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Multiplicity, or the use of many comparisons in a clinical trial, 
increases the likelihood that a chance association could be deemed 
causal. This problem commonly arises in clinical trials that have several 

clinical objectives based on the evaluation of multiple end points or multiple dose–
control comparisons, evaluation of several patient populations, and other factors. 
Multiplicity considerations play a central role in the assessment of efficacy evi-
dence in the presence of competing clinical objectives. The more comparisons that 
are made, the more likely it is that a comparison that appears to be significant 
will be falsely so.

The selection of an appropriate statistical strategy for dealing with multiplicity 
is critical for performing reliable inferences and maximizing the probability of 
success in a clinical trial. Early articles on multiplicity problems arising in clinical 
trials were published from the 1960s through the 1990s.1-4 This topic has attracted 
much attention in the clinical trial literature, and numerous new statistical ap-
proaches to performing multiplicity adjustments have appeared since the 1990s.5,6

Regulatory agencies around the world have recognized the importance of ad-
dressing multiplicity in confirmatory phase 3 clinical trials. Requirements for 
well-controlled clinical trials to support a new indication include prespecification 
of appropriate statistical methods for controlling the type I error rate (the false 
positive rate, or the rate of falsely rejecting a true null hypothesis). The Food and 
Drug Administration (FDA) has recently released comprehensive guidance on han-
dling multiple end points in clinical trials,7 and the European Medicines Agency 
(EMA) has also published guidelines on multiplicity issues in clinical trials.8,9

In this review, we describe common multiplicity problems in clinical trials, as 
well as statistical methods aimed at achieving control of the error rate (known as 
multiplicity adjustments). We also use case studies to illustrate recommended ap-
proaches. We focus on confirmatory phase 3 trials that are conducted to pursue 
specific efficacy claims. However, proper treatment of multiplicity issues also plays 
an important role in exploratory trials (e.g., dose-finding phase 2 trials) aimed at 
hypothesis generation.

Ov erv ie w of Multiplici t y Problems in Clinic a l Tr i a l s

As a working definition, multiplicity is defined here as simultaneous evaluation of 
multiple aspects of the efficacy profile of a given treatment.10

Classification of Multiplicity Problems

A wide variety of multiplicity problems may be encountered in clinical trials. When 
multiplicity is caused by a single factor (e.g., analysis of multiple end points), the 
problems are often referred to as problems with a single source of multiplicity. It 
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is increasingly common to formulate complex 
sets of clinical objectives in phase 3 trials. Ex-
amples are trials with multiple end points 
evaluated at several dose levels of an experimen-
tal treatment or in several patient populations. 
In such trials, there are several sources of multi-
plicity, leading to more complex problems.

It is important to understand the role of “win 
criteria,” or clinical decision rules, in clinical 
trials.5 Most commonly, the overall outcome of a 
trial is declared to be positive if at least one of 
the predefined clinical objectives is met. For ex-
ample, a phase 3 trial with several primary end 
points is declared successful if a significant treat-
ment effect is established on one or more of 
these end points. Performing these data analyses 
without a proper statistical adjustment leads to 
an inflated probability of incorrect conclusions. 
This probability of incorrect conclusions is known 
as the overall type I error rate (also known as the 
familywise error rate). In confirmatory clinical 
trials, control of the type I error rate at a two-
sided 5% level is mandated by regulatory agen-
cies7-9 to enable formulation of specific efficacy 
or safety claims. We focus on multiplicity issues 
in phase 3 trials that use this criterion.

Clinical decision rules can also be defined 
on the basis of a simultaneous analysis of the 
end points of interest, known as coprimary end 
points.11,12 A successful outcome can be claimed 
in a trial if all clinical objectives are met. In 
clinical trials of an experimental drug versus 
placebo for the treatment of Alzheimer’s disease, 
a significant improvement in the coprimary end 
points, the ADAS-cog (Alzheimer’s Disease As-
sessment Scale–cognitive subscale) score and 
the CIBIC-Plus (Clinician’s Interview-Based Im-
pression of Change Plus Caregiver Input) score, 
is required to support an effectiveness claim. 
Since a beneficial treatment effect on all end 
points must be established, the type I error rate 
is not inflated in clinical trials with coprimary 
end points, and no formal multiplicity adjust-
ment is applied. Rather, the treatment effect on 
each end point is tested at a standard 5% level, 
which results in a conservative approach, since 
the actual type I error rate is likely to be much 
lower than 5%.

Multiplicity Issues in Exploratory Trials

Statistical methods to control the probability of 
incorrect conclusions are most commonly ap-

plied in confirmatory trials. However, as stressed 
above, it is important to address multiplicity ef-
fects in exploratory trials (phase 1 and 2 trials). 
Methods for an indirect treatment of multiplicity 
have been successfully applied in exploratory tri-
als (e.g., the development of dose-finding algo-
rithms in phase 2 trials).13

Multiplicity also arises in the analysis of 
safety measures, including adverse events. Safe-
ty analyses are often viewed as exploratory, and 
P values used in summaries of adverse events are 
typically treated as “flagging devices.” Statistical 
methods, such as the double false discovery rate 
method, can be applied to support a more rigor-
ous assessment of adverse events that accounts 
for inherent multiplicity.14

Multiplici t y A dj us tmen t s

Numerous statistical methods for performing 
adjustments for multiplicity, known as multiple 
testing procedures or multiple tests, have been 
developed.15 These methods have been broadly 
applied in phase 3 trials to control the overall 
type I error rate at the prespecified 5% level.

Clinical Trials with a Single Source  
of Multiplicity

The choice of multiple tests in a particular trial 
is driven by the available clinical or historical 
information and the available statistical infor-
mation. Clinical information is often used to 
define relevant dependencies among the indi-
vidual objectives (e.g., to specify a hierarchical 
sequence for the end points from the most im-
portant to the least important in a phase 3 trial). 
If a meaningful ordering of the end points can-
not be prespecified, they will be examined in a 
data-driven sequence (e.g., the end points of in-
terest will be tested beginning with the least 
significant one or the most significant one). 
Multiple tests used in these two settings are said 
to rely on a predefined testing sequence or a 
data-driven testing sequence.

Information on statistical features of a study 
design or analytic strategy (e.g., information on 
the joint distribution of the end points or dose–
control comparisons) drives the selection of ef-
ficient multiple tests. Basic tests known as non-
parametric tests, such as the Bonferroni test, 
can be applied to any multiplicity problem but 
are generally inefficient — in the sense that they 
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overcorrect for multiplicity and lead to a lower 
probability of establishing a significant treat-
ment effect — as compared with semiparamet-
ric or parametric tests. Semiparametric or para-
metric tests are more efficient and can be 
applied when additional statistical information 
is available (e.g., the dose–control comparisons 
are positively correlated, or a meaningful model 
can be formulated for the outcome).

A description of these classes of tests is pro-
vided in Table 1. Tests commonly used to adjust 
for multiple end points and for multiple patient 
populations are illustrated below. For further 
information, see the Supplementary Appendix, 
available with the full text of this article at 
NEJM.org.

Clinical Trials with Several Sources  
of Multiplicity

Several primary and secondary end points are 
commonly used to provide a comprehensive char-
acterization of the efficacy properties of new 
treatments.16,17 Clinical end points are often 
grouped into families of primary, secondary, 
and exploratory end points.7,9 Demonstration of 

a significant treatment effect on the primary end 
points is essential for gaining regulatory ap-
proval, and the secondary end points may sup-
port additional regulatory claims. These end 
points are presented in the information on the 
product label, supported by inferential state-
ments (i.e., they can be accompanied by P values 
or confidence intervals). Exploratory end points 
may provide general supportive evidence of ef-
fectiveness, but unlike primary and secondary 
end points, they can be included in the infor-
mation on the product label only for purely de-
scriptive purposes (i.e., without the support of 
statistical inferences).

Tests that are specifically designed for han-
dling complex multiplicity problems with several 
primary and secondary end points are termed 
gatekeeping tests.5,18 By controlling the number 
of comparisons that are considered valid, gate-
keeping tests enable clinical trial sponsors to 
provide additional efficacy information on the 
product label that will be useful for prescribers 
and patients. Gatekeeping tests are discussed 
below in the section on clinical trials with sev-
eral sources of multiplicity.

Test Classification Examples Key Properties and Applications*

Tests with a predefined testing 
sequence based on clin-
ical information

Fixed-sequence test A fixed-sequence test can be applied to any multi-
plicity problem when the clinical objectives 
(e.g., end points) can be arranged in a mean-
ingful way. This test tends to produce spurious 
results if the prespecified ordering is based on 
unreliable information.

Tests with a data-driven testing 
sequence based on clin-
ical information

Nonparametric tests Bonferroni, Holm, and fall- 
back tests

Nonparametric tests can be applied to any multi-
plicity problem but tend to be inefficient and 
lead to a lower overall probability of success.

Semiparametric tests Hochberg and Hommel tests Semiparametric tests are more efficient than non-
parametric tests and are commonly used in 
clinical trials with several dose–control com-
parisons and patient populations.

Parametric tests Regular Dunnett and step- 
down Dunnett tests

Parametric tests are more efficient than nonpara-
metric and semiparametric tests but rely on 
very specific statistical assumptions (e.g., cor-
relations must be known). Parametric tests are 
used in clinical trials with several dose–control 
comparisons and patient populations.

*  Efficiency in terms of nonparametric, semiparametric, and parametric tests refers to an increased or a reduced proba-
bility of a significant treatment effect in a trial. Inefficient multiple tests result in a lower probability of establishing a 
significant treatment effect than efficient multiple tests.

Table 1. Statistical Methods Commonly Used in Clinical Trials to Correct for Multiplicity.
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Multiple End Poin t s

Complex causes of autoimmune, cardiovascular, 
and other diseases often necessitate multiple 
primary end points to accurately describe a thera-
peutic benefit.19 In addition, it is customary to 
predefine a set of secondary end points in phase 3 
trials in order to characterize the efficacy of new 
treatments, create differentiating factors, and 
strengthen the information on the product label. 
In both cases, multiplicity is induced by multiple 
opportunities to claim success in a trial, as 
shown in the examples below.

Clinical Trials with a Single Source  
of Multiplicity

Multiplicity adjustment strategies in trials with a 
single source of multiplicity based on primary end 
points can be illustrated with a phase 3 trial for 
the treatment of metastatic castration-resistant 
prostate cancer.20 This trial was conducted to 
evaluate survival benefits associated with abira-
terone plus prednisone versus prednisone alone. 
The trial’s primary objective was formulated in 
terms of radiographic progression-free survival 
and overall survival. Because there were two 
potential efficacy claims, the Bonferroni test 
was used to preserve the overall type I error rate 
at a two-sided alpha level of 0.05. The overall 
error rate was split unequally between the end 
points. Since progression-free survival data ma-

ture faster than overall survival data, the improve-
ment in radiographic progression-free survival 
would be declared significant at P≤0.01. This 
analysis was to be followed by the overall sur-
vival analysis, which would be significant at 
P≤0.04. Similar alpha-splitting strategies have 
been used in other oncology trials, including the 
PREVAIL trial,21 which also evaluated treatment 
for prostate cancer.

Although the basic Bonferroni test certainly 
controls the error rate in clinical trials with sev-
eral end points, it is the most conservative mul-
tiplicity adjustment and it can be improved in 
several ways. The fallback test serves as a simple 
extension of the Bonferroni test. As shown in 
Figure 1, this test has two steps. In step 1, the 
fallback test uses the same decision rule for radio-
graphic progression-free survival as the Bonfer-
roni test (e.g., the between-group difference in 
radiographic progression-free survival is signifi-
cant at P≤0.01). However, the chances of estab-
lishing a survival benefit can be improved in 
step 2 if the effect on progression-free survival 
is significant. The analysis of overall survival is 
performed at a higher level if the treatment ef-
fect on radiographic progression-free survival is 
significant in step 1 (i.e., P≤0.05). Otherwise, 
the analysis in step 2 is performed at the same 
level as in the Bonferroni test (i.e., P≤0.04).

An important feature of oncology trials is that 
an analysis of progression-free survival is per-
formed before the analysis of overall survival. If 
the primary end points are evaluated at the same 
time, the fallback test displayed in Figure 1 can 
be replaced by the Holm test, which is more ef-
ficient. The testing strategy, shown in Figure 2, 
is set up for a trial with two primary end points 
(end point 1 and end point 2). Both the fallback 
and Holm tests are easily extended to trials with 
three or more end points.

When alpha-splitting methods are applied in 
clinical trials, the actual alpha allocation is de-
termined in an ad hoc fashion. The allocation 
can be selected to maximize the overall probabil-
ity of success in the trial with the use of stan-
dard clinical-trial optimization methods.22

Clinical Trials with Several Sources  
of Multiplicity

Advanced gatekeeping tests are used in clinical 
trials with two or three sources of multiplicity 
due to several primary and secondary end points, 

Figure 1. Decision Rules of the Fallback Test with 
 Unequal Alpha Allocation in a Phase 3 Oncology Trial 
with Two Primary End Points.

The two primary end points are radiographic progres-
sion-free survival (rPFS) and overall survival (OS). The 
arrows represent the decision paths supported by the 
fallback test. In step 1, a significant treatment effect 
on rPFS is established at P≤0.01. In step 2, a signifi-
cant treatment effect on OS is established if rPFS was 
significant in step 1 and P≤0.05 for OS or if rPFS was 
not significant in step 1 but P≤0.04 for OS.

Step 1 Step 2

rPFS
P≤0.01

OS
P≤0.05

OS
P≤0.04

If significant

If not significant
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several dose–placebo comparisons, or other fac-
tors. The lurasidone program for the treatment 
of schizophrenia23,24 provides examples of chal-
lenging multiplicity problems of this kind. This 
program included trials for evaluating the effi-
cacy profile of two or three doses of lurasidone 
versus placebo on the basis of a single primary 
end point (change from baseline in the total 
score on the Positive and Negative Syndrome 
Scale at week 6) and two secondary end points 
(change from baseline in the Clinical Global 
Impression of Severity score at week 6 and 
change from baseline in the total score on the 
Positive and Negative Syndrome Scale at day 4). 
The resulting assessments were grouped into 
families as shown in Figure 3. It is important to 
point out that the gatekeeping tests accounted 
for the clinically relevant dependencies among 
the individual objectives.

An efficient gatekeeping test that applied the 
Hommel-type tests within each family was de-
veloped to control the overall type I error rate. 
Defining the decision rules used in the Hommel-
based gatekeeping test is beyond the scope of 
this review, but the test is easy to implement in 
phase 3 trials.25 General principles for construct-
ing powerful gatekeeping tests in clinical trials 
with secondary end points can be applied to a 
broad class of advanced multiplicity problems.26,27

Composite End Points

Multiplicity issues also arise in clinical trials that 
use composite end points (e.g., major adverse 
cardiac events in trials of treatment for cardio-
vascular disease).19 When analytic strategies for 
composite end points are defined, it is important 
to describe how each component’s effect on the 
overall conclusions will be interpreted. If a dis-
proportional influence of a particular compo-
nent of an end point has been established, it may 
lead to a decision to restrict the product label in 
order to focus on this specific component rather 
than on the composite end point. Such a decision 
was made, for example, in the LIFE (Losartan 
Intervention for Endpoint Reduction in Hyper-
tension) trial because losartan had a major effect 
on the blood pressure and stroke components of 
the composite end point but a smaller effect on 
the myocardial infarction component.28 Several 
rules for evaluating the effect of individual com-
ponents, including “soft” components such as 
recurrent angina and “hard” components such 

as mortality, in a thrombolytic clinical trial, have 
been proposed in the literature.29

Multiple Patien t Popul ations

Approaches to performing subgroup analysis in 
clinical trials can be viewed as either confirma-

Figure 2. Decision Rules of the Holm Test with Equal Alpha Allocation  
in a Phase 3 Trial with Two Primary End Points.

The arrows represent the decision paths supported by the Holm test.  
In step 1, a significant treatment effect on end point 1 is established at 
P≤0.025. In step 2, a significant treatment effect on end point 2 is estab-
lished if the treatment effect on end point 1 was significant in step 1 and 
P≤0.05 for end point 2 or if end point 1 was not significant in step 1 but 
P≤0.025 for end point 2. Finally, in step 3, end point 1 can be examined 
again if it was not significant in step 1. A significant treatment effect for 
end point 1 is established if the treatment effect for end point 2 was sig-
nificant in step 2 and P≤0.05 for end point 1.

Step 1 Step 2 Step 3

End point 1
P≤0.025

End point 2
P≤0.05

End point 2
P≤0.025

End point 1
P≤0.05

If significant

If significantIf not significant

Figure 3. Testing Strategy Used in a Phase 3 Trial  
of Lurasidone versus Placebo, with Three End Points 
and Two Doses.

The arrows represent the decision paths, which were 
consistent with the clinically relevant dependencies.  
A dose–placebo comparison for a secondary end point 
could be performed only if a significant effect on the 
primary end point had been established at the partic-
ular dose.

End Point

Primary

Secondary 1

Secondary 2

Dose 1 vs.
placebo

Dose 2 vs.
placebo

Dose–Placebo Comparison

Dose 1 vs.
placebo

Dose 2 vs.
placebo

Dose 1 vs.
placebo

Dose 2 vs.
placebo
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tory or exploratory.30 Confirmatory subgroup 
analysis is applicable to late-stage clinical trials 
and involves evaluation of the therapeutic effect 
in several prospectively defined subsets of the 
trial population.31 Exploratory subgroup analysis 
is aimed at discovering new features of a treat-
ment’s efficacy or safety profile in an ad hoc 
manner. This section focuses on confirmatory 
analysis.

As interest in the development of targeted 
therapies has increased, numerous phase 3 trials 
have had multiple-population designs. In these 
trials, the efficacy of a new treatment has been 
studied in two or more prespecified subpopula-
tions in addition to the intention-to-treat popu-
lation, also known as the all-comers population. 
An example is SATURN (Sequential Tarceva in 
Unresectable NSCLC), which evaluated the role 
of erlotinib maintenance therapy in patients who 
had lung cancer with or without a mutation in 
the epidermal growth factor receptor, the target 
of erlotinib.32 Multiplicity occurred in this trial 
because of the possibility of making an efficacy 

claim in the intention-to-treat population and a 
predefined subpopulation.

When a testing strategy is developed for a 
trial with several populations, it is critical to 
ensure that the strategy is flexible and treats the 
predefined populations as interchangeable rather 
than hierarchically ordered. The APEX (Acute 
Medically Ill VTE [Venous Thromboembolism] 
Prevention with Extended Duration Betrixaban) 
trial33 can be used to compare different ap-
proaches to multiplicity adjustments in multiple-
population trials. This trial investigated the 
advantages of betrixaban as compared with 
enoxaparin in patients at risk for venous throm-
bosis. The primary analysis was performed in 
the all-comers population and two target sub-
populations (subpopulations 1 and 2). The two-
sided P values for the between-group differences 
in the three populations are shown in Table 2.

Figure 4 shows the decision rules for the 
fixed-sequence test, which relies on a rigid test-
ing strategy with hierarchically ordered popula-
tions, and Figure 5 shows the decision rules for 
the Hochberg test, which uses a flexible testing 
sequence. Table 2 applies the decision rules and 
provides a comparison of the two tests in the 
APEX trial. When the fixed-sequence test is car-
ried out, the first P value in the sequence is 
greater than 0.05 (P = 0.054). Owing to this re-
sult, no efficacy claim can be formulated for 
betrixaban in any of the patient populations. The 
analyses in subpopulation 2 and the all-comers 
population can only be considered exploratory, 
despite the fact that the between-group differ-
ences in these two populations are significant at 
a 5% level (P = 0.03 and P = 0.006). This particu-
lar example illustrates an important property of 
the fixed-sequence test: it can be justified only if 
the most significant P value is expected in sub-

Population
P Value (Betrixaban vs. 

Enoxaparin) Fixed-Sequence Test Hochberg Test

Subpopulation 1 0.054 No significant effect No significant effect

Subpopulation 2 0.03 No significant effect No significant effect

All-comers population 0.006 No significant effect Significant effect

*  APEX denotes Acute Medically Ill VTE (Venous Thromboembolism) Prevention with Extended Duration Betrixaban.

Table 2. Use of the Fixed-Sequence and Hochberg Tests to Evaluate the Treatment Effect in the Three Predefined 
Populations in the APEX Trial.*

Figure 4. Decision Rules of the Fixed-Sequence Test in the APEX Trial.

This test relies on a predefined sequence: subpopulation 1 (S1) is to be 
tested first, followed by subpopulation 2 (S2), followed by the all-comers 
population (AP). In step 1, a significant treatment effect was established in 
S1 at P≤0.05. In step 2, a significant treatment effect was established in S2 
if the effect in S1 was significant in step 1 and P≤0.05. In Step 3, a signifi-
cant treatment effect was established in AP if the effect in S2 was signifi-
cant in step 2 and P≤0.05. APEX denotes Acute Medically Ill VTE [Venous 
Thromboembolism] Prevention with Extended Duration Betrixaban.

Step 1 Step 2 Step 3

S1
P≤0.05

S2
P≤0.05

AP
P≤0.05

If significant If significant
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population 1 and the least significant P value is 
expected in the all-comers population. If this 
assumption is not met, as was the case in the 
APEX trial, this multiple test is likely to miss 
statistically and clinically relevant results.

As shown in Figure 5, a data-driven testing 
sequence is used when the Hochberg test is car-
ried out. Table 2 shows that, with this multiple 
test, betrixaban would have been declared supe-
rior to enoxaparin in the all-comers population, 
since P≤0.017. Multiple tests with a data-driven 
sequence support more flexible decision paths, 
as compared with the fixed-sequence test. For 
example, these tests enable the trial’s sponsor to 
claim efficacy in one patient population (e.g., 
the all-comers population) even if the treatment 
effect in another population (e.g., subpopulation 
1) is not significant.

Conclusions

Virtually all confirmatory phase 3 trials are de-
signed to pursue multiple clinical objectives that 
are formulated on the basis of several end points 
or doses of an experimental treatment. Interpre-
tation of clinical trial results may be quite com-
plicated in the presence of multiplicity, since it 
often increases the chances of drawing an in-
correct conclusion. A large number of statisti-
cal strategies, known as multiplicity adjust-
ments, have been developed to address different 
sources of multiplicity and to control the prob-
ability of erroneously concluding that the experi-
mental treatment is effective.

The choice of a multiplicity adjustment is 
likely to have a major effect on the overall con-

clusions in a trial. It is critical to consider rele-
vant clinical and statistical information and per-
form a comprehensive review of all applicable 
multiplicity adjustment strategies in order to 
identify a strategy that is aligned with the trial’s 
objectives and maximizes the probability of suc-
cess. This includes information on the relative 
importance of the end points or patient popula-
tions and key statistical features such as correla-
tions among the test statistics in a multiplicity 
problem. Extensive clinical trial simulations are 
often conducted to facilitate the process of se-
lecting the most efficient and robust multiplicity 
adjustment for a particular clinical trial.

Disclosure forms provided by the authors are available with 
the full text of this article at NEJM.org.
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