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Abstract

Background: In randomized clinical trials, multiple-testing procedures, composite endpoints, and
prioritized outcome approaches are increasingly used to analyze multiple binary outcomes. Previous
studies have shown that correlations between outcomes influence their sample size requirements.
Although sample size is an important factor affecting the choice of statistical methods, the power
and required sample sizes of methods for analyzing multiple binary outcomes have yet to be
compared under the influence of outcome correlations.

Methods: We conducted simulations to evaluate the power of co-primary and multiple primary
endpoints, composite endpoints, and prioritized outcome approaches based on generalized pairwise
comparisons with varying correlations, marginal proportions, treatment effects, and number of
outcomes. We then conducted a case study on sample size using a clinical trial of a migraine
treatment as an example.

Results: The correlations significantly affected the statistical power and sample size of composite
endpoints. The power and sample size of co-primary endpoints remained relatively stable across
different correlations, though their power declined substantially when treatment effects were
opposite on some components or more than two components were present. While the correlations
influenced the power and sample size of all methods assessed, their direction and degree of
influence varied between methods. Notably, the method with the greatest power and smallest
sample size also differed depending on the correlations. When the correlations were the same
between arms, prioritized outcome approaches usually had higher power and smaller sample sizes
than other methods.

Conclusions: Anticipated correlations and their uncertainty should be considered when selecting
statistical methods. Overall, co-primary endpoints remain a reliable option for evaluating the
superiority of all components, although they are unsuitable for assessing the balance between
treatment effects pointing in different directions. Generalized pairwise comparisons offer a useful
alternative to deal with multiple prioritized outcomes, often providing the smallest sample sizes
when the correlation structures are shared between the arms.
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Introduction

Migraine is a common neurological disease characterized by headache, nausea, and sensitivity to
external stimuli.! Because pain control is essential for migraine treatment,?* the proportion of
patients free of pain at prespecified time points is often used as the single primary endpoint in
randomized clinical trials.* However, studies have suggested that relieving other migraine-

associated symptoms without introducing side effects further enhances patient satisfaction.>>

Several frameworks are currently used to incorporate multiple binary components into the statistical
evaluation. Multiple-testing procedures are increasingly used to prove effects on pain and
associated symptoms,'-® and various composite endpoints have been proposed (e.g., freedom from
pain and associated symptoms, sustained pain-free with no adverse events).”® Nonetheless, recent
investigations have suggested that these multiple outcomes have different degrees of clinical
importance.® A relatively new method for handling multiple prioritized outcomes is called

generalized pairwise comparisons.’

When selecting statistical methods, power and required sample sizes are crucial.'” Previous studies
on methods for multiple binary outcomes have found their sample sizes to be affected by
correlations between the outcomes.!!~!3 Statistical tools have been developed to account for
correlations and their uncertainties when calculating sample sizes for multiple testing procedures'!
and composite endpoints.'® As outcomes of interest are often correlated in clinical trials,'¢'®
ignoring the influence of correlations could lead to excessively large or small sample sizes when
designing trials. Because the degree and direction of the influence vary between methods,'* the one
that provides the greatest power may also differ based on the correlations. However, the power and

required sample sizes of different methods have not been compared under the influence of various

correlations.

This study compared the power and required sample sizes of multiple-testing, composite outcome,
and prioritized outcome approaches in clinical trial settings involving correlated binary outcomes.
After briefly summarizing these methods and the impact of correlations, we conduct a simulation
study to compare their power under various correlations. We then present a case study on sample
size estimation accounting for anticipated outcome correlations and their uncertainty using a clinical

trial example involving migraine treatment.'”

Methods

Statistical methods for multiple binary outcomes
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We consider a randomized controlled trial with an experimental arm (e) and a control arm (c). K
denotes the number of binary components, and Y, , and Y}, . represent the outcomes (1 for a
response and 0 for no response) observed in the respective arms for k=1, ..., K. The trial aims to

show the superiority of the experimental treatment with a one-sided significance level of a.

With multiple-testing procedures, statistical tests are conducted on individual components,

Hop: Tty o — e < 0and Hyp: o — g > 0
fork=1, ..., K, where m . = Pr[¥;, = 1] and m; . = Pr[¥, . = 1]."%** If K components are co-
primary endpoints, effects must be shown for all components with level a. If they are multiple
primary endpoints, superiority can be concluded if the effects are shown in at least one component

and the significance levels are adjusted to avoid Type I error inflation.

When using a composite outcome approach, investigators must first define the outcome. Typically,
composite response outcomes are defined as the occurrence of a response in all of the components:
1 if positive in all elements and 0 otherwise (hereafter referred to as composite[all]).?!*> Composite
outcomes can also be defined as the occurrence of a response in a certain number of components: 1
if positive in » or more elements and 0 otherwise (hereafter referred to as composite[>r]).234
Statistical tests are based on the composite response proportions,

Hym,—m.<0and H;:m, — . > 0,

where m, and . denote Pr[composite outcome = 1] in the respective arms.

In generalized pairwise comparisons, all combinations of experimental and control subjects are
evaluated on each component based on their predefined priority.® For each component, a pair is
considered a win if the experimental subject has a better outcome than the control subject (Yz, = 1
and Yy . = 0), or a loss if the experimental subject has a worse outcome (Y, = 0 and ¥, . = 1).
The pairs are evaluated sequentially until they are classified as a win/loss or a tie at the final
component. Statistical tests can be conducted on the difference between proportions in favor of each
treatment (net benefit):

H,: Pr[pair is classified as win] — Pr[pair is classified as loss] < 0 and

H,: Pr[pair is classified as win] — Pr[pair is classified as loss] > 0.

Statistical tests can also be constructed for relative measures (win ratio and win odds).?

Impact of outcome correlations on treatment effect measures



Correlations between outcomes are fundamental characteristics of treatments and often differ
depending on treatment options.'® Treatment efficacy and adverse events, for example, may be
positively associated if they share a common biological mechanism; conversely, if the adverse
events prevent efficacy, they may be negatively associated.!” When statistical tests are conducted on
individual proportions (1 , — 7y ) wWith multiple-testing procedures, the individual test statistics
would be correlated according to the outcome correlations, affecting the overall power and sample

size 114

When multiple components are reduced to one-dimensional endpoints, such as composite outcomes
or the net benefit, correlations directly impact their point estimates.!'?!>!® The impact of the
correlation in each arm can be formulated for simple cases with two binary components. In each
arm a (a = e, c), we denote the degree of outcome overlap by ¢, 4 = Pr[Yl,a =1Y,,= 1]. If
Ti824q > M1472,4, Y1 and Y, are positively correlated in arm a. Note that the range of ;g 4 1s
determined by m; 4 and 1, 4:

maX(O, Mg+ Tyq — 1) S Mig2a < min(nl,a,nz,a).
Therefore, the correlation has a smaller impact on the value of ¢, , when 7, , or ; , has an

extreme value (close to 0% or 100%).

With composite[all] (positive in both elements), the improvement in the experimental arm
compared to the control arm is expressed as

182, — M1&2,c-
With fixed marginal probabilities, this probability is higher when the correlation is positive in the

experimental arm and negative in the control arm.

Probabilities for composite[>1] (positive in at least one element) can be expressed as 7y ; + 7, 4 —
182, in each arm, as previously derived.!> The improvement of the experimental arm over the
control arm is

(T1e + Moo = Migae) = (T1c + Mo — Tigoc)s
and is higher when the correlation is negative in the experimental arm and positive in the control

arm.

The net benefit (priority 1: Y;; priority 2: Y5) is expressed as

TT1&2,e (7T1,c - 0-5) - ”1&2,c(7T1,e - 0-5) + C(7T1,e' 1) ﬂz,e:ﬂz,c),



where C (T[l,e: Ty Toes 7Tz,c) is a term of marginal probabilities.!® This equation shows that the
direction of the impact of the correlations on the net benefit depends on whether the response

probabilities at the first-priority component are higher than 50%, as reported previously. !

Simulation

We conducted simulations to compare the power of statistical methods for multiple binary
outcomes. We considered a randomized trial with a moderate sample size of 200 per arm, aiming to
prove the superiority of the experimental treatment with a one-sided significance level of 2.5%.
First, we assessed the Type I error rate and power of each method with varying numbers of
components (K =2, ..., 10), treatment effects, marginal proportions, and outcome correlations. The
scenarios with common treatment effects of 0% on all components were used to assess the Type |
error rate (Web Appendix: Table S1A), while those with 5%, 10%, and 15% were used to assess the
power (Web Appendix: Table S1B). We considered relatively rare outcomes (common marginal
proportions in the control arm of 20%) and prevalent outcomes (60%). Common pairwise
correlations between the outcomes p, = p. were also varied (0, 0.45, 0.9) using the Gaussian
copula-based model (details are provided in the Web Appendix: Table S1). For each dataset, we
estimated the one-sided Wald P values based on the differences in proportions at individual
components, composite[all], and composite[>K/2] (positive in at least half of the components) and
the net benefit (priority was given in the order of k=1, ..., K). The BuyseTlest (version 2.4.0) and
stats packages of the R statistical software (version 4.3.1) were used to estimate the net benefit and
other proportions, respectively. These procedures were repeated 100,000 times. The proportion of
null hypothesis rejections was calculated for co-primary endpoints, multiple primary endpoints
(Bonferroni-corrected significance level: 2.5% / K),?° composite[all], composite[>K/2], and the net

benefit.

Additionally, using the case with two components (K = 2), we evaluated the power of different
statistical methods under varying combinations of correlations. Outcome correlations p, and p,
were varied systematically (—0.9, —0.45, 0, 0.45, 0.9). Scenarios also varied according to treatment
effects my o — 1 . and 7, o — 5 - (10% and 10%, 10% and 0%, 0% and 0%, 15% and —5%, —5%
and 15%) and marginal proportions in the control arm 7, . and 7, . (20% and 40%, 60% and 40%)
(Web Appendix: Table S1C). For each dataset, we estimated the point estimates and one-sided Wald
P values based on the individual components, composite[all], composite[>1], and the net benefit (1:
Yi; 2: Y,). We then computed the mean of the estimates and proportion of null hypothesis rejections

(power) for each scenario and method. We also computed the power for co-primary endpoints as the



proportion of rejecting the null hypotheses of both components and the power for multiple primary
endpoints as the proportion of rejecting at least one null hypothesis with a Bonferroni-corrected

significance level of 1.25%.2°

Application

Accurate sample size calculation is essential for appropriately conducting clinical trials. Previous
studies have suggested that accounting for anticipated correlations is critical when determining
sample size.!'"'> When outcome correlations are known prior to a trial, the sample size can be
calculated using those values, either through simulations or sample size formulas. Correlations
between outcomes are rarely reported, however, making it difficult for investigators to make an

exact assumption about the values.

When an experimental treatment has an innovative mechanism for treating a disease, making
assumptions about specific correlations can be challenging. Nevertheless, investigators can often
apply certain constraints to these correlations based on early-phase trial results or known treatment
characteristics. It may be justified, for instance, to assume that correlations are common in both
arms if the two treatments share similar biological properties. Also, if a treatment impacts multiple
outcomes through the same biological pathways, assuming positive outcome correlations could be
plausible. When considering a range of potential correlation values, the standard practice is to select
the largest sample size from those calculated across all scenarios, as previously described.'*!> Here,
we present a case study on sample size estimation that accounts for uncertainty in correlations,

focusing on a clinical trial for migraine treatment.!”

In this trial, 365 migraine patients were randomly assigned to receive 1.0, 1.9, or 3.8 mg of adhesive
dermally applied microarray zolmitriptan or a placebo. The patients declared their most bothersome
symptom (MBS) other than pain (nausea, photophobia, or phonophobia) during the initial stage of
the trial. The co-primary endpoints were freedom from pain and MBS, measured two hours post-
dose, and only the 3.8 mg dose of zolmitriptan was superior to the placebo in both endpoints (two-
sided significance level: 5%). Pain-free status was observed in 41.5% of the 3.8 mg group and
14.3% of the placebo group, while MBS-free status was observed in 68.3% of the 3.8 mg group and
42.9% of the placebo group. Treatment-emergent adverse events (TEAEs) were observed in 42.5%

of the 3.8 mg group and 18.1% of the placebo group.

Using the case of 3.8 mg of zolmitriptan versus placebo, we estimated the minimum sample size per

arm (1:1 allocation) to achieve a power of 90% to demonstrate the superiority of 3.8 mg of
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zolmitriptan with a one-sided significance level of 2.5% for various methods and correlations. The
endpoint priorities were determined based on previous investigations on patient expectations:? (i)
freedom from pain (3.8 mg: 41.5%, placebo: 14.3%), (i1) freedom from MBS (3.8 mg: 68.3%,
placebo: 42.9%), and (ii1) no TEAEs (3.8 mg: 57.5%, placebo: 81.9%).

First, we used the first two components, Pain and MBS, which were the co-primary endpoints in the
actual trial. We considered co-primary endpoints, multiple primary endpoints, composite[all]
(freedom from pain and MBS), composite[>1] (freedom from at least one of the two), and the net
benefit (1: pain-free; 2: MBS-free) with each combination of correlations (—0.9, —0.45, 0, 0.45, 0.9),
following the same data generation process as the simulation. Second, using all three components,
we considered co-primary endpoints, multiple primary endpoints, composite[all] (freedom from
pain, MBS, and TEAESs), composite[>2] (freedom from at least two of the three), and the net benefit
(1: pain-free; 2: MBS-free; 3: no TEAEs). We set the common pairwise correlations between
freedom from pain, freedom from MBS, and the presence of TEAEs as 0, 0.45, and 0.9, assuming
no or positive correlations between the treatment-related symptom changes. Sample sizes were

explored in the range below 10,000.

Additionally, we considered smaller treatment effects by halving the between-arm differences and
maintaining the proportions for the control: (i) freedom from pain (27.9% [3.8 mg], 14.3%
[placebo)), (i1) freedom from MBS (55.6%, 42.9%), and (ii1) no TEAEs (69.7%, 81.9%). For the
three-component case, we also considered another likely scenario where the presence of TEAEs is
negatively correlated with freedom from pain and MBS. We set the correlations between freedom

from pain, freedom from MBS, and the absence of TEAEs to 0.45 and 0.9.

Note that some of the analytical approaches described above are less likely to be used in actual
trials. Since pain control is essential for migraine treatment,>* methods that may determine overall
responders or superior treatments without considering the evaluation of pain would be unsuitable
(composite[>1 or >2] and multiple primary endpoints). Furthermore, demonstrating a decrease in
adverse events compared to a placebo is generally unnecessary, excluding the use of co-primary

endpoints with the three components. These results are presented solely for illustration.

Results

Simulation results



Type I error rate. The empirical Type I error rate in the simulation for each scenario and method is
presented in the Web Appendix: Table S2. In most cases, the Type I error rate was approximately

equal to or below the nominal level.

Power. The power with treatment effects of 10% for 2—10 components is presented in Figure 1.
Tabular results are provided in the Web Appendix: Table S3. The power of co-primary endpoints
decreased as the number of components increased; conversely, the power of multiple primary
endpoints increased when the correlations were weak (0 or 0.45). With a control proportion of 20%,
the power of composite[all] decreased as the number of components increased; however, this trend
was unclear with a control proportion of 60%. The composite[>K/2] with a control proportion of
20% and the net benefit were less susceptible in terms of power to increases in the number of
components. Similar trends were observed, albeit less obvious, with treatment effects of 5% and

15% (Web Appendix: Figure S1, S2).

Mean estimate with two components. Figure 2 presents the mean differences in
individual/composite response proportions and the means of the net benefit estimates for each
scenario with two components. The marginal proportions or correlations did not impact the
differences in proportions on individual components. In contrast, the mean estimates for composite
outcomes and net benefit differed depending on the marginal proportions and correlations.
Regardless of the marginal proportion, the mean estimate with composite[all] was higher with
positive correlations in the experimental arm and negative correlations in the control arm, whereas
the mean estimate with composite[>1] was higher with negative correlations in the experimental
arm and positive correlations in the control arm. The net benefit estimate was higher with negative
correlations in the experimental arm and positive correlations in the control arm when 7y . = 20%
(A), whereas it was higher with positive correlations in the experimental arm and negative
correlations in the control arm when m; . = 60% (B). These trends were consistent with the known

results in the simple cases presented above.

Power with two components. The power for each scenario with two components is presented in
Figure 3. The results with p, = p. are presented in tabular form in the Web Appendix: Table S4.
Both components 1 and 2 were moderately powered (51.8-64.6%) when treatment effects were
10% and 10% (row 1). In this scenario, the power of co-primary endpoints was higher when both
arms had positive correlations, whereas the power of multiple primary endpoints was higher with
negative correlations. The impact of correlations was more evident in the composite outcomes and

the net benefit. Regardless of the marginal proportion, the power of composite[all] was higher with
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positive correlations in the experimental arm and negative correlations in the control arm, whereas
that of composite[>1] was higher with negative correlations in the experimental arm and positive
correlations in the control arm. The power of the net benefit was higher with negative correlations
in the experimental arm and positive correlations in the control arm when 7, . = 20% (A), whereas
it was higher with positive correlations in the experimental arm and negative correlations in the
control arm when 7, . = 60% (B). These trends were consistent with the mean estimate. Even
when component 2 had a null marginal effect (row 2), the composite outcomes and net benefit
presented higher power than with component 1 individually, depending on the correlations; for
example, when 7y . = 60%, with p. < 0 for composite[all] and net benefit, and p. > 0 for
composite[>1]. When both had null marginal effects (row 3), composite outcomes and net benefit
demonstrated high power, particularly when compared to the specified Type I error rate (note: in
these cases, mean point estimates were >0%). When either component had a negative effect, the
power of net benefit was higher when the first component’s effect was positive (row 4) rather than
the second (row 5), despite the fact that only the order of treatment effects differed. When there was
a discrepancy in power between the components, the power of co-primary endpoints was close to

the lower of the two, while that of multiple primary endpoints was close to the higher (rows 2, 4, 5).

Application results

Pain and MBS. The sample sizes with two components (Pain and MBS) are presented in Table 1.
The sample size for co-primary endpoints was the least affected by the correlations among the five
methods, while that for composite outcomes varied greatly. While both composite outcomes had
smaller sample sizes than the co-primary in over half of the scenarios, the maximum sample size
across all combinations of correlations was smaller with co-primary endpoints. The sample sizes for
composite[all] were extremely large when the correlations were negative in the experimental arm
and positive in the control arm, and those for composite[>1] were high when the correlation was
positive in the experimental arm and negative in the control arm. The correlations also affected the
sample sizes for multiple primary endpoints and the net benefit, although they remained smaller
than co-primary endpoints. When p, = p., the sample size was the smallest for the net benefit.
Similar trends were observed with reduced treatment effects, though required sample sizes were
generally larger and the sample sizes for the net benefit exceeded those of co-primary when p, =

0.9 and p. < 0 (Web Appendix: Table S5)

Pain, MBS, and TEAE. The sample sizes with three components (Pain, MBS, and TEAE) are
presented in Table 2. With co-primary endpoints, the sample sizes were not found below 10,000. As

was the case with two components, the correlations greatly affected the sample sizes for composite
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outcomes. The net benefit had the smallest sample sizes in all scenarios. Similar trends were
observed with reduced treatment effects (Web Appendix: Table S6). When TEAEs were negatively
associated with freedom from Pain and MBS, the correlation worked in different directions for
composite outcomes, while the results for the other methods remained unchanged (Web Appendix:

Table S7).

Discussion

This study compared the power and sample sizes of statistical methods for multiple binary
outcomes. Overall, the marginal proportions, treatment effects, number of components, and
correlations affected the power and sample size of the methods assessed. While the correlations are
less likely to be emphasized when designing actual trials, they greatly influenced the power and
sample size of composite outcomes and net benefit, demonstrating their dependence not only on
marginal effects but also on the joint distribution of outcomes. The power and sample size of co-
primary endpoints were the most stable across various correlations, though their power declined
substantially when the treatment effects were opposite on some components or more than two

components were present.

Correlations influenced the power and sample size of multiple-testing procedures, composite
endpoints, and generalized pairwise comparisons, consistent with previous results.!'!> However,
our results showed that the direction and degree of their influence depended on the method used.
The method with the greatest power and smallest sample size also differed depending on the
correlations. Therefore, anticipated correlations and their degree of uncertainty should be taken into
account when selecting statistical methods. Given the maximum required sample size across all
correlation scenarios, employing composite outcomes would be impracticable when no constraints

can be set for correlations.

In the migraine treatment example, actual correlations between the outcomes are unknown.
Freedom from MBS could be positively associated with freedom from pain if the treatment works
for both symptoms via the same mechanism, while it could be negatively associated if the MBS
becomes apparent once the pain disappears. As a placebo was the control in the trial, it would be
sensible to assume that correlations differ from those in the active treatment. In this trial, choosing
co-primary endpoints was appropriate because they were robust to correlation differences and,
unlike other methods, ensured the superiority of both efficacy outcomes. However, it may be
reasonable to assume that correlations are common if two active treatments have similar biological

properties. When correlations were the same in both arms, the net benefit often had the greatest
10



power and smallest sample size. Generalized pairwise comparisons could be useful in such
situations, allowing for comparisons that consider factors not included in the co-primary outcomes

of the trial (e.g., adverse events, symptoms beyond the most bothersome ones).

Although we considered one-sided testing, many trials employ bilateral hypotheses. Our findings
can be seamlessly applied to such cases. When calculating the sample size for a hypothetical
treatment effect, a two-sided significance level is divided by 2, thus becoming equivalent to the
calculation for a one-sided test. This study used simulations to estimate sample sizes. While various

11,26,27

sample size formulas have been proposed for multiple binary outcomes, our study focused on

the actual sample sizes required to achieve certain powers rather than on the validity of those

formulas.'1:28:29

Additionally, while our study focused on the power and sample size, the suitability of each method
should also be evaluated from a clinical perspective.’® For example, if an analysis aims to measure
the balance between a treatment’s benefits and harms, methods yielding one-dimensional endpoints
based on multiple components could be helpful, even when they require larger sample sizes (e.g.,
composite outcomes and generalized pairwise comparisons based on response and adverse
events).!>1731 Moreover, when some components are more relevant than others, multiple primary
endpoints and composite outcomes that require only some of the components to be positive would

be inappropriate, as illustrated by our migraine treatment example.

Several limitations should be noted when interpreting our findings. First, while we defined
composite outcomes as positive responses in some or all components, composite outcomes are
sometimes defined as the occurrence of at least one event or disease of interest.!>!* Our results with
composite outcomes requiring all components to be positive can be extrapolated to those cases, as
statistical tests on an increase in the proportion observing positive outcomes in all components are
equivalent to those on a decrease in the proportion observing adverse outcomes in at least one
component. Second, we only considered scenarios using common correlations in the estimation of
power and sample size in the presence of three or more components. As the number of components
increases, the lack of restrictions would greatly increase and complicate correlation scenarios,
potentially resulting in unachievable sample sizes. Although it may sometimes be justified to
assume common positive correlations between treatment-related symptom changes, it is generally
advisable to choose statistical methods that are less affected by correlations when incorporating

many outcomes. Third, there are further interesting adaptations of multiple testing procedures that

11



were not evaluated in our study. For example, 'ordered p-values' and 'rejecting at least k out of m

hypotheses' may be considered depending on the nature of individual clinical trials. 32

In conclusion, this study offers guidance on the use of different statistical methods for multiple
possibly correlated binary outcomes. Overall, co-primary endpoints were found to be a reliable
option for evaluating the superiority of all components; however, they were unsuitable for assessing
the balance between treatment effects pointing in different directions. Generalized pairwise
comparisons offered a useful alternative to handle multiple prioritized outcomes, often providing

the smallest sample sizes when the correlations were shared between the arms.
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Table 1. Sample size per arm to achieve 90% power in each scenario with Pain and MBS.

Correlation in the experimental arm

Correlation

Method in the control arm -0.9 -0.45 0 0.45 0.9
Co-primary -0.9 84 84 84 84 83
-0.45 84 84 83 84 84
0 84 84 84 83 83
0.45 84 83 83 83 83
0.9 84 83 83 83 82
Multiple primary -0.9 37 39 43 44 47
-0.45 37 42 44 45 48
0 39 43 45 47 51
0.45 41 45 47 48 53
0.9 44 47 48 53 55
Composite[all] -0.9 51 29 22 18 15
-0.45 118 47 32 24 19
0 402 96 55 37 26
0.45 3527 210 96 57 39
0.9 >9999 532 171 91 56
Composite[>1] -0.9 19 41 74 142 364
-0.45 17 36 63 112 255
0 15 30 48 83 160
0.45 14 25 39 60 106
0.9 12 21 32 48 78
Net benefit -0.9 19 27 36 47 65
-0.45 20 27 35 46 62
0 21 27 34 44 59
0.45 22 27 34 42 55
0.9 23 28 33 40 52

Bold Italic: results with the same correlation values for both arms
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Table 2. Sample size per arm to achieve 90% power in each scenario with Pain, MBS, and TEAE.

Correlation
Method 0 0.45 0.9
Co-primary > 9999 > 9999 > 9999
Multiple primary 50 56 61
Composite[all] 148 338 671
Composite[>2] 203 113 83
Net benefit 34 42 52
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Figure 1. Power in the simulation with two to ten components and treatment effects of 10%

according to the marginal proportions in the control arm (A 20%; B 60%).

Figure 2. Mean estimate in the simulation according to the marginal proportions in the control arm
(A 20% and 40%; B 60% and 40%), methods (columns), and treatment effects (rows).

The lines connect the results with the same correlations for both arms.
Figure 3. Power in the simulation according to the marginal proportions in the control arm (A 20%

and 40%; B 60% and 40%), methods (columns), and treatment effects (rows).

The lines connect the results with the same correlations for both arms.
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