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The confirmatory analysis of pre-specified multiple hypotheses has become common in pivotal
clinical trials. In the recent past multiple test procedures have been developed that reflect the relative
importance of different study objectives, such as fixed sequence, fallback, and gatekeeping proce-
dures. In addition, graphical approaches have been proposed that facilitate the visualization and
communication of Bonferroni-based closed test procedures for common multiple test problems, such
as comparing several treatments with a control, assessing the benefit of a new drug for more than one
endpoint, combined non-inferiority and superiority testing, or testing a treatment at different dose
levels in an overall and a subpopulation. In this paper, we focus on extended graphical approaches by
dissociating the underlying weighting strategy from the employed test procedure. This allows one to
first derive suitable weighting strategies that reflect the given study objectives and subsequently apply
appropriate test procedures, such as weighted Bonferroni tests, weighted parametric tests accounting
for the correlation between the test statistics, or weighted Simes tests. We illustrate the extended
graphical approaches with several examples. In addition, we describe briefly the gMCP package in R,
which implements some of the methods described in this paper.

Keywords: Dunnett test; Gatekeeping procedure; Min-p test; Non-inferiority; Truncated
Holm.

1 Introduction

Multiple test procedures are often used in the analysis of clinical trials addressing multiple objec-
tives, such as comparing several treatments with a control and assessing the benefit of a new drug
for more than one endpoint. Several multiple test procedures have been developed in the recent past
that allow one to map the relative importance of the different study objectives as well as their
relation onto an appropriately tailored multiple test procedure.

A common strategy to reduce the degree of multiplicity is to group the hypotheses into primary
and secondary objectives (O’Neill, 1997). Test procedures accounting for the inherent logical
relationships include fixed sequence tests (Maurer et al., 1995; Westfall and Krishen, 2001), gate-
keeping procedures (Bauer et al., 1998; Westfall and Krishen, 2001; Dmitrienko et al., 2003) and
fallback procedures (Wiens, 2003; Huque and Alosh, 2008). Li and Mehrotra (2008) introduced a
more general approach for adapting the significance level to test secondary hypotheses based on the
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finding for the primary hypotheses. Alosh and Huque (2009) introduced the notion of consistency
when testing for an effect in the overall population and in a specific subgroup. The authors extended
this consistency concept to other situations (Alosh and Huque, 2010), including how to address
multiplicity issues of a composite endpoint and its components in clinical trials (Huque et al., 2011).
Hung and Wang (2009, 2010) considered some controversial multiple test problems, with emphasis
on regulatory applications, and pointed out illogical problems that may arise with recently devel-
oped multiple test procedures.

In this paper, we focus on graphical approaches which have been introduced independently by
Bretz et al. (2009) and Burman et al. (2009). The key idea is to express the resulting multiple test
procedures by directed, weighted graphs, where each node corresponds to an elementary hypothesis,
together with a simple algorithm to generate such graphs while sequentially testing the individual
hypotheses. Using graphical approaches, one can explore different test strategies together with the
clinical team and thus tailor the multiple test procedure to the given study objectives. So far, the
description of these graphical approaches has focused on Bonferroni-based test procedures. In this
paper, we investigate extensions of the original ideas. In particular, we discuss in Section 2 how a
separation between the weighting strategy and the test procedure facilitates the application of a
graphical approach beyond Bonferroni-based test procedures. In Section 3, we illustrate these ideas
with different test procedures. We start with a brief review of Bonferroni-based test procedures and
subsequently describe parametric graphical approaches that account for the correlation between the
test statistics as well as graphical approaches using the Simes test. In Section 4, we describe the
gMCP package in R which implements some of the methods discussed in this paper and illustrate it
with a clinical trial example using a truncated Holm procedure. Concluding remarks are given in
Section 5.

2 Graphical weighting strategies

Consider the problem of testing m elementary hypotheses Hj,...,H,,, some of which could be more
important than others, e.g. primary and secondary objectives. Let 7 = {1,...,m} denote the asso-
ciated index set. The closure principle introduced by Marcus et al. (1976) is commonly
used to construct powerful multiple test procedures. Accordingly, we consider all non-empty
intersection hypotheses H; = Nje;H;,J € 1. We further pre-specify an a-level test for each
Hj;. The resulting closed test procedure rejects H;,i € I, if all intersection hypotheses H; with
i € J C I are rejected by their corresponding a-level tests. By construction, closed test procedures
control the familywise error rate (FWER) in the strong sense at level ae(0,1). That is, the prob-
ability to reject at least one true null hypothesis is bounded by o under any configuration
of true and false null hypotheses (Hochberg and Tamhane, 1987). In fact, closed test procedures
have certain optimality properties whenever the FWER has to be controlled (Bauer, 1991). In what
follows, we assume that the hypotheses Hy,...,H,, satisfy the free combination condition (Holm,
1979). If this condition is not satisfied, the methods in this paper still control the FWER at level o,
although they can possibly be improved because of the reduced closure tree (Brannath and Bretz,
2010).

One important class of closed test procedures is obtained by applying weighted Bonferroni tests
to each intersection hypothesis H;. For each J<I assume a collection of weights w;(J) such that
0<wj(J)<1and Z/‘GJ w;(J) < 1. With the weighted Bonferroni test we reject H; if p; < o(J) =
w;(J)a for at least one jeJ, where p; denotes the unadjusted p-value for H; Hommel et al. (2007)
introduced a useful subclass of sequentially rejective Bonferroni-based closed test procedures. They
showed that the monotonicity condition

wi(J) <wj(J)) forall/’cJCI and jelJ (1
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ensures consonance, i.e. if an intersection hypothesis H; is rejected, there is an index jeJ, such that
the elementary hypothesis H; can be rejected as well. This substantially simplifies the
implementation and interpretation of related closed test procedures, as the closure tree of 2”'—1
intersection hypotheses is tested in only m steps. Many common multiple test procedures satisfy (1),
see Hommel et al. (2007) for examples.

Bretz et al. (2009) and Burman et al. (2009) independently derived graphical representations and
associated rejection algorithms for important subclasses of the Hommel et al. (2007) procedures. The
graphical representations and rejection algorithms in these two articles are different, though under-
lying ideas are closely related; see Guilbaud and Karlsson (2011) for some comparative examples.
Using the graphical approach of Bretz et al. (2009), the hypotheses Hy,...,H,, are represented by
vertices with associated weights denoting the local significance levels a,...,a,,. In addition, any two
vertices H; and H; are connected through directed edges, where the associated weight g;; indicates the
fraction of the (local) significance level o, that is propagated to H; once H; (the hypothesis at the tail of
the edge) has been rejected. A weight g; = 0 indicates that no propagation of the significance level is
foreseen and the edge is dropped for convenience. Figure 1 shows an example.

While the original graphical approaches were introduced based on weighted Bonferroni tests, we
propose here to dissociate the underlying weighting strategy from the employed test procedure. The
benefit of such an approach is the enhanced transparency by (i) first deriving suitable weighting
strategies that reflect the given study objectives (and which can be communicated to the clinical
team) and (ii) subsequently applying appropriate test procedures that do not necessarily have to be
based on Bonferroni’s inequality.

Graphical weighting strategies are conceptually similar to the graphs proposed by Bretz et al.
(2009). They essentially summarize the complete set of "7, i (/) = m2™~! weights determining the
full closure tree. A weighted multiple test can then be applied to each intersection hypothesis H,
such as a weighted Bonferroni test, a weighted min-p test accounting for the correlation between the
test statistics, or a weighted Simes test; see Section 3 for details. Weighting strategies are formally
defined through the weights w; (1), ie I, for the global null hypothesis H; and the transition matrix
G =(g;), where 0<g;;<1, g;=0, and Z;":] gij < 1 for all i, jel. We additionally need to determine
how the graph is updated once a vertex is removed. This can be achieved by tailoring Algorithm 1 in
Bretz et al. (2009) to the graphical weighting strategies as follows. For a given index set J<1, let
J¢=I\J denote the set of indices that are not contained in J. Then the following algorithm de-
termines the weights wy(J), jeJ. This algorithm has to be repeated for each J=I to generate the
m2"~! weights for the full closure.

Algorithm 1 (Weighting Strategy)

(i) Select jeJ° and remove H;
(i) Update the graph:

I — I\{j},J¢ — J\{j}

we(D)+wi(Dgi, €€l
i) — { (D) +wi(D)gje .
, otherwise
8ok t8uigjk o
g — 71_&/_&_[ , f,k € I,[ 75 k,gg,g][<1
0, otherwise

(iii) If [J°>1, go to step (i); otherwise wy(J) = we(I),£ € J, and stop.

As shown by Bretz et al. (2009), the weights wi(J), jeJ are unique. In particular, they do not
depend on the sequence in which hypotheses H;, j € J, are removed in step (i) of Algorithm 1. Note
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Figure 1 Weighting strategy for two hierarchically ordered endpoints and two dose
levels.

that Algorithm 1 requires specifying the weights w;(/) for the global intersection hypothesis H; and
the elements of the transition matrix G. This leads to the specification of m+m(m — 1) = m?
parameters if Y., wi(/) <1 and 7" gy <1 or m—1+m(m—2)=m>—m—1 parameters if

Z_[GI W’](I) = 1 and Z;n:] g” — 1’ for all l,]e]

Example 1

As an example, assume a primary family of two hypotheses F| = {H|, H>} and a secondary
family of two hypotheses F, = {H3, H4}. The hypotheses H; and H, could denote, for example, the
comparison of low and high dose with a control, for either a primary endpoint, a non-inferiority
claim, or an overall population. Accordingly, the hypotheses H; and H4 would then denote the
comparison of the same two doses with a control, for either a secondary endpoint, a superiority
claim, or a pre-specified subgroup. Figure 1 visualizes one possible weighting strategy. It is moti-
vated by a strict hierarchy within dose: the secondary endpoint will only be assessed if efficacy was
shown previously for the primary endpoint (so-called successiveness property; see Maurer et al.,
2011). If for one of the doses efficacy can be shown for both the primary and the secondary
endpoint, the associated weight is passed on to the other dose. Therefore we have 7 = {1,2, 3,4},
wi(I) = wo(I) = 0.5 for the primary hypotheses and w;(/) = wy({) =0 for the secondary hy-
potheses, which implies that no secondary hypothesis can be rejected until a primary hypothesis is
rejected and propagates its weight. The associated transition matrix is

0010
00 0 1
G=10o 1 0 o0
1 000

The graph in Figure 1 together with Algorithm 1 from above fully specify the 32 weights of the
full closure tree, as summarized in Table 1. This table parallels the weight tables introduced by
Dmitrienko et al. (2003). Note that the weights w;(J), j € J¢, are formally not defined and expressed
by “— in Table 1. Figure 2 displays the updated graphs resulting from Figure 1 after removing H;,
H,, H;, or Hy. The four updated graphs in Figure 2 correspond to the four rows in Table 1
containing the weights for the three-way intersection hypotheses. Removing any two hypotheses
results in six possible two-way intersection hypotheses and the two vertexes are connected by two
directed edges, each with weight 1 (graphical display omitted here). Note that Figure 2 displays the
principle of recalculating the weights by updating the graphs. It is possible and also necessary to
remove hypotheses with weight 0 (in this example H3 and Hy with w3(I) = w4(I) = 0) in order to
compute the respective weights for the larger intersection hypotheses.

Note that Figure 1 displays only one possible weighting strategy. Many other weighting strategies
are possible and perhaps more reasonable, depending on the given context. We refer to Bretz et al.
(2011) for a generic discussion about testing two families 7| and F, with two hypotheses each.
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Table 1 Weights for the intersection hypotheses derived from Figure 1.

Intersection hypothesis Weights

Hl H2 H3 H4
H\NH,NH;NH, 0.5 0.5 0 0
H\NH,NH; 0.5 0.5 0 -
H,NH,NH, 0.5 0.5 - 0
H\NH, 0.5 0.5 - -
H\NH3NH, 0.5 - 0 0.5
HlﬂH3 1 - 0 -
H\NH, 0.5 - - 0.5
Hl 1 - - -
H,NH;NH, - 0.5 0.5 0
H>NH; - 0.5 0.5 -
H, - 1 - -
H3ﬂH4 - - 0.5 0.5
H3 - - 1 -
H, - - - 1

A

I
N

N
N[

Figure 2 Updated graphs resulting from Figure 1 after removing (A) H,, (B) H,,
(C) H3, and (D) Hy.

3 Test procedures

In Section 2, we proposed to dissociate the underlying weighting strategy from the employed test
procedure and gave a generic description of the former, illustrated with an example. In this section
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we give details on different test procedures that could be employed to test the intersection
hypotheses, including weighted Bonferroni tests, weighted min-p tests accounting for the correlation
between the test statistics, and weighted Simes’ tests.

3.1 Weighted Bonferroni tests

The weighted Bonferroni test introduced in Section 2 is the simplest applicable test procedure,
leading to the original graphical approaches by Bretz et al. (2009). Applying the Bonferroni test
leads to simple and transparent test procedures that are often easier to communicate than alter-
native, potentially more powerful approaches. As a matter of fact, the Bonferroni test is often
perceived to provide credible trial outcomes in clinical practice. Most importantly in the context of
the graphical weighting strategies considered here, applying the Bonferroni test leads to shortcut
procedures as long as the monotonicity condition (1) is satisfied. That is, one can start with a graph
as shown in Figure 1 and sequentially test the m hypotheses as long as individual null hypotheses H,,
i €1, are rejected. Based on Algorithm 1 from Section 2, we give in the following a similar algorithm
that accounts for the weighted Bonferroni tests, thus leading to the sequentially rejective multiple
test procedures described in Bretz et al. (2009):

Algorithm 2 (Weighted Bonferroni Test)

(i) Select a jel such that p;<w/(l)a and reject H;; otherwise stop.
(i) Update the graph:

I — I\{j}
we()+wi(I)gje, €€l
wo(l) — e()+wi(l)gje .
0, otherwise
8ok +8eigi o
2o — m, f,kelf£¢k,g[]g][<l
0, otherwise

(i) If [I]>1, go to step (i); otherwise stop.

Similar to Algorithm 1, the results in Bretz et al. (2009) ensure that the decisions of the resulting
sequentially rejective multiple test procedures remain unchanged regardless of the actual rejection
sequence. That is, if in step (i) of Algorithm 2 more than one hypothesis could be rejected, it does
not matter with which to proceed. Although Algorithms 1 and 2 have a similar update rule in
step (ii), they differ in the way that the index sets are updated. While Algorithm 2 starts with the
global index set I and reduces it sequentially as long as hypotheses are rejected, Algorithm 1
removes, for each J= I, consecutively all indices from 7 that are not contained in J until the set J is
obtained. Note that performing a closed weighted Bonferroni test procedure using the weights from
Algorithm 1 leads to exactly the same test decisions as performing a sequentially rejective multiple
test procedure with Algorithm 2 based on the same starting weights.

Figure 3 gives an example of a Bonferroni-based sequentially rejective multiple test procedures
for the weighting strategy proposed in Example 1. Assume, for example, the unadjusted p-values
p1=0.01, p, =0.005, p3=0.1, and ps =0.5. Then we can reject both H; and H», but none of the
other hypotheses. Figure 3 displays the initial graph together with a possible rejection sequence. As
mentioned above, the final decisions on which hypotheses to reject do not depend on the particular
rejection sequence. That is, with the initial graph from Figure 3 we would obtain the same decisions,
regardless of whether we first reject H, and then H;, or vice versa.
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Figure 3 Graph for sequentially rejective procedure with example rejection sequence.

Many standard approaches from the literature can be visualized using Bonferroni-based
graphical test procedures, including the weighted or unweighted Bonferroni-Holm procedure
(Holm, 1979), fixed sequence tests (Maurer et. al, 1995; Westfall and Krishen, 2001), fallback
procedures (Wiens, 2003), and gatekeeping procedures (Bauer et al., 1998; Westfall and Krishen,
2001; Dmitrienko et al., 2003). Adjusted p-values and simultaneous confidence intervals can be
calculated as well, although the resulting simultaneous confidence intervals are known to be of
limited practical use, as they are often non-informative; see Strassburger and Bretz (2008), Guilbaud
(2008, 2009) and Bretz et al. (2009) for details. Bretz et al. (2011) provided SAS/IML code to
perform the resulting Bonferroni-based sequentially rejective multiple test procedures. In Section 4,
we describe the gMCP package in R, which offers a convenient graphical user interface (GUI) for
these approaches.

One general disadvantage of Bonferroni-based approaches is a perceived power loss, motivating
the use of weighted parametric tests that account for the correlation between the test statistics or the
use of weighted Simes tests. We discuss these alternative test procedures in Sections 3.2 and 3.3,
respectively.

3.2 Weighted parametric tests

If for the intersection hypotheses H;,J C I, the joint distribution of the p-values p;, je J, are known,
a weighted min-p test can be defined (Westfall and Young, 1993; Westfall et al., 1998). This test
rejects H, if there exists a jeJ such that p; < c¢;w;(J)a, where ¢, is the largest constant satisfying

Py, (U{p, < CJW_/(J)oc}> <a. 2
=

If the p-values are continuously distributed, there is a ¢; such that the rejection probability is
exactly a. Determination of ¢; requires knowledge of the joint null distribution of the p-values and
computation of the corresponding multivariate cumulative distribution functions. If the test sta-
tistics are multivariate normal or ¢ distributed under the null hypotheses, these probabilities can be
calculated using, for example, the mvtnorm package in R (Genz and Bretz, 2009). Alternatively,
resampling-based methods may be used to approximate the joint null distribution; see Westfall and
Young (1993).

If ¢;=1 in (2), the weighted parametric test reduces to the weighted Bonferroni test. This fully
exhausts the level if and only if the joint distribution of continuously distributed p-values with
strictly positive density function over (0,1)” satisfies

Pu,({pj < cywi(N)a} N {p; < cywi(J)a}) =0

© 2011 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



Biometrical Journal 53 (2011) 6 901

for all i# jeJ, because then all events are pairwise disjoint and Py, (Ujes {p; < cywi(J)a})
= Z/’e 7 Pu,(p; < cywi(J)a). Otherwise, ¢;>1 and the weighted parametric test gives a uniform im-
provement over the weighted Bonferroni test from Section 3.1.

If not all, but some of the multivariate distributions of the p-values are known, it is possible to
derive conservative upper bounds of the rejection probability that still give an improvement over the
Bonferroni test. Assume that 7 can be partitioned into / sets [, such that I = U§1=11h and NI, =0
fori £2£h=1,...,/. We assume that for each 1 = 1,...,/ the joint distribution of the p-values p;,i € I,
is known, but the joint distribution of p-values belonging to different 7, is not necessarily known.
Now, let J=1 and choose the maximal critical value c; such that

/
ZPH,< U o = cjwkum) <o 3)
h=1

kel,NJ

By the Bonferroni inequality, the left-hand side in (2), which cannot be computed if the full joint
distribution is unknown, is bounded from above by the left-hand side in (3), whose computation
requires only the knowledge of the joint distribution of the p-values in [,NJ, separately for each
h=1,...,I. Thus, any c; satisfying (3) will also satisfy (2), leading to a conservative test for the
intersection hypothesis H,.

It follows immediately from Eq. (1) that these parametric approaches are consonant if

cwi(J) < cpwi(J') forallJ '€ JCI and jelJ' @)

For p-values following a joint continuous distribution with strictly positive density function
over (0,1)” this is also a necessary consonance condition. This condition is often violated by the
weighted parametric tests above. Consider, for example, the Sidak (1967) test for three hypotheses
with initial weights 1/3. Assume that for the test of the intersection of any two hypotheses the
weights are 1/3 and 2/3. For a = 0.05, the critical value c,w; (J)o = 0.01695 for all three hypotheses
in the first step. For all J' with |J'| = 2, we have c;w;(J")o = 0.01686 for the hypothesis H; with the
weight 1/3 in the second step, violating (4). This phenomenon is even more pronounced for positive
correlations. If in the previous example the correlations are all 0.5 (corresponding to a Dunnett test
in a balanced one-way layout with known variance), we have c;w;j(J)o =0.0196 and
cywi(J o = 0.0182.

If the consonance condition (4) is met, a sequentially rejective test procedure similar to the
Bonferroni-based graphical tests from Section 3.1 can be defined.

Algorithm 3 (Weighted Parametric Test)
(1) Choose the maximal constant ¢; that satisfies either (2) or (3) for J= 1.

(i) Select a jel such that p; < c;w;(/)a and reject Hj; otherwise stop.
(ii1) Update the graph:

I — I\{j}
we(D)+wi(D)gje, €€l
we(l) — { (D) Fwigje .
0, otherwise
8tk t8ei8jk .
[ G tke 1.’5 # k,gygje<1
, otherwise

(iv) If [I|>1, go to step (i); otherwise stop.

For any specific multiple test procedure defined by a given graph, the consonance condition can
be checked. If the consonance condition is not met, the weighting strategies introduced in Section 2

© 2011 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



902 F. Bretz et al.: Graphical approaches for multiple comparison procedures

remain applicable, although the connection to a corresponding sequentially rejective test procedure
is lost. In this case, Algorithm 3 no longer applies and one has to go through the entire closed test
procedure. For a given weighting strategy, this procedure is uniformly more powerful than the
associated Bonferroni-based procedure from Section 3.1. Note that adjusted p-values for each
hypothesis H; can be obtained by computing p-values for each intersection hypothesis H; with ieJ
(given by the lowest local level for which the respective intersection hypothesis can be rejected) and
then taking the maximum over them.

Before illustrating Algorithm 3 with two examples, we notice that Eq. (2) does not provide the
only possible definition of a weighted parametric test. Instead of using c,w,(J)a as the critical values
for p;, jeJ, we could also use some other function f;(w;(J),o) fulfilling f7(w;(J), %) > w;(J)a for all
jeJ and all dependence structures of the p-values. For example, if 7; = o~ 1(1 - p;) is the test
statistic corresponding to the p-value of a z-test for H;, then finding an ¢; such that

1 — Py, (U{T, <071 - wi(J)or) — w,-(J)SJ}> =0

jeJ

would also define a test which is uniformly more powerful than the corresponding weighted Bon-
ferroni test. A related approach to account for correlations in weighted multiple testing procedures
defined by the graphical approach was considered in Millen and Dmitrienko (2011).

Example 2

We revisit the weighting strategy from Example 1. Assume that the joint null distribution
of the p-values p;, p, for the two primary dose-control comparisons as well as the joint null
distribution of the p-values ps, p4 for the two secondary comparisons are known. Applying the
standard analysis-of-variance assumptions with a known common variance, we have a bivariate
normal distribution, where the correlation is determined only by the relative group sample sizes. In
practice, the correlation between primary and secondary endpoints is typically unknown and thus
the joint distributions of the pairs (p;, pj),i = 1,2, j = 3,4 are also unknown. Therefore, (2) cannot
be computed and ¢; cannot be determined directly. Setting I; = {1,2} and I, = {3, 4}, the joint null
distribution of the test statistics for the hypotheses in 7; and I, is known and the constants ¢; can be
determined by (3). Note that ¢; depends on o and on the weights. Table 2 shows the local sig-
nificance levels for both (A) the closed weighted Bonferroni test procedure and (B) the closed
weighted parametric test procedure, assuming o = 0.025 and equal group sample sizes.

Using, for example, the mvtnorm package in R, one can call

>myfct <- function(x, a, w, sig) {

+ 1 -a-pmvnorm(lower = -Inf, upper = gqnorm(l-x*wka), sigma = siqg)
+}

> sig <-diag(2)*%0.5 + 0.5

> uniroot (myfct, lower =1, upper =9, a=0.025, w=rep(0.5, 2),

+ sig =sig)S$root

[1] 1.078306

to compute c¢;=1.0783 for J=1{3,4} as well as for all J 2O {l1,2} and c¢;=1 otherwise.
In other words, H3NH,; and all intersection hypotheses that include H, and H, are
tested with unweighted Dunnett z tests. However, intersection hypotheses containing H,NH,4 or
H>NH; are tested with an unweighted Bonferroni test. As a consequence, the resulting family of
tests is not consonant. For example, c¢ji234wi({1,2,3,4})o = 0.0135>0.0125 = ¢ 4ywi1({1,4})o,
violating condition (4). Nevertheless, for a given weighting strategy, the closed test
procedure based on parametric weighted tests dominates the associated procedure based on
weighted Bonferroni tests. For example, if p; = 0.0131,p, = 0.1,p3 = 0.012, and p, = 0.01, the
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Table 2 Local significance levels (in %) of A: weighted Bonferroni (B: parametric, C: consonant
parametric with 6 = 0.0783) test for the example from Figure 1 and o = 0.025.

Intersection hypothesis

Local significance levels (in %)

H1 H2 H3 H4

H\NH-NHANH, 1.25(1.35,1.35)  1.25(1.35,1.35) 0 (0,0) 0 (0,0)
H\NH>NH, 1.25 (1.35,1.35)  1.25(1.35,1.35) 0 (0,0) -

H\NH>NH, 125 (1.35,1.35)  1.25(1.35,1.35) - 0 (0,0)

H\NH> 1.25 (1.35,1.35)  1.25(1.35,1.35) - -

H\NH:sNH, 1.25(1.25,1.35) - 0 (0,0) 1.25 (1.25,1.15)
H\NH; 2.50 (2.50,2.50) - 0 (0,0) -

H\NH, 1.25(1.25,1.35) - - 1.25 (1.25,1.15)
H, 2.50 (2.50,2.50) — - -

HNH3NH, - 1.25 (1.25,1.35)  1.25(1.25,1.15) 0 (0,0)

HoNH; - 1.25 (1.25,1.35)  1.25(1.25,1.15) -

HNH, - 2.50 (2.50,2.50) - 0 (0,0)

H> - 2.50 (2.50,2.50) - -

H3NH, - - 1.25 (1.35,1.35)  1.25(1.35,1.35)
H, - - 2.50 (2.50,2.50)

H, - - - 2.50 (2.50,2.50)

weighted parametric test procedure rejects H; and H3, whereas the Bonferroni test rejects none. In
Section 4, we revisit this numerical example and describe the gMCP package in R, which implements
the closed weighted parametric test procedure (B). Related gatekeeping procedures addressing the
problem of comparing several doses with a control for multiple hierarchical endpoints were
described, among others, by Dmitrienko et al. (2006), Liu and Hsu (2009), and Xu et al. (2009).

Continuing with the example, one can enforce consonance via an appropriate modification
of the weighting strategy from Figure 1. To achieve consonance, we introduce additional
edges with weight & (see Figure 4) such that the weight for H; (resp. H») is sufficiently increased to
satisfy the monotonicity condition (4) when testing the intersection hypotheses H;NH4; and
H\NH3;NH, (resp. H,NH; and HNH3;NHy). If 8> 8" =c¢p234 —1 the resulting closed
test procedure is consonant and Algorithm 3 can be used to perform the test. In the above
example with o = 0.025, the lower bound is §* = 0.0783. Setting & = §*, we obtain the local sig-
nificance levels for procedure (C) in Table 2. Note that because of the special weighting strategy
employed in this example, these local significance levels are obtained with the regular Dunnett and
univariate z tests.

The lower bound §* depends on the correlation between the test statistics for H; and H». Because
1234 increases with the correlation, this also holds for 8*. In the limiting case that the sample
size ratios of the dose groups and the control group tend to infinity, the correlation tends
to 1. Consequently, ¢34 = 2, such that 8% =1 and the graph is degenerated for all «>0. On the
other hand, if the above sample size ratios tend to 0, the correlation tends to 0 and &* =
21 = (1 = )?) /o — 1 in limit.

Note that by enforcing consonance, the resulting multiple test procedure based on weighted parametric
tests is no longer uniformly better than the associated Bonferroni-based test procedure which does not
account for the correlations. That is, for a given weighting strategy, the closed test procedure based on
parametric weighted tests may fail to reject certain hypotheses that otherwise are rejected by the asso-
ciated procedure based on weighted Bonferroni tests. For example, if p; = 0.01, p, = 0.1, p; = 0.012,
and p,=0.01, the initial graph from Figure 3 rejects H, and H;, whereas the consonant weighted
parametric test procedure from Figure 4 with 6 = 0.0783 rejects only H.
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Figure 4 Graphical display of weighting strategy for a consonant weighted parametric
test procedure.

Example 3

Consider again Example 1, but assume that H,,H, are two non-inferiority hypotheses (say, for
low and high dose against control) and H;,H,4 are two superiority hypotheses (for the same two
doses). We again make the standard analysis-of-variance assumptions with a known common
variance and let o = 0.025. Bonferroni-based graphical approaches for combined non-inferiority
and superiority testing were described in Hung and Wang (2010) and Lawrence (2011). In the
following, we exploit the fact that the correlations between the four test statistics are known.
Therefore, the complete joint distribution is known and we can apply (2). Note that if w;(J) = 0 for
some jeJ, the joint distribution degenerates. In our example it thus suffices to calculate bivariate or
univariate normal probabilities.

Assume first that the same population is used for all four tests. For simplicity, assume further that
the group sample sizes are equal. Then the correlation between the non-inferiority and superiority
tests within a same dose is I; all other correlations are 0.5. Therefore, c¢;=1.0783 for
J ={1,2},{1,4},{2,3}, and {3,4}. Otherwise, ¢;=1 and condition (4) is trivially satisfied. That is,
consonance is ensured and one can apply Algorithm 3. This leads to a sequentially rejective multiple
test procedure, where at each step either bivariate Dunnett z tests or individual z tests are used. This
conclusion remains true if the common variance is unknown and Dunnett 7 tests or individual ¢ tests
are used.

To illustrate the procedure, let o = 0.025 and assume the unadjusted p-values p; = 0.01, p, = 0.02,
p3=0.005, and ps = 0.5. Following Algorithm 3, we have p; < ¢;w; (/) = 0.0135 and can reject H;.
The update step then leads to the weights in Figure 2(A). Next, p3 < 0.0135 and we can reject H;.
This leaves us with H,, H, and the weights w,({2,4}) = 1, wy({2,4}) = 0. Therefore, H, is now tested
at full level a. Because p, <a, we reject H, and the procedure stops.

We now consider the situation that two different populations are used. Assume that the per-
protocol population (PP) is used for non-inferiority testing and the intention-to-treat population
(ITT) for superiority testing, where PP is a subpopulation of ITT. Let n; denote the ITT sample size
for group i, where i = 0 (1,2) denotes placebo (low dose, high dose). Let further n} < n; denote the
PP sample size for group i. Finally, let 7; denote the test statistic for H;,i = 1,...,4, and p(7},T)) the
correlation between 7; and T;. With this notation,

m N[ oy \12
P(Tl,T2)=P(T3,T4)=< > < >

no+n ny+ny

which reduces to 0.5 if ny = n; = n,. Further,
12 /o x N\ 1/2 12 7 w x N\ 1/2
no+n nin no+n, nin
p(Ty, T3) = ( ) ( 2 l*> and p(72,T4) = ( ) ( 2 2*> ,
nony ny+nj nony ny+n;
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which both reduce to (no/no)l/2 for ngo=n; and n{=mn}, i=12. Finally, p(Tl, Ty) =
p(T1, T3)p(T3, Ty) and p(T3, Ts) = p(T>, T4)p(T3, Ty), which both reduce to 1/2(n0/n0) for ng =
ny = ny and nf = n} = nj. In this simplest case of equal group sample sizes within PP and ITT we
thus have, assuming n§/ny = 0.9 as an example

1 forJ={1,3}, J={2,4andJ={i}, i=1,...,4
cy =< 1.0783 for J = {3,4} and for all J D {1,2}
1.0706 otherwise

As a consequence, the resulting family of tests is no longer consonant, although the
differences in the resulting local significance levels are small. For example,
cip3awi({1,2,3,4)o = 0.0135>0.0134 = c(y4ywi({1,4})a, violating condition (4). Similar to
Example 2, we can enforce consonance by applying the graphical test procedure from Figure 4 with
5 =10.0071.

Finally, we note that this multiple test procedure is immediately applicable to testing for a
treatment effect at two different dose levels in an overall population and, if at least one dose is
significant, continue testing in a pre-specified subpopulation. This could apply to testing, for ex-
ample, in the global study population and a regional subpopulation or in the enrolled full popu-
lation and a targeted genetic subpopulation.

3.3 Weighted Simes tests

Generalization of the original Bonferroni-based graphs from Section 3.1 also apply when the
correlations between the test statistics are not exactly known, but certain restriction on them are
assumed. A typical case in practice is to assume (or show) that the test statistics have a joint
multivariate normal distribution with non-negative correlations. In this case, the Simes test is a
popular test. Here, we discuss the use of a weighted version of the Simes test for the intersection
hypotheses H;,J C I.

The unweighted Simes test, as originally proposed by Simes (1986), rejects H, if there exists a je [
such that p; <j/ma, where pay <--- < pu denote the ordered p-values for the hypotheses
H; i e I. The Type 1 error rate is exactly a if the test statistics are independent and it is bounded by
a if positive regression dependence holds. This follows from Benjamini and Yekutieli (2001), who
showed false discovery rate control for a related step-up procedure under positive regression
dependence on the test statistics. Note that this condition is not always easy to verify or even justify
in practice.

The weighted Simes test introduced by Benjamini and Hochberg (1997) rejects H, if for some je/
PGy < D iy oGy, where o) = wa and wg) denotes the weight associated with pg). An equivalent
condition is to reject Hj if for some jel

UEDSLELIT ®

iel; iel;

where [; = {k € I; p; < p;}. This weighted Simes test reduces to the original (unweighted) Simes test
if w; = 1 /m,i € I. Kling (2005) showed that the weighted test is conservative if the univariate test
statistics are positive regression dependent for any number of hypotheses. This, for example, is the
case if the test statistics follow a multivariate normal distribution with non-negative correlations
and the tests are one-sided (Benjamini and Heller, 2007).

For given weights wi(J), J=1, and assuming positive regression dependence among the univariate
test statistics for all m hypotheses H;, i€ I, the weighted Simes test can be applied to all intersection
hypotheses H;, J<I. By means of the closure principle the resulting multiple test procedure rejects
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H;, iel, at level o if for each J=1 with ieJ, there exists an index jeJ such that

pi<ay wil)) (6)

keJ;

where J; = {k € J; pr < p;}. This follows from the application of condition (5) to all subsets JCI,
and the fact that any subset of m positive regression dependent test statistics is also positive
regression dependent. Related gatekeeping procedures based on the Simes tests were described,
among others, by Dmitrienko et al. (2003) and Chen et al. (2005).

If all weights are equal, the above procedure reduces to the procedure by Hommel (1988), which
is known not to be consonant. In case of unequal weights, a corresponding sequentially rejective test
procedure is not available and one may have to go through the entire closed test procedure using
weighted Simes tests for each intersection hypotheses. Nevertheless, for a given weighting strategy,
this procedure is uniformly more powerful than an associated Bonferroni-based procedure from
Section 3.1. This follows from the fact that any hypothesis rejected by the closed weighted Bon-
ferroni test procedure can also be rejected by the corresponding closed weighted Simes test pro-
cedure; see, for example, the Appendix in Maurer et al. (2011).

Although full consonance is generally not available for Simes-based closed test procedures, we
can still derive a partially sequentially rejective test procedure which leads to the same test decision
as the closed test procedure defined in (6). In the following, we assume that the weights are ex-
haustive, i.e. >, _, wi(J) = 1 for all subsets Je 1.

Algorithm 4 (Weighted Simes Test)

(1) If p;>a for all iel, stop and retain all m hypotheses.

(i) If p;<a for all i€/, stop and reject all hypotheses.

(iii) Perform the Bonferroni-based graphical test procedure from Section 3.1. Let /. denote the
index set of rejected hypotheses and I its complement in /. If |/¢] <3, stop and retain the
remaining hypotheses.

(iv) If |If] = 3 consider the weights w;(/¢),i € I{, and the transition matrix G defined on I{ as
the new initial graph for the remaining hypotheses. Compute the weights wy(J) for all
J C I with Algorithm 1.

(v) Reject H;,i € If, if for each J C I with ieJ, there exists an index jeJ such that

pr< o> will). )

keJ;

With step (ii), all hypotheses H;, iel can be rejected if p;<a for all jel. This follows from
the fact that for each J there is always a largest p; jeJ, such that J;=J and therefore
Y ey Wk(J) = oY o, wi(J) = a. Hence condition (6) holds for all J=7 and therefore for all H,,
iel. Note that if the weights are not exhaustive, step (ii)) may no longer be valid and should be
skipped.

The stopping condition in step (iii), |/] <3, is explained as follows. Assume first that |I¢| = 1, i.e.
one hypothesis is left, say H,. If p;<a, one would have rejected already all hypotheses in step (i) and
stopped the procedure because for all other hypotheses than H; necessarily p;<o. Therefore, p;>a
and one cannot reject A,. Similarly, if |I{| = 2, the respective p-values cannot be both smaller than o.
Also if only one of them, say p;, is smaller and the other is larger than o, then p; > w;(IS)a, since
otherwise the Bonferroni test in step (iii) would have rejected H,. In that case the Simes test cannot
reject H; either and hence both remaining hypotheses must be retained.

Algorithm 4 is essentially looking first for outcomes that are easy to verify (steps (i) and (ii)) or
where sequential rejection of the hypotheses is possible (step (iii)). Only then one needs to compute
for all remaining hypotheses and their subsets the weights and apply the closed weighted Simes
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procedure as given in (6). It can happen though that no hypotheses can be rejected in the first three
steps and that one has to perform step (iv) with the full set of all m hypotheses. Note that one could,
of course, start immediately with step (iv) on the full hypotheses set. The resulting decisions
are identical to those obtained with Algorithm 4, because for any given weighting strategy, any
hypothesis rejected by the closed weighted Bonferroni test procedure is also rejected by the asso-
ciated closed weighted Simes test procedure.

Similar to the case that knowledge about the joint distribution of the p-values is partially missing
(as discussed in Section 3.2), we consider now the case that positive regression dependence cannot
be assumed between all m test statistics. Let [,,h = 1,...,/ < m, be a a partition (i.e., [ = U§1=11/, and
I, N I; =@ for h # i) such that for each family of hypotheses H;,i € I, positive regression depen-
dence between the respective test statistics holds. Then we can reject H;,J C I, if for some j and &
withjeJ,=0,NnJ

pi=a Z W/C(J) (8)

kEJ/,J

where Jj,; = {k € Ji; pr < p;}. This procedure controls the Type I error rate at level o for any in-
tersection hypothesis H,. This is seen as follows. The weighted Simes test is applied separately to each
of the partition sets J;, of J. With the definitions for J, and H,,; above, for a fixed 4 € {1, ...,/}, the
probability of the event that there exists a jeJ;, such that p; <o), o W «(J), 1s less than or equal to
oD e 7, Wk(J) by the Welghted Simes test. Hence the probability that this happens in any of the
partitions Jj, is less than S, a3, 7, Wk(J) = i, wi(J) = o by means of the Bonferroni in-
equality. For a given partition I;,h = 1,...,/, with “local” regression dependence within the disjunct
subsets of associated test statistics, condition (7) in the algorithm hence can be replaced by (8).

We conclude this section with an example. For the weighting strategy from Example 1, the
resulting closed weighted Simes test will reject more hypotheses than the related closed weighted
Bonferroni test only if all four p-values are less than or equal to o (Maurer et al., 2011). The latter is
not the case for the numerical example in Section 3.1, because, for example, p; = 0.1>0.025 = o and
hence no further hypothesis can be rejected. However if we had instead, for example, p; = 0.015
and py = 0.022, the closed weighted Simes test would reject all four hypotheses, two more than with
the closed weighted Bonferroni test. Generally speaking, the weighted Simes test has power ad-
vantages over alternative weighted test procedures if the effect sizes are of similar magnitude.

4 gMCP package in R

The gMCP package (Rohmeyer and Klinglmueller, 2011) in R (R Development Core Team, 2011)
currently implements the Bonferroni-based graphical approach from Section 3.1 and the closed
weighted parametric tests from Section 3.2. R is a language and environment for statistical
computing and graphics (Thaka and Gentleman, 1996). It provides a wide variety of statistical
and graphical techniques, and is highly extensible. The latest version of gMCP is available
at the Comprehensive R Archive Network (CRAN) and can be accessed from http://cran.
r-project.org/package=gMCP/. In the following, we give only a brief illustration of the gMCP
package. We refer to the installation instructions at http://cran.r-project.org/web/
packages/gMCP/INSTALL and the accompanying vignette for a description of the full func-
tionality (Rohmeyer and Klinglmueller, 2011).

4.1 Weighted Bonferroni tests with gMCP

We consider the cardiovascular clinical trial example from Dmitrienko and Tamhane (2009) to
illustrate the implementation of the Bonferroni-based graphical approach from Section 3.1 in
the gMCP package. The trial compared a new compound with placebo for two primary and two
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secondary endpoints. Consequently, we have two families of hypotheses F| = {H, H»} and
Fo = {H;, Hs}.

Dmitrienko and Tamhane (2009) used this example to illustrate the truncated Holm procedure
described in Dmitrienko et al. (2008) and Strassburger and Bretz (2008). Given multiple families of
hypotheses in a pre-specified hierarchical order, the key idea of truncated tests is to avoid propagating
the complete significance level within a family until all its hypotheses are rejected in order to proceed
testing the next family in the hierarchy. Instead, once at least one hypothesis is rejected in a given
family, a fraction of the significance level is reserved to test subsequent families of hypotheses. In
principle, truncation can be applied to any of the test procedures discussed in Section 3.

In the cardiovascular study example, the hypotheses in F, are only tested, if at least one
of the hypotheses in F are rejected. We assume that F is tested using the truncated Holm procedure
with truncation parameter y€[0,1]. Let p;)<p(2) denote the ordered p-values with associated hypotheses
Hqy and H;. Consequently, Hy is tested at level o/2. If Hy is rejected, Hy) is tested at level
a/2+7(a/2). The family F is then tested with the regular Holm procedure either at level (1—y)a/2 or at
level o, depending on whether only one or both hypotheses in F are rejected, respectively.

The gMCP package offers a GUI to conveniently create and perform Bonferroni-based graphical
test procedures, such as the one for the test procedure above. To this end, we invoke in R the gMCP
package and subsequently call the GUI with

> library (gMCP)
> graphGUI ()

Different buttons are available in the icon panel of the GUI to create a new graph. The main
functionality includes the possibility of adding new nodes as well as new edges connecting any two
selected nodes. In many cases, the edges will have to be dragged manually in order to improve the
readability of the graphs. The associated labels, weights, and significant levels can be edited directly in
the graph. Alternatively, the numerical information can be entered into the transition matrix and other
fields on the right-hand side of the GUI. Figure 5 displays the complete test procedure for the cardi-
ovascular study example using the gMCP package: The truncated Holm procedure for F; with trun-
cation parameter y and the regular Holm procedure for F,. Note that we can immediately improve that
test procedure by connecting the secondary hypotheses H3 and H, with the primary hypotheses H; and
H, through the e-edges introduced in Bretz et al. (2009). We refer to the vignette of the gMCP package
for a description of how to construct e-edges with the GUI (Rohmeyer and Klinglmueller, 2011).

The GUI offers the possibility to perform sequentially Bonferroni-based test procedures defined
through a graph like the one displayed in Figure 5 and in addition to calculate adjusted p-values as
well as simultaneous confidence intervals. To illustrate this functionality, we consider Scenario 1
from Dmitrienko and Tamhane (2009) and assume the unadjusted p-values p; = 0.0121, p» = 0.0337,
p3=0.0084, and ps=0.0160, which are entered directly into the GUI. By clicking on the corre-
sponding button in the icon panel and and specifying y = 0.5, one obtains in this example the
adjusted p-values 0.024, 0.045, 0.045, and 0.045 for the four hypotheses H,, H,, H;, and Hy,
respectively. These adjusted p-values are identical to those reported in Dmitrienko and Tamhane
(2009). Accordingly, one can reject all four hypotheses at level o = 0.05. Simultaneous confidence
intervals can be obtained as well from the GUI after entering additional information on effect
estimates and standard errors. Finally, the user may perform the sequential test procedure by
clicking on the green triangle in the icon bar. By doing so, the “Reject” buttons in the lower right
become activated and one can step through the graph as long as significances occur.

4.2 Weighted parametric tests with gMCP

The gMCP package provides also a convenient interface to perform graphical test procedures
without the GUI using the R command line. We illustrate this with the closed weighted parametric
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! ghcP GUI

File Example graphs Analysis Extras Help
-
' %. Q\ R ’ — H1 H2 | H3 Ha
.d | | e |
| o o H1 [ v lavz — avne 1=
Place new nodes and edges or start the test procedures H2 LY | (1-y)2 (1-y)2
7 In Ta] H3 0 0 i 1
Ha lo 0 1 |
s
Hypothesis Weight P-Value
H1 1/2 | 0.0121 Reject and pass a
H2 172 0.0337 | | Rejectand pass a
H3 0 | 0.0084 Reject and pass a
H4 0 ! 0.0160 Reject and pass a
Sum of weights: 1
Total a : 0.05
11 & No Information about correlations
Description | Analysis Select a standard correlation | Dunnett i hd
Bonferroni-based test procedure for the cardiovascular trial example from . T
Dmitrienko and Tamhane (2009). Selectan R correlation matrix | olqiadiatema cestioind O

Figure 5 Screenshot of the GUI from the gMCP package. Left: Display of the graphical
Bonferroni-based test procedure for the cardiovascular trial. Right: Transition matrix,
initial weights and unadjusted p-values.

tests from Section 3.2 and revisit Example 2. We first define the related transition matrix G and the
weights w([), ie I, through

>G <-matrix (0, nr=4, nc = 4)
>G[1,3] <-G[2,4] <-G[3,2] <-G[4,1] <-1
>w <-c(1/2,1/2, 0, 0)

The function matrix2graph then converts the matrix G and the vector w into an object of type
graphMCP

> graph <- matrix2graph (G, w)
> graph

A graphMCP graph

Overall alpha: 1

H1 (not rejected, alpha=0.5)
H2 (not rejected, alpha=0.5)
H3 (not rejected, alpha=0)

H4 (not rejected, alpha=0)

Edges:

H1 -(1)->H3

H2 -(1)->H4

H3—(l) -> H2
-(1)->H1
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The gMCP function takes objects of the type graphMCP as its input together with a vector of
p-values and performs the specified multiple test procedure. In particular, one can specify a cor-
relation matrix with the effect that a closed weighted parametric multiple test procedure is per-
formed under the standard analysis-of-variance assumptions with known common variance.

In Example 2 we assumed normally distributed test statistics with a block-diagonal correlation
matrix of the form

1 05 NA NA
0.5 1 NA NA
NA NA 1 05 |
NA NA 05 1

where NA reflects the fact that the correlation between the primary and secondary endpoints is
unknown. Accordingly, we let

> cr <-matrix(NA, nr =4, nc = 4)

>diag(cr) <-1

>cr[l,2] <-cr[2,1] <-cr[3,4] <-cr[4,3] <-1/2
and define the unadjusted p-values

>p <-¢(0.0131, 0.1, 0.012, 0.01)

Finally, we perform the closed weighted parametric test at a specified significance level o = 0.025,
say, by calling

> res <- gMCP (graph, p, corr = cr, alpha =0.025)

This returns an object of class gMCPResult providing information on which hypotheses are re-
jected

> res@rejected
H1 H2 H3 H4
TRUE FALSE TRUE FALSE

We conclude from the output that both A, and H; can be rejected. We come to the same con-
clusions, if we report the adjusted p-values and compare them with o = 0.025

> res@adjPValues
H1 H2 H3 H4
0.02431856 0.10000000 0.02431856 0.10000000

Alternatively, one can use a sequentially rejective Bonferroni-based test procedure from Section 3.2
by omitting the corr argument

> gMCP (graph, p, alpha = 0.025)@rejected
H1 H2 H3 H4
FALSE FALSE FALSE FALSE

As seen from the output, none of the null hypotheses can be rejected, which coincides with our
conclusions from Section 3.2.
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5 Discussion

This paper shows that the graphical approach introduced by Bretz et al. (2009) can be used to create
and visualize tailored strategies for common multiple test problems. By dissociating the underlying
weighting strategy from the employed test procedure, it is seen that the graphical approach is not
restricted to Bonferroni-based tests. Similarly, the graphs introduced by Burman et al. (2009) define
weights for all intersection hypotheses and the procedures discussed in this paper can be applied
using these weights. Extended graphical approaches include weighted Simes tests and weighted min-
p tests in the sense of Westfall and Young (1993). The latter take into account all or some of the
joint multivariate distributions of p-values. Consonance and the corresponding shortcuts may be
lost, but for any concrete multiple test strategy, consonance can be checked prior to a clinical study.
As shown in this paper, consonance can be enforced and related sequentially rejective graphs
established at least in some simple situations.

Many proposed multiple test procedures in the literature can be expressed with the methods
described in this paper. On the other hand, the methods in this paper also allow one to investigate
alternative procedures that go beyond the published results. But even if the closure principle is very
common in practice, it does not necessarily lead to consonant multiple test procedures. We gave
monotonicity conditions for ensuring consonant graphical weighting strategies, but it is not always
clear when these conditions are met if weighted parametric or Simes tests are used. In principle, one
could enforce consonance following, for example, the approach of Romano et al. (2011), although
the computation of the rejection regions could become tedious. We leave this topic for further
research.

Acknowledgements This paper is based on an invited presentation given at the BfArM Symposium on
“Multiplicity Issues in Clinical Trials”’. The authors thank Dr. Norbert Benda (BfArM) for organizing and
chairing this symposium. They are also grateful to three referees and the editor for their helpful comments. Part
of this research was funded by the Austrian Science Fund (FWF): P23167.

Conflict of interest
The authors have declared no conflict of interest.

References

Alosh, M. and Huque, M. F. (2009). A flexible strategy for testing subgroups and overall population. Statistics
in Medicine 28, 3-23.

Alosh, M. and Huque, M. F. (2010). A consistency-adjusted alpha-adaptive strategy for sequential testing.
Statistics in Medicine 29, 1559-1571.

Bauer, P. (1991). Multiple testing in clinical trials. Statistics in Medicine 10, 871-890.

Bauer, P., Rohmel, J., Maurer, W. and Hothorn, L. (1998). Testing strategies in multi-dose experiments
including active control. Statistics in Medicine 17, 2133-2146.

Benjamini, Y. and Heller, R. (2007). False discovery rates for spatial signals. Journal of the American Statistical
Association 102, 1272-1281.

Benjamini, Y. and Hochberg, Y. (1997). Multiple hypothesis testing with weights. Scandinavian Journal of
Statistics 24, 407-418.

Benjamini, Y. and Yekutieli, D. (2001). The control of the false discovery rate in multiple testing under
dependency. Annals of Statistics 29, 1165-1188.

Brannath, W. and Bretz, F. (2010). Shortcuts for locally consonant closed test procedures. Journal of the
American Statistical Association 105, 660—669.

Bretz, F., Maurer, W., Brannath, W. and Posch, M. (2009). A graphical approach to sequentially rejective
multiple test procedures. Statistics in Medicine 28, 586—604.

© 2011 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



912 F. Bretz et al.: Graphical approaches for multiple comparison procedures

Bretz, F., Maurer, W. and Hommel, G. (2011). Test and power considerations for multiple endpoint analyses
using sequentially rejective graphical procedures. Statistics in Medicine 30, 1489—1501.

Burman, C. F., Sonesson, C. and Guilbaud, O. (2009). A recycling framework for the construction of Bon-
ferroni-based multiple tests. Statistics in Medicine 28, 739-761.

Chen, X., Luo, X. and Capizzi, T. (2005). The application of enhanced parallel gatekeeping strategies. Statistics
in Medicine 24, 1385-1397.

Dmitrienko, A., Offen, W., Wang, O. and Xiao, D. (2006). Gatekeeping procedures in dose-response clinical
trials based on the Dunnett test. Pharmaceutical Statistics 5, 19-28.

Dmitrienko, A., Offen, W. W. and Westfall, P. H. (2003). Gatekeeping strategies for clinical trials that do not
require all primary effects to be significant. Statistics in Medicine 22, 2387-2400.

Dmitrienko, A. and Tamhane, A. C. (2009). Gatekeeping procedures in clinical trials. In Multiple Testing
Problems in Pharmaceutical Statistics, Dmitrienko, A., Tamhane, A. C. and Bretz, F. (Eds.). Chapman &
Hall/CRC Biostatistics Series, Boca Raton.

Dmitrienko, A., Tamhane, A. and Wiens, B. (2008). General multi-stage gatekeeping procedures. Biometrical
Journal 50, 667-677.

Genz, A. and Bretz, F. (2009). Computation of Multivariate Normal and t Probabilities. Springer, Heidelberg.

Guilbaud, O. (2008). Simultaneous confidence regions corresponding to Holm’s stepdown procedure and other
closed-testing procedures. Biometrical Journal 50, 678—692.

Guilbaud, O. (2009). Alternative confidence regions for Bonferroni-based closed-testing procedures that are
not alpha-exhaustive. Biometrical Journal 51, 721-735.

Guilbaud, O. and Karlsson, P. (2011). Confidence regions for Bonferroni-based closed tests extended to more
general closed tests. Journal of Biopharmaceutical Statistics 21, 682-707.

Hochberg, Y. and Tamhane, A. C. (1987). Multiple Comparison Procedures. Wiley, New Y ork.

Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scandinavian Journal of Statistics 6,
65-70.

Hommel, G. (1988). A stagewise rejective multiple test procedure based on a modified Bonferroni test.
Biometrika 75, 383-386.

Hommel, G., Bretz, F. and Maurer, W. (2007). Powerful short-cuts for multiple testing procedures with special
reference to gatekeeping strategies. Statistics in Medicine 26, 4063-4073.

Hung, H. M. J. and Wang, S. J. (2009). Some controversial multiple testing problems in regulatory applica-
tions. Journal of Biopharmaceutical Statistics 19, 1-11.

Hung, H. M. J. and Wang, S. J. (2010). Challenges to multiple testing in clinical trials. Biometrical Journal 52,
747-756.

Huque, M. F. and Alosh, M. (2008). A flexible fixed-sequence testing method for hierarchically ordered
correlated multiple endpoints in clinical trials. Journal of Statistical Planning and Inference 138,
321-335.

Huque, M. F., Alosh, M. and Bhore, R. (2011). Addressing multiplicity issues of a composite endpoint and its
components in clinical trials. Journal of Biopharmaceutical Statistics 21, 610-634.

Ihaka, R. and Gentleman, R. (1996). R: A language for data analysis and graphics. Journal of Computational
and Graphical Statistics 5, 299-314.

Kling, Y. (2005). Issues of Multiple Hypothesis Testing in Statistical Process Control. Thesis, The Neiman
Library of Exact Sciences & Engineering, Tel-Aviv University.

Lawrence, J. (2011). Testing non-inferiority and superiority for two endpoints for several treatments with a
control. Pharmaceutical Statistics. DOI: 10.1002/pst.468.

Li, J. and Mehrotra, D. (2008). An efficient method for accommodating potentially underpowered primary
endpoints. Statistics in Medicine 27, 5377-5391.

Liu, Y. and Hsu, J. (2009). Testing for efficacy in primary and secondary endpoints by partitioning decision
paths. Journal of the American Statistical Association 104, 1661-1670.

Marcus, R., Peritz, E. and Gabriel, K. R. (1976). On closed testing procedure with special reference to ordered
analysis of variance. Biometrika 63, 655-660.

Maurer, W., Glimm, E. and Bretz, F. (2011). Multiple and repeated testing of primary, co-primary and
secondary hypotheses. Statistics in Biopharmaceutical Research 3, 336-352.

Maurer, W., Hothorn, L. and Lehmacher, W. (1995). Multiple comparisons in drug clinical trials and pre-
clinical assays: a-priori ordered hypotheses. In: Biometrie in der Chemisch-Pharmazeutischen Industrie,
Vollmar, J. (Ed.). Fischer Verlag, Stuttgart 3—18.

© 2011 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



Biometrical Journal 53 (2011) 6 913

Millen, B. A. and Dmitrienko, A. (2011). Chain procedures: A class of flexible closed testing procedures with
clinical trial applications. Statistics in Biopharmaceutical Research 3, 14-30.

O’Neill, R. T. (1997). Secondary endpoints cannot be validly analyzed if the primary endpoint does not
demonstrate clear statistical significance. Controlled Clinical Trials 18, 550-556.

R Development Core Team. (2011). R: A Language and Environment for Statistical Computing. R Foundation
for Statistical Computing, Vienna, Austria. ISBN 3-900051-07-0. http://www.R-project.org

Rohmeyer, K. and Klinglmueller, F. (2011). gMCP: A graphical approach to sequentially rejective multiple test
procedures. R package version 0.6-5. http://cran.r-project.org/package=gMCP

Romano, J. R., Shaikh, A. and Wolf, M. (2011). Consonance and the closure method in multiple testing. The
International Journal of Biostatistics 7, Article 12.

Sidak, Z. (1967). Rectangular confidence regions for the means of multivariate normal distributions. Journal of
the American Statistical Association 62, 626—633.

Simes, R. J. (1986). An improved Bonferroni procedure for multiple tests of significance. Biometrika 73,
751-754.

Strassburger, K. and Bretz, F. (2008). Compatible simultaneous lower confidence bounds for the Holm pro-
cedure and other Bonferroni based closed tests. Statistics in Medicine 27, 4914-4927.

Westfall, P. H. and Krishen, A. (2001). Optimally weighted, fixed sequence, and gatekeeping multiple testing
procedures. Journal of Statistical Planning and Inference 99, 25-40.

Westfall, P. H., Krishen, A. and Young, S. S. (1998). Using prior information to allocate significance levels for
multiple endpoints. Statistics in Medicine 17, 2107-2119.

Westfall, P. H., Young, S. S. (1993). Resampling-based Multiple Testing. Wiley, New York.

Wiens, B. L. (2003). A fixed sequence Bonferroni procedure for testing multiple endpoints. Pharmaceutical
Statistics 2, 211-215.

Xu, H. Y., Nuamah, I., Liu, J. Y., Lim, P. and Sampson, A. (2009). A Dunnett-Bonferroni-based parallel
gatekeeping procedure for dose-response clinical trials with multiple endpoints. Pharmaceutical Statistics
8, 301-316.

© 2011 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



