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Abstract
In clinical trials, two or more binary responses obtained by dichotomizing continu-
ous responses are often employed as multiple primary endpoints. Testing procedures 
for multiple binary variables with latent distribution have not yet been adequately 
discussed. Based on the association measure among latent variables, we provide a 
statistic for testing the superiority of at least one binary endpoint. In addition, we 
propose a testing procedure with a framework in which the trial efficacy is con-
firmed only when there is superiority of at least one endpoint and non-inferiority of 
the remaining endpoints. The performance of the proposed procedure is evaluated 
through simulations.
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1 Introduction

In confirmatory clinical trials, several correlated binary response variables are 
used to assess the efficacy and safety of new treatments. The ICH E9 guideline 
[1] recommends that the primary endpoint should consist of only one variable 
that provides strong scientific evidence of treatment efficacy. However, in clinical 
trials for a variety of diseases, it is often useful to evaluate efficacy using multi-
ple primary endpoints. For example, in clinical trials of patients with rheumatoid 
arthritis, the percentage of patients achieving short-term improvement of 20 per-
cent in the American College of Rheumatology criteria (ACR20) and the percent-
age achieving long-term low disease activity [Disease Activity Score (DAS28-
ESR) ≤ 3.2] are often used as primary endpoints (e.g., [2]). In clinical trials of 
patients with psoriasis, short- and long-term improvements are simultaneously 
assessed based on the percentage of patients with at least 75 percent improvement 
in the psoriasis area-and-severity index (DASI) score (e.g., [3]). In particular, 
binary endpoints are often used when it is more meaningful to diagnose improve-
ment beyond clear standards rather than to assess the disease state using continu-
ous variables. In such trials, we can consider that all primary endpoints are binary 
and often have a continuous latent distribution.

Most trials use multiple endpoints only to evaluate non-inferiority or supe-
riority, but some trials have been conducted to confirm the non-inferiority and 
superiority of all endpoints. For example, a clinical trial to confirm the efficacy 
of four-factor prothrombin complex concentrate (4F-PCC) included two primary 
endpoints [4], namely the percentage of patients with a hemostatic effect and the 
percentage with a decrease in the international normalized ratio (INR). In the 
above trial, superiority was only evaluated if there was non-inferiority for both 
endpoints. When we confirm not only non-inferiority but also superiority, the use 
of the closed testing procedure [5] for the primary analysis is reasonable, and 
in this case, no adjustment is needed to control the type I error rate. Sozu et al. 
[6–8] have already proposed a testing method for dealing with several endpoints 
in a trial and a method for calculating the sample size. Their theory is based on 
the framework of recognizing a treatment effect when the superiority of all pri-
mary endpoints is confirmed. Such a setting of endpoints is called “co-primary 
endpoints”. In general, however, it is difficult to demonstrate the superiority of 
two or more endpoints because the power decreases as the number of endpoints 
increases. On the other hand, “multiple endpoints” are used in trials that recog-
nize a treatment effect if it is superior to at least one of the endpoints. Develop-
ing a procedure that can confirm the superiority of at least one binary endpoint 
with latent distribution is a challenge for statisticians in the design and analysis of 
clinical trials. Thus, the aim of this paper was to define a testing procedure within 
a framework in which the efficacy of a test treatment is confirmed only when the 
superiority of the treatment relative to control is evidenced for at least one end-
point, and non-inferiority is demonstrated for the remaining endpoints.

For multiple continuous endpoints, Perlman and Wu [9] proposed a testing 
procedure that is applicable to the framework mentioned above. Nakazuru et al. 
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[10] proposed a more powerful testing procedure using the approximate likeli-
hood ratio test (ALRT) defined by Glimm et  al. [11]. However, there has been 
inadequate development of methods for multiple binary endpoints. In the same 
framework as this study, Ishihara and Yamamoto [12] proposed a method using 
multiple binary endpoints, however, they were unable to assume a latent distri-
bution for the binary variables. A statistic for testing the superiority of binary 
co-primary endpoints assuming latent variables has been developed by Sozu et al. 
[6]. Therefore, we herein propose a testing procedure that is appropriate when 
all endpoints are binary and have a latent distribution. Our procedure is based on 
the intersection-union test (IUT), proposed by Nakazuru et al. [10], and a method 
by Sozu et al. [6] for estimating correlations between binary endpoints that have 
latent variables. In particular, we consider two statistics estimated under the null 
and alternative hypotheses for the test of superiority. Since there has not yet been 
any discussion on whether the statistics obtained under the null hypothesis or the 
alternative hypothesis are better in practical terms, another purpose of this study 
is to discuss this issue.

This article is structured as follows. In Sect. 2, we define several assumptions, 
including the hypothesis regarding the testing procedure and the association 
between correlated binary endpoints when taking latent variables into considera-
tion. In Sect. 3, we give two IUT statistics for the superiority of at least one end-
point and the non-inferiority of the remaining endpoints when all endpoints are 
binary and have a latent distribution. In Sect. 4, we provide a numerical experi-
ment using Monte Carlo simulation to illustrate the behavior of the power and 
type I error rate of the proposed test. Regarding the power, the proposed statistics 
was compared with the closed testing procedure. In Sect. 5, we provide the results 
of IUT based on an actual clinical trial. Finally, in Sect.  6, we summarize our 
findings and present concluding remarks. Based on the proposed statistics and 
conducted simulations, we suggest how to use the statistics in a real clinical trial.

2  Assumption and Hypotheses

2.1  Statistical Setting

In this article, we focus on a randomized clinical trial comparing p (≥ 2) end-
points with two treatment groups. There are n1 subjects in the test group 
and n2 subject in the control group. Let Yijk (i = 1, 2;j = 1,… , p;k = 1,… , ni) 
denote the binary response variable of the jth primary endpoint of the ith 
treatment in the kth subject. Suppose that the vectors of binary response vari-
ables Yik = (Yi1k,… , Yipk)

t (i = 1, 2;k = 1,… , ni) are independently distributed 
as a p-variate Bernoulli distribution with E(Yijk) = �ij , V(Yijk) = �ij(1 − �ij) , and 
Corr(Yijk, Yij�k) = �(i)jj� for all j ≠ j′ , where the superscript }}t�� denotes transpose. 
In this setting, the correlation coefficient �(i)jj� of the multivariate Bernoulli distri-
bution is expressed as
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where �(i)jj� is the joint probability of two response variables (Yijk, Yij�k) . Note that 
the range of �(i)jj� is equal to or less than (−1, 1) depending on the value of �ij and �ij′ 
(Bahadur [13]). That is, �(i)jj� is bounded below by

and above by

Furthermore, we assume that Yik are dichotomized random variables of continuous 
unobservable response Zik = (Zi1k,… , Zipk)

t (i = 1, 2;k = 1,… , ni) . We also assume 
that Zik are independently distributed as a standardized p-variate normal distribu-
tion with Corr(Zijk, Zij�k) = �(i)jj� for all j ≠ j′ . For each variable Zik , there is a single 
threshold gij = Φ−1(1 − �ij) (i = 1, 2;j = 1,… , p) that partitions the latent distribu-
tion, where Φ−1 is the inverse function of the standard normal cumulative distribu-
tion function. Then, the binary response Yijk (i = 1, 2;j = 1,… , p;k = 1,… , ni) can 
be defined as

Set X = (X1,… ,Xp)
t with Xj = (Y1j − Y2j) (j = 1,… , p) , where 

Yij (i = 1, 2;j = 1,… , p) is the sample proportion for the jth endpoint of the ith treat-
ment. Let the true proportion vector be the ith treatment �i = (�i1,… ,�ip)

t with dif-
ference of proportion � = (�1,… , �p)

t = �1 − �2 and the covariance matrix � that is 
defined as follows:

(1)�(i)jj� =
�(i)jj� − �ij�ij�

√

�ij(1 − �ij)
√

�ij� (1 − �ij� )

,
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where �(i)(i = 1, 2) is the covariance matrix of (Yi1,… ,Yip)
t . Note that X is approxi-

mately normally distributed with mean � and covariance matrix �.

2.2  Hypotheses

Without loss of generality, we assume that test treatment superiority is recog-
nized when the proportion of responses to the test treatment is greater than that to 
the control treatment. That is, a maximum value of �j(j = 1,… , p) greater than 0 
indicates an improvement of at least one endpoint of the test treatment compared 
to the control treatment. In the framework dealt with in this study, a test treatment 
effect is recognized only when the null hypothesis for the superiority of at least 
one endpoint and the null hypothesis for all non-inferiority are all rejected simul-
taneously. In such a framework, the null hypotheses of superiority and non-inferi-
ority are represented by a union. Therefore, we consider the combined hypothesis 
for the superiority of at least one endpoint and the non-inferiority of the remain-
ing endpoints. We consider a null hypothesis H0 and an alternative hypothesis 
expressed by

where 𝜖j > 0 (j = 1,… , p) is the non-inferiority margin of the jth endpoint that 
denotes a prespecified positive constant. Furthermore, the non-inferiority part of H0 
can be expressed as a union of null hypotheses of non-inferiority for individual end-
points, since it means that either �j + �j (j = 1,… , p) is less than or equal to zero. 
Therefore, H0 is also expressed as

which defines the sub hypothesis of superiority “ H(0)

0
∶ max

1≤j≤p �j ≤ 0 ” and the sub 
hypothesis of non-inferiority “ H(j)

0
∶ �j ≤ −�j ”, for j = 1,… , p . H(0)

0
 is adaptable to 

the one-sided ALRT, and the IUT (Berger, 1982) [14] can be applied to test H0.

3  A New Test Statistics

To determine the IUT statistics, we need to estimate gij , �ij and �(i)jj� considering 
the latent variable of Yijk . In Subsect. 3.1 below, we propose an estimation proce-
dure for those parameters. While Sozu et al. (2010) used a sample proportion to 
obtain an estimator of gij , we propose a new procedure for estimating gij under the 
sub-null hypothesis H(0)

0
 . In Subsect. 3.2, we propose a new testing procedure that 

extends the procedure proposed by Nakazuru et al. (2014) using the parameters 
estimated in Subsect. 3.1.

H0 ∶

{

max
1≤j≤p �j ≤ 0

}

∪

{

min
1≤j≤p(�j + �j) ≤ 0

}

versus H1 ∶ not H0,

H0 ≡ H
(0)

0
∪
{

H
(1)

0
∪⋯ ∪ H

(p)

0

}

,
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3.1  Proposed Estimating Procedure

For the sake of simplicity, the process of estimating parameters is divided into the fol-
lowing two steps.

3.1.1  Step 1. Estimating the Cut‑Off Point gij

We assume that ĝij is the estimator of the latent cut-off point gij , and is estimated as 
ĝij = Φ−1(1 − �𝜋ij) , where �̃ij is the maximum likelihood estimator (MLE) of the mar-
ginal probability derived by the p-variate Bernoulli distribution. Let the probability 
mass function of the p-variate Bernoulli distribution be

where �(i)0,0,…,0,… , �(i)1,1,…,1 are joint probabilities when Yik takes values from 
(0,… , 0),… , (1,… , 1) , respectively, and �(i)0,0,…,0 +…+ �(i)1,1,…,1 = 1 . �̃ij can be 
expressed as �𝜋ij =

∑

(s1, s2,… , sp) ∈ S, sj = 1
�̂�(i)s1,s2,…,sp

 using the estimator of 

�(i)s1,s2,…,sp
 , where S = {(s1, s2,… sp)|sj = 0, 1, j = 1,… , p} is a set whose elements 

consist of all pairs of response values.
In addition, �̃ij (and ĝij ) can be given in two ways depending on the estimation of 

�(i)s1,s2,…,sp
 under the sub-null hypothesis H(0)

0
 or the sub alternative hypothesis 

H
(0)

1
∶ not H

(0)

0
 . In particular, under the sub null hypothesis H(0)

0
 , the Lagrange multi-

plier method is useful to obtain the MLE. On the other hand, under the sub-alterna-
tive hypothesis H(0)

1
 , the estimator �̂�(i)s1,s2,…,sp

 is obtained in a closed form as a sam-
ple proportion.

3.1.2  Step 2. Estimating the Joint and Marginal Probabilities

The estimator of the joint probability �(i)jj� in (1) is also given in two ways depend-
ing on ĝij , which is obtained by the estimation of �(i)s1,s2,…,sp

 constructing �̃ij . �̂�(i)jj� 
can be given by

where f (z1,… , zp;�̂�(i)jj� ) is the joint density function of Zik and z1,… , zp are ran-
dom variables following the standard p-variate normal distribution wherein �̂�(i)jj� is 
the Person’s tetrachoric correlation (Pearson [15]) calculated from (Yij1,… , Yijni ) 
and (Yij�1,… , Yij�ni) . Therefore, if the latency of the binary response is assumed to 
have a standardized multivariate normal distribution, �̂�(i)jj� is determined by �̂�(i)jj� and 
the cut-off point given in Step 1. Furthermore, the estimator of the marginal prob-
ability �ij constructing Σ and �(i)jj� in (1) should not be �̃ij , which is obtained from 

P(Yi1k = yi1k,… , Yipk = yipk) = �

∏p

j=1
(1−yijk)

(i)0,0,…,0
× �

yi1k
∏p

j=2
(1−yijk)

(i)1,0,…,0

× �
(1−yi1k)yi2k

∏p

j=3
(1−yijk)

(i)0,1,…,0
× ⋯ × �

∏p

j=1
yijk

(i)1,1,…,1
,

�̂�(i)jj� =Prob(Zij ≥ ĝij, Zij� ≥ ĝij� )

=�
∞

−∞

⋯�
∞

ĝij

⋯�
∞

ĝij�

⋯�
∞

−∞

f (z1,… , zp;�̂�(i)jj� )dz1 ⋯ dzp for all j ≠ j�,
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the p-variate Bernoulli distribution, so as to take into account the latent distribution 
function. Let �̂�ij denote the estimator of �ij and be given by

For example, with p = 2 endpoints, the estimator of �(i)12 is written as

Furthermore, the marginal probabilities �i1 and �i2 are described as follows:

Along with the estimation of the joint and marginal probabilities, the estimated 
covariance matrix �̂ is defined as follows:

3.2  Proposed Test Statistics

We consider the following new IUT statistics to test hypothesis H0 versus H1.

where �́�ij is the MLE of �ij derived under the sub null hypothesis of non-inferiority 
H

(j)

0
 , and T (j) is a statistic commonly used in non-inferiority tests of binary endpoints 

(Farrington and Manning [16]). T (0) and T (j) are test statistics corresponding to the 
null hypotheses for superiority H(0)

0
 and non-inferiority H(1)

0
,… ,H

(p)

0
 , respectively. 

�̂�ij =Prob(Zij ≥ ĝij)

=�
∞

−∞

⋯�
∞

ĝij

⋯�
∞

−∞

f (z1,… , zp;�̂�(i)jj� )dz1 ⋯ dzp for all j.

�̂�(i)12 =∫
∞

ĝi2
∫

∞

ĝi1

f (z1, z2;�̂�(i)12)dz1dz2.

�̂�i1 =Prob(Zi1 ≥ ĝi1) = �
∞

−∞ �
∞

ĝi1

f (z1, z2;�̂�(i)12)dz1dz2,

�̂�i2 =Prob(Zi2 ≥ ĝi2) = �
∞

−∞ �
∞

ĝi2

f (z1, z2;�̂�(i)12)dz2dz1.

�̂ =�̂
(1)

+ �̂
(2)

=
1

n1

⎛

⎜

⎜

⎝

�̂�11(1 − �̂�11) ⋯ �̂�(1)1p − �̂�11�̂�1p
⋮ ⋱ ⋮

�̂�(1)p1 − �̂�11�̂�1p ⋯ �̂�1p(1 − �̂�1p)

⎞

⎟

⎟

⎠

+
1

n2

⎛

⎜

⎜

⎝

�̂�21(1 − �̂�21) ⋯ �̂�(2)1p − �̂�21�̂�2p
⋮ ⋱ ⋮

�̂�(2)p1 − �̂�21�̂�2p ⋯ �̂�2p(1 − �̂�2p)

⎞

⎟

⎟

⎠

.

T
(0) ∶ min(u

2

A
, u

2

B
) and

T
(j) ∶

X
j
+ 𝜖

j

√

�́�1j(1−�́�1j)

n1

+
�́�2j(1−�́�2j)

n2

for j = 1,… , p,
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The proposed IUT rejects H0 if and only if T (0) > c and T (j) > z𝛼 , where c is a con-
stant determined by

here, �2

j
 denotes the �2 distribution with j degrees of freedom, and �2

0
 is defined as 

the constant zero. � is the nominal significance level, and z� is the upper 100� th per-
centile of the standard normal distribution. See Appendix for the derivation of uA 
and uB.

Note that test statistics T (0) can be considered in two ways. One is provided by �̂ 
derived under the sub-null hypothesis H(0)

0
 , and the other is provided by �̂ derived 

under the sub-alternative hypothesis H(0)

1
 . Thus, we consider that there are also two 

types of IUT statistics. Let the IUT statistics using T (0) estimated under the sub-null 
hypothesis H(0)

0
 be the T (0)

0
 test type, and the those using T (0) estimated under the sub-

null hypothesis H(0)

1
 be the T (0)

1
 test type.

4  Simulation Study

In order to evaluate the performance of the proposed IUT, we use Monte Carlo 
simulation to calculate the type I error rate and the powers of the T (0)

0
 and T (0)

1
 test 

types. In all simulations, we consider n1 = n2 = 50, 100, 200 , �1 = �2 = 0.2 , and 
� = 0.05 . The random numbers are generated from a standardized p-variate normal 
distribution, and response variables are obtained by dichotomizing random num-
bers using �i = (�i1,… ,�ip)

t . The correlation between the latent variables assumes 
� = 0, 0.4, 0.8.

4.1  Type I Error Rate

We compare the type I error rate of the T (0)

0
 test type and the T (0)

1
 test type in the case 

p = 2 . The generation of simulated data is repeated 1,000,000 times.
Table 1 shows the type I error rates for the two test types in the case p = 2 . The 

type I error rate is greater than the nominal significance level for the T (0)

1
 test type 

when the correlation between the endpoints is zero with a large sample size. The T (0)

0
 

test type is more conservative than the T (0)

1
 test type. The type I error rate is lower 

when �ij is close to zero than when �ij is 0.5. In the case where at least one of the 
differences in �ij is less than zero and is within the non-inferiority margin, the type 
I error rate is less than when the difference in �ij is zero, and it markedly decreases 
as the difference in �ij becomes closer to the non-inferiority margin. The type I error 
rate is much smaller when there are inferior endpoints.

In particular, for the scenario where inflation is likely to occur in the case p = 2 , 
we generated simulation data 100,000 times and also checked the type I error rate in 
the case p = 3.

p
∑

j=0

p!

j!(p − j)!

1

2p
Pr(𝜒2

j
> c) = 𝛼.
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Table 1  Type I error rates for p = 2

n � Type of test (�11,�12), (�21,�22)

(0.5,0.5),
(0.5,0.5)

(0.1,0.1),
(0.1,0.1)

(0.4,0.5),
(0.5,0.5)

(0.35,0.5),
(0.5,0.5)

(0.25,0.5),
(0.5,0.5)

50 0.8 T
(0)

0
0.042 0.028 0.023 0.011 0.0015

T
(0)

1
0.047 0.025 0.026 0.012 0.0015

0.4 T
(0)

0
0.038 0.021 0.011 0.004 0.0006

T
(0)

1
0.043 0.022 0.013 0.005 0.0006

0 T
(0)

0
0.034 0.010 0.007 0.002 0.0001

T
(0)

1
0.038 0.010 0.008 0.002 0.0002

100 0.8 T
(0)

0
0.045 0.041 0.026 0.015 0.0010

T
(0)

1
0.047 0.042 0.027 0.015 0.0010

0.4 T
(0)

0
0.044 0.034 0.013 0.005 0.0003

T
(0)

1
0.045 0.036 0.013 0.005 0.0003

0 T
(0)

0
0.045 0.015 0.009 0.002 0.0001

T
(0)

1
0.046 0.016 0.009 0.002 0.0001

200 0.8 T
(0)

0
0.045 0.046 0.022 0.011 0.0003

T
(0)

1
0.046 0.047 0.022 0.011 0.0004

0.4 T
(0)

0
0.044 0.045 0.013 0.005 0.0001

T
(0)

1
0.045 0.046 0.013 0.006 0.0001

0 T
(0)

0
0.049 0.033 0.012 0.003 <0.0001

T
(0)

1
0.050 0.034 0.012 0.003 <0.0001

Table 2  Type I error rates for 
p = 3

n � Type of test (�11,�12,�13), (�21,�22,�23)

(0.5,0.5,0.5),
(0.5,0.5,0.5)

(0.4,0.5,0.5),
(0.5,0.5,0.5)

100 0.8 T
(0)

0
0.055 0.016

T
(0)

1
0.057 0.016

0.4 T
(0)

0
0.037 0.006

T
(0)

1
0.038 0.006

0 T
(0)

0
0.023 0.001

T
(0)

1
0.023 0.001

200 0.8 T
(0)

0
0.072 0.020

T
(0)

1
0.072 0.020

0.4 T
(0)

0
0.058 0.006

T
(0)

1
0.058 0.006

0 T
(0)

0
0.043 0.001

T
(0)

1
0.043 0.001
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Table 2 shows the type I error rates for the two test types in the case p = 3 . When 
the sample size is large and the correlations among the three endpoints is high, the 
type I error rate for both T (0)

0
 and T (0)

1
 is greater than the nominal significance level.

4.2  Power

We compare the powers of the T (0)

0
 and the T (0)

1
 test type for the proposed IUT, in the 

case p = 2 . We also compare the power of the proposed IUT with that of a closed 
testing procedure that confirms the superiority of at least one of the two endpoints 
after the non-inferiority of both of the two endpoints is confirmed. The Bonferroni-
corrected p-value (Bonferroni [17]) is used to test for superiority in the closed test-
ing procedure. The generation of simulated data is repeated 100,000 times.

Table 3 shows the empirical powers of the proposed IUT and the closed testing 
procedure. The power of the T (0)

1
 test type is greater than that of the T (0)

0
 test type, and 

it becomes larger as the correlation between the endpoints increases with the small 
sample size. Even when the difference between the endpoints increases, the relation-
ship between the power of the T (0)

0
 test type and that of the T (0)

1
 test type does not 

change much. On the other hand, as the sample size increases, the power of the T (0)

0
 

test type becomes similar to that of the T (0)

1
 test type. Furthermore, the power of the 

proposed IUT is always greater than that of the closed testing procedure.
Even if the differences in �ij are identical to each other, the power tends to be 

large when �ij is close to zero, except when the correlation is zero and the sample 
size is small. On the other hand, if at least one endpoint is superior and the differ-
ences of all remaining endpoints are less than zero and within the non-inferiority 
margin, the power is lower than when all of the differences in �ij are greater than 
zero. Furthermore, when there is an endpoint that is inferior, the power becomes 
quite small. The power does not monotonically increase or decrease depending on 
the correlation coefficient. The results for p = 2 and p = 3 in Subsect.  4.3 below 
show that as the number of endpoints that differ between the two groups increases, 
the power of the closed testing procedure is noticeably lower than that of the pro-
posed IUT.

4.3  Power is Reduced when Non‑Inferiority Test is Added to a Superiority Test

We also compare the performance of the proposed IUT and a test excluding the 
non-inferiority in the case of p = 2 and p = 3 . The generation of simulated data is 
repeated 100,000 times.

Table 4 shows a power comparison between the proposed IUT and the superiority 
test alone for the case of p = 2 . If all the differences in �ij are greater than or equal 
to zero, as the sample size increases, regardless of the value of the correlation coef-
ficient, the powers of the superiority test alone and the IUT remain similar. On the 
other hand, when the differences in �ij between the two groups are partially within 
the non-inferiority margin, the power of IUT is low compared to the superiority test 
alone. When �ij is close to zero, the powers of the superiority test alone and the IUT 
are more similar than when �ij is close to 0.5.



473

1 3

Journal of Statistical Theory and Applications (2021) 20:463–480 

Table 5 shows a power comparison between the proposed IUT and the superi-
ority test alone for the case of p = 3 . As with the case of p = 2 , if all the differ-
ences in �ij are greater than or equal to zero, adding a non-inferiority test does 
not reduce the power much when the sample size is large. Conversely, larger the 
number of endpoints for which the differences in �ij are partially within the non-
inferiority margin, the greater the reduction in power of the IUT.

Table 3  Empirical powers

n � Type of test (�11,�12), (�21,�22)

(0.6,0.5),
(0.5,0.5)

(0.7,0.5),
(0.5,0.5)

(0.2,0.1),
(0.1,0.1)

(0.6,0.6),
(0.5,0.5)

(0.6,0.4),
(0.5,0.5)

(0.6,0.25),
(0.5,0.5)

50 0.8 T
(0)

0
(proposed) 0.148 0.308 0.163 0.247 0.068 0.0022

T
(0)

1
(proposed) 0.158 0.315 0.162 0.265 0.071 0.0023

Closed testing 0.085 0.243 0.103 0.154 0.041 0.0018
0.4 T

(0)

0
(proposed) 0.132 0.334 0.166 0.285 0.048 0.0023

T
(0)

1
(proposed) 0.143 0.346 0.173 0.304 0.052 0.0025

Closed testing 0.079 0.270 0.112 0.171 0.032 0.0017
0 T

(0)

0
(proposed) 0.126 0.322 0.093 0.321 0.032 0.0009

T
(0)

1
(proposed) 0.134 0.332 0.096 0.335 0.035 0.0011

Closed testing 0.062 0.234 0.060 0.162 0.018 0.0007
100 0.8 T

(0)

0
(proposed) 0.305 0.700 0.443 0.417 0.167 0.0017

T
(0)

1
(proposed) 0.310 0.702 0.446 0.424 0.168 0.0017

Closed testing 0.211 0.634 0.348 0.320 0.125 0.0016
0.4 T

(0)

0
(proposed) 0.265 0.686 0.446 0.489 0.113 0.0015

T
(0)

1
(proposed) 0.269 0.691 0.456 0.496 0.114 0.0015

Closed testing 0.203 0.638 0.365 0.358 0.094 0.0014
0 T

(0)

0
(proposed) 0.268 0.684 0.275 0.575 0.082 0.0008

T
(0)

1
(proposed) 0.271 0.689 0.282 0.581 0.082 0.0008

Closed testing 0.186 0.618 0.217 0.379 0.066 0.0007
200 0.8 T

(0)

0
(proposed) 0.536 0.955 0.780 0.665 0.315 0.0010

T
(0)

1
(proposed) 0.538 0.955 0.782 0.669 0.317 0.0010

Closed testing 0.402 0.949 0.708 0.546 0.302 0.0010
0.4 T

(0)

0
(proposed) 0.493 0.960 0.780 0.757 0.269 0.0008

T
(0)

1
(proposed) 0.497 0.961 0.784 0.760 0.275 0.0008

Closed testing 0.402 0.951 0.718 0.605 0.250 0.0008
0 T

(0)

0
(proposed) 0.524 0.963 0.680 0.841 0.252 0.0008

T
(0)

1
(proposed) 0.526 0.964 0.683 0.842 0.253 0.0008

Closed testing 0.404 0.950 0.608 0.643 0.212 0.0007
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Table 4  Evaluation of power reduction when adding the non-inferiority test for p = 2

n Proportions Type of test Correlation

(�11,�12) (�21,�22) 0 0.4 0.8

50 (0.6, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.126 0.132 0.148
Only superiority 0.190 0.173 0.170

(0.7, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.322 0.334 0.308
Only superiority 0.545 0.511 0.425

(0.2, 0.1) (0.1, 0.1) Superiority + non-inferiority 0.093 0.166 0.163
Only superiority 0.101 0.179 0.169

(0.6, 0.6) (0.5, 0.5) Superiority + non-inferiority 0.321 0.285 0.247
Only superiority 0.358 0.302 0.251

(0.6, 0.4) (0.5, 0.5) Superiority + non-inferiority 0.032 0.048 0.068
Only superiority 0.142 0.137 0.131

(0.6, 0.25) (0.5, 0.5) Superiority + non-inferiority 0.0009 0.0023 0.0022
Only superiority 0.1257 0.0994 0.0709

100 (0.6, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.268 0.265 0.305
Only superiority 0.313 0.286 0.311

(0.7, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.684 0.686 0.700
Only superiority 0.825 0.801 0.774

(0.2, 0.1) (0.1, 0.1) Superiority + non-inferiority 0.275 0.446 0.443
Only superiority 0.277 0.447 0.443

(0.6, 0.6) (0.5, 0.5) Superiority + non-inferiority 0.575 0.489 0.417
Only superiority 0.580 0.491 0.417

(0.6, 0.4) (0.5, 0.5) Superiority + non-inferiority 0.082 0.113 0.167
Only superiority 0.253 0.229 0.239

(0.6, 0.25) (0.5, 0.5) Superiority + non-inferiority 0.0008 0.0015 0.0017
Only superiority 0.2309 0.1558 0.0887

200 (0.6, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.524 0.493 0.536
Only superiority 0.533 0.496 0.536

(0.7, 0.5) (0.5, 0.5) Superiority + non-inferiority 0.963 0.960 0.955
Only superiority 0.983 0.978 0.967

(0.2, 0.1) (0.1, 0.1) Superiority + non-inferiority 0.680 0.780 0.780
Only superiority 0.680 0.780 0.780

(0.6, 0.6) (0.5, 0.5) Superiority + non-inferiority 0.841 0.757 0.665
Only superiority 0.841 0.757 0.665

(0.6, 0.4) (0.5, 0.5) Superiority + non-inferiority 0.252 0.269 0.315
Only superiority 0.473 0.403 0.373

(0.6, 0.25) (0.5, 0.5) Superiority + non-inferiority 0.0008 0.0008 0.0010
Only superiority 0.4457 0.2663 0.1221
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Table 5  Evaluation of power reduction when adding the non-inferiority test for p = 3

n Proportions Type of test Correlation

(�11,�12,�13) (�21,�22,�23) 0 0.4 0.8

50 (0.6, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.123 0.143 0.154
Only superiority 0.241 0.209 0.174

(0.6, 0.6, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.261 0.253 0.249
Only superiority 0.409 0.335 0.272

(0.6, 0.6, 0.6) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.479 0.401 0.311
Only superiority 0.563 0.436 0.316

(0.7, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.262 0.298 0.348
Only superiority 0.579 0.514 0.479

(0.2, 0.1, 0.1) (0.1, 0.1, 0.1) Superiority + non-inferiority 0.461 0.233 0.223
Only superiority 0.487 0.245 0.235

(0.6, 0.6, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.098 0.125 0.169
Only superiority 0.346 0.313 0.326

(0.6, 0.4, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.014 0.035 0.069
Only superiority 0.140 0.126 0.133

100 (0.6, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.305 0.304 0.344
Only superiority 0.370 0.333 0.349

(0.6, 0.6, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.558 0.503 0.509
Only superiority 0.624 0.540 0.521

(0.6, 0.6, 0.6) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.791 0.655 0.536
Only superiority 0.798 0.658 0.536

(0.7, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.673 0.687 0.732
Only superiority 0.848 0.817 0.796

(0.2, 0.1, 0.1) (0.1, 0.1, 0.1) Superiority + non-inferiority 0.486 0.447 0.469
Only superiority 0.493 0.448 0.469

(0.6, 0.6, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.242 0.276 0.358
Only superiority 0.568 0.532 0.558

(0.6, 0.4, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.047 0.088 0.156
Only superiority 0.247 0.211 0.217

200 (0.6, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.572 0.530 0.568
Only superiority 0.581 0.533 0.568

(0.6, 0.6, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.857 0.787 0.788
Only superiority 0.864 0.791 0.789

(0.6, 0.6, 0.6) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.964 0.879 0.771
Only superiority 0.964 0.879 0.771

(0.7, 0.5, 0.5) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.968 0.962 0.958
Only superiority 0.985 0.977 0.966

(0.2, 0.1, 0.1) (0.1, 0.1, 0.1) Superiority + non-inferiority 0.795 0.784 0.789
Only superiority 0.795 0.784 0.789

(0.6, 0.6, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.543 0.554 0.599
Only superiority 0.834 0.778 0.755

(0.6, 0.4, 0.4) (0.5, 0.5, 0.5) Superiority + non-inferiority 0.196 0.226 0.274
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5  Numerical Example

We present the results of applying the proposed IUT to an actual trial which con-
firm the efficacy of 4F-PCC [4]. The clinical trial is a multicentre, randomized, 
open-label, phase III trial on patients aged 18 years or older needing rapid vita-
min K antagonist reversal before an urgent surgical or invasive procedure. As 
mentioned in Sect. 1, this study includes two primary endpoints, that is, (i) the 
percentage of patients with a hemostatic effect defined as binary variable based 
on predicted blood loss, and (ii) the percentage with a decrease in the INR. The 
analyses were intended to evaluate, in a hierarchical fashion, first non-inferiority 
for both endpoints, then superiority if non-inferiority was achieved. Based on the 
result of the study (for details, see Fig. 3 in [4]), we consider the case of �̂�11 = 0.9 
and �̂�21 = 0.55 for the percentage of the hemostatic effect, and �̂�12 = 0.75 and 
�̂�22 = 0.1 for the percentage of decreasing INR. The non-inferiority margin is set 
at 0.1 for both endpoints, and sample size of each group is n1 = 87 and n2 = 81 . 
Since correlations between two variables cannot be derived from the reported 
results, we consider the case of �̂�(1)12 = �̂�(2)12 = 0, 0.2, 0.4, 0.6, 0.8 . Since only the 
statistics calculated under the sub-null hypothesis H(0)

1
 from the reported informa-

tion, Table 6 provides the value of T (0)

1
 , T (1) and T (2) with results of IUT (rejected 

or accepted) at significance level � = 0.05.
Although showing the non-inferiority for all endpoints had been the first step 

in the actual trial, even if the test had simultaneously taken into account showing 
the superiority for at least one endpoint, the same conclusion was obtained for 
any estimate of the correlation coefficient.

Table 5  (continued)

n Proportions Type of test Correlation

(�11,�12,�13) (�21,�22,�23) 0 0.4 0.8

Only superiority 0.456 0.352 0.308

Table 6  Numerical example

n1 n2 (�̂�11, �̂�12) (�̂�21, �̂�22) �̂�(i)12 Statistic Result

T
(0)

1
T
(1)

T
(2)

87 81 (0.9, 0.75) (0.55, 0.1) 0.8 132.25 6.47 9.82 Reject H(0)

0.6 136.22 6.47 9.82 Reject H(0)

0.4 142.17 6.47 9.82 Reject H(0)

0.2 149.90 6.47 9.82 Reject H(0)

0 159.30 6.47 9.82 Reject H(0)
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6  Concluding Remarks

In this article, we developed a testing procedure for studies with multiple binary 
endpoints and a latent distribution. This was performed within a framework in 
which the efficacy of a test treatment is recognized when at least one endpoint 
demonstrates superiority and the remaining endpoints demonstrate non-inferior-
ity. We derived two types of test statistics using cut-off points estimated under the 
sub null hypothesis H(0)

0
 and the sub-alternative hypothesis H(0)

1
 , and these proce-

dures were compared in a numerical experiment using a Monte Carlo simulation.
The numerical experiment clearly demonstrated that the T (0)

1
 test type was 

always more powerful than the T (0)

0
 test type. However, �-violation occurred in 

the T (0)

1
 test type when a sample size was large and the correlation coefficient was 

zero in the case p = 2 . As the number of endpoints increased, we also found that 
�-violation was more likely to occur in the scenario where all differences of the 
endpoints were zero. On the other hand, �-violation did not occur when any of 
the endpoints was inferior. We believe that this will not be a fatal problem in 
practice because the framework of this study assumes that any of the endpoints 
are inferior. However, since �-violation is a serious issue in confirmatory clini-
cal trials, it is necessary to develop a method that does not cause �-violation, or 
we should choose a non-inflationary test when the number of endpoints is large. 
Since there was not a large difference in power between the T (0)

0
 and T (0)

1
 test types, 

it may be reasonable to preferentially use the T (0)

0
 test type, especially if the cor-

relation coefficients between the endpoints have not been investigated. Further-
more, this study showed a marked decrease in power as the number of differences 
in endpoints within the non-inferiority margin increased. Even if the number of 
superior endpoints was the same, power did not decrease when the number of 
endpoints was increased.

The power does not monotonically increase or decrease depending on the cor-
relation coefficient between the endpoints. When determining the sample size, it 
is difficult to know whether the power will increase if the correlation is changed 
under the fixed difference in endpoints. A further non-negligible result is that 
type I error rates tend to increase when the correlation is low and the sample 
size is large. We also found that as the number of endpoints increases, the higher 
the correlation, the more likely the type I error rate will inflate. For a less prob-
lematic sample size determination, the correlations between endpoints should 
be accurately investigated before trial planning. However, in practice, it is dif-
ficult to estimate the correlation coefficients between endpoints during trial plan-
ning. Therefore, we recommend that power be simulated assuming several cor-
relation coefficients under fixed proportions for each endpoint, and that the most 
conservative sample size among all scenarios be used in the trial. According to 
Offen et al. [18] and Sankoh et al. [19], the correlation coefficients between mul-
tiple endpoints in clinical trials are approximately equal to 0.4 and range from 
0.2 to 0.8, which may help in setting up the simulation scenarios. For example, 
if we assume that the proportions of the two responses are 0.6 for the treatment 
group and 0.5 for the control group, the power will exceed 0.8 if the correlation 
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coefficient is zero, but the power will fall below 0.8 if the correlation coefficient 
is 0.4 to 0.8. Therefore, assuming a correlation of 0.8 in this case would be a con-
servative design.

Incidentally, like the proposed testing procedure, a closed testing procedure can be 
used for multiple endpoints where the familywise error rate is kept below the nominal 
significance level. In the framework of this study, the proposed IUT was shown to be 
more powerful than the closed testing procedure regardless of the correlation coeffi-
cient between endpoints, the difference between endpoints, the number of noticeably 
different endpoints, the sample size, and whether or not the proportions are close to 
zero. Although the closed testing procedure has a significant advantage in that it does 
not require control of the type I error rate in individual tests when there are inclusion 
relationships between null hypotheses, it may be more reasonable to use the proposed 
IUT in the framework of this study, where the superiority of at least one endpoint and 
the non-inferiorities of the remaining endpoints are confirmed simultaneously.

We also demonstrated a power reduction when the non-inferiority test was 
added to the superiority test. Our simulations showed that there was only a minimal 
decrease in power when the proportions of responses to the test treatment were all 
or somewhat higher than that to the control treatment. When the proportions were 
close to zero, the power was almost the same for the superiority test alone and the 
proposed IUT. By contrast, the power was reduced when the treatment effects were 
partially within the non-inferiority margin for a small sample size. In particular, the 
power decreased remarkably with the number of differences in the primary end-
points between the two groups that fell within the non-inferiority margin. Note that 
in such a situation, large sample size is needed to detect the difference. The develop-
ment of more efficient methods with a higher power in such cases is required in the 
future.

Furthermore, the smaller the correlation coefficient, the lower the power of the 
proposed method in comparison to a procedure that tested only superiority. There-
fore, in a primary analysis using the proposed testing procedure for certain sample 
sizes, assuming differences in proportions and correlations between endpoints, if all 
endpoints are binary and have a continuous latent distribution then it is ideal in prac-
tice to confirm not only the superiority of at least one endpoint, but also the non-
inferiority of all remaining endpoints.

In the fields of economics, business, and education, a paradigm shift with meth-
ods that do not use p-values to establish statistical evidence continues to be pro-
posed (Bhatti and Kim [20]). Currently, due to drug approval regulations, it will be 
unavoidable to determine the efficacy of a drug by the p value of the confirmatory 
trial. However, in the future, we will also need to develop methods that do not rely 
on p-values in order to conclude even in the exploratory phase.

Appendix

We consider an ALRT for H
(0)

0
 . Let A be the positive definite matrix 

such that A
t
A = �̂

−1 , where �−1 is the inverse matrix of � . The statistic 
uA = (uA1,… , uAp)

t = AX is approximately distributed as a p-variate normal 
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distribution with mean A� and covariance matrix I (the identity matrix). For sim-
plicity, to represent A we use the set of eigenvectors multiplied by the square root of 
the corresponding eigenvalue, because A is not uniquely determined. Furthermore, 
according to the procedure of Nakazuru et al. (2014), B is defined as the matrix sub-
stituting the off-diagonal elements of A with their absolute values. Consider the two 
transformations such that

In these assumptions, the ALRT rejects H(0)

0
 if and only if

where u2
A
 and u2

B
 are defined by
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