definitively addressed. Conventional monitoring rules 
that are based on the observed treatment effect in the overall ran-
domized population may often not be sensitive enough for timely 
stopping based on biomarker subgroup–specific trends in treat-
ment effect. Ideally, the monitoring rule should be able to stop the 
study in the subgroup(s) for which the therapeutic question has 
been answered while continuing the subgroups that have open 
questions.

Example 1 (MARVEL) continued. Interim monitoring in the EGFR 
FISH(+) subgroup used standard superiority and futility boundaries for 
testing that erlotinib was better than pemetrexed. If either boundary is 
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crossed in the FISH(+) subgroup, accrual to that subgroup is stopped. 
In the FISH(2) subgroup, a symmetric superiority boundary was used 
to stop accrual to this cohort only for strong evidence of difference (in 
either direction) between the two arms.

Example 2 (CALGB-30506) continued. The trial uses the follow-
ing monitoring plan: 1) stop the entire study if the chemotherapy 
superiority boundary for the overall population is crossed, 2) stop 
accrual to the high-risk subgroup only if the superiority boundary for 
only the high-risk subgroup is crossed, 3) stop the entire study if the 
futility boundary for the high-risk subgroup is crossed, and 4) stop 
accrual to the low-risk subgroup if a conservative futility boundary 
specified for the low-risk group is crossed.

Example 7 (TAILOR) continued. The primary analysis of this study 
is based on first testing for a treatment-by-biomarker interaction in 
the randomized population overall. However, separate futility (and 
possibly superiority) monitoring should be implemented in each of 
the two biomarker subgroups.

Note that when the superiority boundary in the biomarker-
positive subgroup is crossed (in a biomarker-stratified design), 
some of the monitoring rules above recommend stopping the bio-
marker-positive subgroup and continuing the biomarker-negative 
subgroup (eg, in CALGB-30506 and MARVEL). In studies that 
are designed to establish treatment benefit either in the overall 
study population or in the subgroup of biomarker-positive patients 
and that are not sized for a separate definitive evaluation in the 
biomarker-negative subgroup (eg, CALGB-30506), continuing the 
biomarker-negative subgroup after the biomarker-positive sub-
group has been stopped may require adjusting the analysis plan. 
For studies with rapid accrual and/or low event rates (eg, the adju-
vant setting like CALGB-30506) in which crossing a superiority 
boundary (especially in a subgroup) is likely to occur after comple-
tion of accrual, this potential adjustment may be just a minor issue: 
The results for the biomarker-positive patients can be released 
immediately, and the overall comparison can be performed after 
additional follow-up (assuming that the release of the biomarker-
positive results does not affect how the biomarker-negative patients 
on the trial are treated or followed). However, in a more advanced 
disease setting, the biomarker-positive subgroup may be stopped 
for benefit before the study accrual is completed. In this case, it 
may be useful to consider increasing target accrual for the biomark-
er-negative subgroup to better understand the biomarker’s ability 
to identify patients who benefit from the new therapy (7).

Another issue is whether the entire study should be stopped if 
the biomarker-positive subgroup is stopped for futility. Once 
absence of a treatment effect in the biomarker-positive subgroup 
has been accepted, expecting a treatment effect in the biomarker-
negative subgroup would generally refute the underlying biolog-
ical rationale, thus suggesting that the entire study should be 

Appendix Table 1. Sample sizes* needed to achieve 90% power at a .025 one-sided significance level for a hazard ratio of 0.7 in the 
biomarker-positive subgroup (assuming 3 years of accrual and 2 years of follow-up)

Design

Biomarker positive, %

100 80 60 50 40 30

Strategy 392 600 (613) 1008 (1089) 1440 (1568) 2220 (2450) 3880 (4356)
Enrichment or stratified 392 490 654 784 980 1307

* Given in parentheses are the sample size estimates based on the approximate formula for the biomarker-strategy design (Dstrategy).

stopped (especially in studies that are not powered for a separate 
evaluation of the biomarker-negative subgroup, eg, CALGB-
30506).

Summary
We have reviewed common phase III biomarker RCT designs and 
have shown that in most settings the biomarker-strategy and  
enrichment designs do not provide complete information on the 
relationship between the treatment effect and the biomarker. (A 
possible exception is the use of the enrichment designs in develop-
ment of targeted agents.) Therefore, when possible, the biomarker-
stratified designs should be used to obtain a rigorous assessment of 
biomarker clinical utility. However, proper implementation of the 
biomarker-stratified designs requires special interim monitoring 
rules to balance scientific and ethical considerations.

appendix 1: efficiency of the enrichment and 
Biomarker-Stratified Designs relative to the  
Biomarker-Strategy Design
The following presentation uses a time-to-event endpoint that is typical of phase 
III RCTs for cancer. We first derive an approximate formula for the sample size 
needed in each of the biomarker designs. It is assumed that all random assign-
ments use 50:50 patient allocation.

Consider the biomarker-strategy design in Figure 1, C. Let p denote the 
proportion of patients who have a biomarker-positive status (ie, patients with 
known biomarker status who are biomarker-positive), and u (<1) denote the target 
hazard ratio (treatment A vs treatment B) in this biomarker-positive population. 
The overall hazard ratio between experimental and control arms can be approxi-
mated by exp log (1 ) log1 pp p  (assuming that [1] in the biomarker-neg-
ative population, the hazard ratio is one and [2] there is no prognostic effect of the 
marker under treatment B). The required number of events, Dstrategy, needed to 

achieve power (12b) at significance level a is approximately 
2

( )
4

logstrategy

z z
D

p
,  

where zg denotes the g quantile of a standard normal distribution.
For the enrichment design comparing treatments A and B in the biomarker-

positive patients, the number of events (for the same power and significance level) 

is 
2

( )
4

logenrichment

z z
D . This means that D D pstrategy enrichment = 1 2 is the ratio of 

the number of events required in the biomarker-strategy design relative to the 
enrichment design. The above calculation does not take into account that in the 
enrichment design only the biomarker-positive patients are randomly assigned, 
and therefore, 1 p times more patients will need to be screened (have their bio-
marker assessed) for a given number of randomly assigned patients. Thus, a more 
appropriate comparison is between the number of patients needed to be randomly 
assigned in the biomarker-strategy design (Nstrategy) and the number of patients 
needed to be screened for the enrichment design (Nenrichment). Therefore, for a 
simple case where prognostic value of biomarker is ignored, the ratio of required 

sample sizes to achieve the same power can be approximated by: N
N p

strategy

enrichment

= 1 .

The biomarker-stratified design randomly assigns both biomarker-positive 
and biomarker-negative patients. Thus, to compare treatments A and B among 
biomarker-positive patients, the sample size required by the biomarker-stratified 
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design for detecting a given effect size in the biomarker-positive subgroup is 
identical to that required by an enrichment design (sample size equal all patients 
screened) targeting the same effect size.

The table below tabulates sample sizes needed for the different biomarker 
designs as a function of the proportion of biomarker-positive patients. Both exact 
sample sizes (obtained by simulations) and approximate sample sizes (obtained from 
the formula derived above) are presented (approximate numbers are in parentheses). 
Although the formula provides a relatively rough approximation to the exact sample 
size, it can be used as a simple way to compare the designs in a given setting.

From the cost analysis perspective, it should be mentioned that although  
the enrichment and biomarker-stratified designs have the same biomarker testing 
expenses, the cost of on-study treatment and follow-up is higher for the  
biomarker-stratified design.
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