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Abstract

The basic reason for the failure of many standard randomized parallel placebo-controlled
clinical trials with high placebo response rate is that the observed relative treatment
difference only provides an estimate of the apparent treatment effect since the true
treatment effect has been diminished by the presence of a substantial proportion of
placebo responders in the population. Analogous to an active control trial, the true
treatment effect cannot be measured by the relative treatment difference. An appropriate
assessment of the true treatment effect is critical for making a risk/benefit analysis and
dosage recommendation. The primary purpose of this paper is to propose a method for
adjusting the apparent treatment effect to account for the high placebo response rate
within the framework of a doubly randomized delayed start design.

Key Words: Adjusted treatment effect, combination test, consistency test, doubly
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1. Background
1.1 The Sequential Enrichment Design

The problem of a high placebo response rate in clinical trials occurs in several therapeutic
areas, but it is most often observed in trials involving subjects with psychiatric disorders.
This problem has been known for quite some time. Temple [3] had suggested an
enrichment design whereby subjects responding to placebo in a run-in period are
excluded from a second period during which placebo non-responders are re-randomized
to treatment and placebo in a parallel design. The purpose of Temple’s enrichment
design is merely to show that the treatment is effective in some subpopulation and in this
case in the subpopulation of placebo non-responders. However, one problem with this
enrichment design is that the claim of treatment effectiveness cannot be extended to the
entire intended study population. Another problem is that for a patient to be treated in
practice, the patient has to be given placebo first to verify his/her placebo response status
before the treatment can be prescribed and this would entail an ethical dilemma.

Fava et al. [2] proposed a sequential parallel design (SPD) where subjects are randomized
to a treatment group and two placebo groups in the first period. At the end of the first
period, the non-responders in one placebo group will be given treatment in the second
period, while the non-responders in the other placebo group will continue with placebo in
the second period. The subjects in the treatment group in the first period will continue on
the treatment or on placebo in the second Period. It should be noted that in the original
proposed SPD design, the randomization in Period 2 refers to the original randomization
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conducted at the beginning of the first period. The lack of a re-randomization in the
second period poses potential imbalance in key covariates between the two placebo non-
responder groups if there is a differential placebo dropout rate between the two placebo
arms at the end of the first period. Such imbalance may introduce bias and cause
difficulty in the statistical inference. Liu et al. [1] proposed a doubly randomized delayed
start (DRDS) design which was presented at the 2010 BASS Conference. This DRDS
design involves re-randomizing the subjects to treatment and placebo in the first period
and then re-randomizing the placebo non-responders identified at the end of the first
period based on some pre-specified response threshold to treatment and placebo in the
second period. The terms “delayed start” were used for the obvious application of this
design to trials involving progressive diseases. Chen et al. [4] considered a SPD design
with re-randomization in the second period which they termed a SPD-ReR design. Now,
the original SPD design has since also been revised to include re-randomization in the
second period. In this paper, a generic DRDS design as depicted in Figure 1 may refer to
a SPD ReR design or a SPD design with re-randomization if appropriate, and for
convenience, some of the terminologies and notations used in Liu et al. [1] are adopted in
this paper. The DRDS design has been accepted by the regulatory agencies as an
innovative design. But there are some conceptual and statistical issues yet need to be
resolved. To address these issues, a new methodological approach for a DRDS design
that differs from the previous methods is proposed in this paper.

Table 1 displays a summary of the data from a small completed phase II study based on a
DRDS design. The Period 1 data will be used later for illustrating the power and sample
size of the various tests as well as generating a simulated trial using a DRDS design.

FIGURE 1
A Doubly Randomized Delayed Start (DRDS) Design

TABLE1

Hypothetical Distributions of a HDRS;, Subscale Score based on an Early
Phase 2 Major Depressive Disorder Trial using a DRDS Design with

for Trials with a High Placebo Response Rate

= P Parameter Values: r; =2, 1= 0.60, y=040,r,= 1
Placebo " F (NR Only) Az Period 1
Py Oir Hyp Op 4 il
e — Lo, T 330 244 3.00 240 0.30 24
Period 2
T t )
T T * NR = Period 1 Placebo Yoy Ty1 Jp Oyp AZ [

non-responders

t t t 390 195 280 200 110 198

Randomization Period 1 Period 2

1.2 Some Key Issues Associated with the Current Methods for a DRDS Design

There are a few important conceptual and technical issues related to the problem of a
high placebo response rate in a DRDS design that need to be satisfactorily resolved
before a DRDS design can be applied to phase 3 trials to obtain the confirmatory
evidence of effectiveness required. These issues will now be discussed.

Issue 1: The customary view considers the standard RDP design as the design of choice.
But in a study population that has a substantial proportion of placebo responders, the
relative treatment difference in a RDP design is only an apparent treatment effect, since it
ignores the mitigating effect of the high placebo response rate on this difference. This
problem is also present in the first period of a DRDS design. Therefore, the apparent
treatment effect from the first period of a DRDS design would underestimate the
treatment effect. Another inherent problem in this view is that even if perchance the
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apparent treatment effect shows the treatment is superior to placebo (e.g. result of bias),
any dosage recommendation based on an apparent dose-response relationship would
likely lead to overdosing. For these two reasons, an appropriate assessment of the
treatment effect adjusting for high placebo response rate is imperative.

Issue 2: A problem that is born of the view above is present in the current proposed
methods of analysis of a DRDS design. These methods variously proposed to estimate
the apparent treatment effect of Period 1 by a combined statistic, which is defined as a
weighted combination of the apparent treatment effect of Period 1 and the enriched
treatment effect of Period 2 under some assumptions that are either unreasonable or
unnecessarily stringent. The combination test that is derived from the combined statistic
is used to test either the apparent treatment null hypothesis of Period 1, or a global null
hypothesis which is defined as the joint apparent null of Period 1 and the enriched
treatment null of Period 2. Ignoring the appropriateness of these assumptions, the
rejection of these null hypotheses by their combination tests would not have solved the
problem discussed in Issue 1 above.

Issue 3: A problem that is associated with the current method is that the weights used in
the combined statistics depend on the placebo-to-treatment allocation ratios in Period 1
and Period 2 of a DRDS design. One can easily bias the estimate of the apparent
treatment effect in favor of treatment by placing more weight on the Period 2 treatment
effect estimate in the combined statistic which can be accomplished by simply increasing
the allocation ratio in Period 1. Such bias is present even when the allocation ratio in
Period 1 is equal to 2 as is the case in most of the DRDS designs used in these earlier
papers. Such potential bias is of concern. Furthermore, such inappropriate use of the
Period 2 data and misleading interpretation of the purpose of the second period of a
DRDS design (enrichment) are unfortunate and should be corrected.

Issue 4: Assuming for the moment that a combined statistic with weights that are
independent of the allocation ratios has been defined. Then, one needs to know what this
combined statistic is estimating and how to interpret it. Is the combined statistic
estimating a treatment effect for the intended study population? Does the treatment effect
represent an appropriate assessment of the true treatment effect in the intended study
population? Does the treatment effect adjust for the presence of placebo responders in
the intended study population? Interpretability of the estimate of a combined statistic is
crucial in its acceptability as an assessment of the true treatment effect for the intended
study population. Such interpretation is lacking for the combined statistics in most of the
current available methods, except for those cases where the combined statistics are meant
to estimate the apparent treatment effect of Period 1 as discussed in Issue 2 above.

Issue 5: Assuming that a combined statistic is estimating the true treatment effect for the
intended study population as discussed in Issue 4, one problem that may arise is that it is
possible for the combined statistic to show a positive combined treatment effect, yet the
estimate of the apparent treatment effect from Period 1 may be negative. This kind of
inconsistency is not a desirable outcome, since it suggests that the treatment effect may
be substantially worse than placebo among the placebo responders. This issue is also not
addressed relative to the combined statistics in the current available methods in addition
to the other problems discussed above.

Issue 6: In all of the currently available methods, Period 2 of a DRDS design is simply
viewed as a trial independent of Period 1. However, realistically, the probability
structure underlying Period 2 in a DRDS design is conditional in nature. The sample
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cohorts in Period 2 represent placebo non-responders in Period 1 who were re-
randomized in Period 2 into treatment and placebo groups. Therefore, the distributions of
the response variables for these cohorts in Period 1 and Period 2 follow a singly truncated
bivariate normal distribution. The distributions of these cohorts in Period 2 are
conditioned on the truncation of their placebo response in Period 1 at some threshold.
Thus, the treatment effect at the end of Period 2 will be conditional in nature with some
useful properties that are not available under the unconditional probability structure.

To address the above issues, a new methodology is proposed in this paper. The
conditional probability structure underlying a DRDS design is described in Section 2. In
Section 3, the key concept of an adjusted treatment effect is defined. In Section 4, a new
combination test is derived. The concept of a consistency measure is introduced and a
consistency test is defined in Section. In Section 6, a joint test composed of the
combination and consistency tests is proposed for demonstrating that the treatment is
effective for the intended study population. In Section 7, a simulated DRDS designed
trial is presented for illustration. A summary discussion concludes the paper.

2. The DRDS Design and Its Underlying Probability Structure

In this section, a trial using the basic DRDS design is described and the probability
structure behind this design is discussed which forms the basis for the proposed
methodology.

2.1 A DRDS Design Trial

Consider a trial with a DRDS design. Let Q = Q, denote the intended study population,
and assume that there is a subpopulation of placebo responders Qy even though this
subpopulation can’t be characterized prior to the start of the trial. Let Qyg denote the
placebo non-responder subpopulation. Let T denote an experimental treatment and P the
placebo. In Period 1, N; = n; subjects are randomly assigned to T and P in a placebo-
to-treatment allocation ratio of r; > 1 with n, ;- subjects assigned to treatment T and
nyp = 1Ny ¢ subjects assigned to placebo P, where n; = n;p + n,r. Let X denote a
continuous clinical response variable of interest, X; r and X, p the response variables X
under the treatment T and the placebo P respectively in Period 1. Let Xy p~N(uy p, 02p)
& Xy 7~N (“11' afT) be normally distributed with the mean and variance (y; p, 67p) and
(117, of7) respectively. For simplicity, it will be assumed that 67, = 0, = of. Let
A= u; 7 — py p denote the relative treatment difference in Period 1. Let {x;p;,i =
1,2,..., nLP} and {X1,r, pi=12,..., nLT} denote the observed sample responses from the

placebo and treatment groups respectively. Then, ﬁlz (ﬁlT fiyp)~N <A1, ) where
,T
” _ 1 Mp ~ _ 1 ymr _ __Mmp
ll]_’p - mzi=1 xl‘P‘l’ s :ul,T - Z] =1 xlT] s al’ld R]_ 1 +T1 - m IS the fI‘aCtlon Of
placebo subjects among the ent1re sample of n,; subjects. When the variances ¢ and o3
of A, and A, from Period 1 and Period 2 are considered unknown, then one may estimate
these unknown variances by their respective pooled sample variances given by 62 =
(nir-1)Sir + (mp-1)$ip _ (a1 —1) 877 + (n2p-1)$3p
and &
(nl_T + nyp- 2) ("Z,T + nap — 2)
& 1 n - a 1 n - 2
512,T = (nar-1) 1T(X1Tz Xl,T) ,512,P = (nip-1) lp(Xun X1p) >
~ 1 = 2 A 1 = 2
§2, = s n”(XZTL Xyr)" and $2, = D n“’(XZPL X,p) . Atthe end of
Period 1, a pre -specified threshold c for the response variable X will be applied to
determine the response status of each placebo subject who completed the trial. At the end

where
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of Period 1, those placebo subjects who are identified as responders (X, p > c), and along
with the placebo dropouts will be excluded from the second period of the study. Those
placebo subjects classified as non-responders (X, p < ¢), will be re-randomized to
treatment and placebo at the start of Period 2. It will be assumed that the proportion of
placebo non-responders among the placebo dropouts in Period 1 is similar to their
population proportion. For simplicity, it is assumed here that there were no placebo

dropouts. Let 7 = C;ﬂ be the standardized response threshold relative to the placebo
1,P

response distribution in Period 1. Let n, denote the number of placebo non-responders
who completed Period 1 of the study and y = ®(7) = @ (%) denote the population
1,
proportion of placebo non-responders in Q = Q,. Then, the ratio 7 = n—zp should be a
17.1‘

consistent estimate of the parameter ®(z) in the absence of placebo dropouts, or under the
above assumption if placebo dropouts are present.

At the start of Period 2, the n, placebo non-responders from Period 1 will be re-
randomized to treatment and placebo in a placebo-treatment allocation ratio of r, = 1.
For practical reason, r, is usually set to the value 1. Then, it follows thatn,; = n,p =
Ny _ Ymap _ yman
1+7; 1+7; 1+7;
obvious reason, consider relabeling the entire placebo sample in Period 1 as follows:
{Xippi=12,. nypnpr+ Lngr +2,..,mp,m + Lny + 2,...,myp }
where the first n, ; placebo subjects {X, p;,i = 1,2,...,n, 7} are placebo non-responders
that have been re-randomized in Period 2 to treatment, and the next set of n, p placebo
subjects {X; p;,i =y + 1,157 + 2,...,m,, } are placebo non-responders that have been re-
randomized in Period 2 to placebo, while the remainder of the placebo sample
{X1pii =ny +1,ny +2,...,nyp} are the placebo subjects who were placebo responders
(or placebo dropouts if any) in Period 1. Note that under equal allocation in Period 2,
Nyp = Nyp = % = n—; = ynT“’ Assuming that the randomization in Period 1 holds,
then the placebo sample should be representative of the population Q = Q,. If the entire
untruncated placebo sample at the end of Period 1were re-randomized in Period 2 to
treatment, then the pair of response variables (Xy p, X;7)~N(f121, E127) are bivariate

‘712,13 Pr01,pO2T
Pr01p02T JZZ,T
of, 03p = 037 = 03, and where py is the correlation corr(X,p,X, ). Similarly, if the
entire placebo sample at the end of Period 1 were re-randomized in Period 2 to placebo,

2
then the pair (X, p, X;p)~N (12,0, Z12,p): H12,p = (‘Z;i) & Zi2p = (ppf::ffz,p ppil;:z'})>
assuming that of, = oy = of, 0%, = 031 = o7, and where p; is the correlation
corr(X1p, X2p). Indeed, in this case, one may even assume that of, = 0Z,,0f; = 07 and
hence 62 = g2. It should be pointed out that if the treatment is not effective, then it is
likely that p, = py, i.e., pp — pr = 0. Otherwise, if the treatment is more effective than
placebo, then one should expect that p, = pr, i.€., pp — pr = 0.

=nyrYRy,, Wwhere R, , = #lrz Now without loss in generality and for

normal with pty, 7 = (Z;IT)) and Zyp7 = < ) assuming that ofp = ofy =

2.2 Truncated Distributions of the Two Placebo Non-Responder Cohorts in Period 2

In a DRDS design, since only the placebo non-responders at the end of Period 1 are re-
randomized to placebo and treatment in Period 2, for the cohort of placebo non-
responders who were re-randomized to treatment in Period 2 denoted by (P — T), the
sample pairs {(Xyp;, Xo7:),i = 1,2,...,n,7} should follow a singly truncated bivariate
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normal distribution ((X1,P|X1‘P <), (Xpr|Xep < c)) ~ N(M12,1|x1_p< c;z1z,r|x1_p<c) where

(1)
H1,p|Xq p< C) Hip = Ovp (%)
= and

HizT|X1 p<c = <#2_T|XLP<C o ((p(‘t))
Ut — Pr02T o)

5 _ ( var(Xyp|X1p <€) cov(Xyp, Xor|X1p < C))
1211X1p<e = \cov(Xy p, Xor|X1p < €) var(Xyr|X1p <€)

@(7) @(7) @(7)
@())? (@ _ (9>
(49) | o2p + (1 = 60 o3 var (opliap < ) = (0 [1 = 725 = (22) | o2, + (1 -

pf,)) 020 » cov(Xyp, Xor|X1p <) = pr [1 -7 ZE?) - (ZZ)))Z] o1p0,r and the correlation for
cov(Xy p,Xor|X1,p<C)

Jvar(X1,p|X1}P<c)\/var(szT|X1,p<c)

var(X,p|Xyp < ), var(Xor|Xyp<c) and cov(Xyp, X, 71X1 p<.) may be estimated by their

respective sample variances and the sample covariance given by S }%I,PI Xep<e =

_ZnZT(XlPL Xl,P|X1 p<C)2 5)%2 TIXy p <c = EZnZT(Xz T,i )?Z,Tle_p<C)2 and

S(le XarlX1p<c) = LGz T(X1 P )?1 P|X1,p<c)(X2 Ti XZ,T|X1 p<c)s where Xl,mxlp <c =

1
_ZnZT(XlPllle <c) and X2T|X1p<c =

na,r

2
where var(Xyp|X,p < c) = [1 — 20 (M) ] ofp, var(Xyr|X1p <€) = (p% [1 2@

the truncated (P — T) cohort given by prx, ,<c = . In practice,

Zn”(XZT,|X1 p < ¢). The sample correlation

~ _ 2 2
is given by Prix,p<c = Sxop, Xprixip<c)/ SXl,P|X1‘p<C\/SXZ.T|X1IP<C .

Similarly, for the cohort (P — P) in Period 2, the sample pairs {(X1 pn, 741 X2,p,1), 0 =
1,2,.. .,nz_P} also follows a singly truncated bivariate normal distribution with

((Xl,Plxl,P <c), (XpplXyp < C)) ~N(#12,P|X1_p< 0’212,P|X1lp<c)' where

9(1)
_ (Mpixgp<e) Hip— G”’(qn(r)) d
Bazpixyp<c = Fopixip<c) typ = 0,0 zp(mr)) an
P d(7)

S o pce = ( var(XyplX1p <) cov(X1p, X p|X1p < C))

S cov(X1p, X p|X1p <) var(XyplX1p < )
The expressions for the elements of the above variance-covariance matrix 213 pix, ,<c are
similar to the previous expressions derived for the (P - T) cohort and will not be
repeated here.

Now, with the underlying conditional probability structure for a DRDS design as
described above, the Period 2 expected treatment effect is now given by the conditional
(truncated) mean difference

_ _ »(D)
(AZlXLP < C) = Hor xp<e T Hap Xy pac T (“z,T - “z,P) + (pPUZ.P - pTUZ.T) (%) M
which may be estimated by the observed mean difference (32|X 1p < c) =0, |X1p<c

~ ~ s _ 1 mer=ngp A _
Bop | xyp<c where Hor xypee = X, TIX1 p<c = ”ZTZi_l (X37:1X1,p < c) and Hop|xyp<c =

. anp_nZT(X2P1|X1P <¢). Thus, E(A,]X1p < c) = (8%, < C).

XZ,P|XLP<C = E
If the duration of Period 1 is relatively short, then in the above expression for E (52 [X1p <
c), the first term (i, — tpp) = (w7 — pa.p), Which is the apparent treatment effect from

Period 1; hence the increase in the expected treatment effect in Period 2 arises primarily
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from the second term (ppo,p — pro,r) % which is 0 when there is no treatment effect

and should be positive when the treatment is effective, since in that case, one expects that
(ppasp — prosr) > 0. Some of the above expressions in the conditional distributions are
well-known. See for example, Johnson and Kotz [5]. Other expressions can be directly
derived from them.

2.2 The Joint Distribution of (31, (Az1X1p < c))

Now with the above derivation of the conditional probability structure underlying the two
cohorts (P —» T) and (P — P) in Period 2, one can establish the following lemma.

Lemma: For a DRDS design, the treatment effect estimates A; and A, from Period 1 and
Period 2 follow an asymptotically normal bivariate distribution, (31, (A1X,p <

. A Hyr — Hap
~® ,212), Where =( )= @ ),
C)) (P12 Z12) iz (A2]X1p <) ((#2,T - ﬂz,P) + (PpO2p — Pr02T) %)
var(A,) cov (ﬁl, (Ay]Xyp < C))
212 = N . . ) and
cov (Al, (A2|X1_P < c)) var(A2|X1‘P < c)
2
var(A,) = UlR ,assuming that % ; = o2, = o* )
nyrR1 ’ ’
~ 1
var(A2|X1'P < c) = (var(X21T|X1,P <c)+var(Xyp|lX1p < c)) 3)

@ _ (e@)?
where var(lerlXLP < c) = (pi [1 - T% - (Z(T)) ]aip +(1- p%)) U%,T

@ _ (e@)?
vaT(Xz,P|X1,P < C) = (,01% [1 - Tg(z) - (Z(Z)) ]U12,P +(1- pg)) o3p

and («'077(31’ (32|X1,P < C)) = Cov((ﬁLT = f1p), (Ao | Xqp<c — Az p | Xl_p<c))
1
= Tp (COV(XLP yXop| X1p <€) —cov(Xyp, Xor| X1p < C)) -0 “4)

The proof of this lemma will be omitted since these expressions can be directly derived
from the parameters of the conditional distributions of the cohorts (P — P) and (P — T).

3. The Adjusted Treatment Effect

In a trial with high placebo response rate, the first problem encountered is the inability to
characterize the subpopulation of placebo responders Q. Therefore, if a traditional RDP
design is used, such as the first period of a DRDS design, then the high placebo response
rate in the intended study population Q = Q, would obviously reduce the treatment effect
because it is measured as a relative difference A;= p; + — py p between the treatment and
placebo groups, a problem that is all too familiar in an active control trial. If placebo
responders are present in substantial proportion, then this relative difference will be
smaller. This reduced treatment effect termed the apparent treatment effect is the reason
why many such trials had failed in the past. Thus, a better assessment of the treatment
effect for the intended study population is needed.

3.1 An Adjusted Treatment Effect

Under the assumption o7, = o, denote their common variance by o, and hence
2
0521 = ﬁ. Similarly, one may assume without loss in generality that in Period 2, the
1,TR1

conditional variances are equal, i.e., 0Z7x, y<c = var(Xor|X1p <€) = 0Zpix, pec =
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var(X,p|X,p < c) = o, which is also suggested by the data in the example given in
Table 1, although it was not assumed to be so in the earlier expression for 0(252| xyp<c)> and
) ,
hence here one has ¢ =—"2__ If one were to combine the treatment effect
(B21%4,p<c) na,TR2

estimate A; from Period 1 and (4,]X, < c) from Period 2 using weights defined through
their inverse variances following the method of weighted least square [6], then the least
square estimator of the treatment effect is given by

A= alAl + az (A2|X1,P < C) (5)
where the coefficients a; and «, are given in general by

ot

g — cov(B1,(B2] X1,p<0))
@ = 1= where @y = =7~ — (6)
nirR1 narRz 2cov(B4,(82] X1,p<0))
Now, since cov(Ay, (A,] X1 p < ¢)) > 0 asymptotically as noted earlier, hence under large

sample, a, in Eqn. (6) is approximately given by
2

o n1,TYR12R2
o = nl,TRl _ U% _ 1
2 o2 o2 "l,TR1+"1,TVR12R2 L (02)21( Ry )
1 % et 22)
nq,rR1 n2,TR2 71 92 a1/ Y\R12R2

where n, = ny ¥Ry, and y = ®(7) is the population proportion of placebo non-
responders which can be consistently estimated by the fraction of placebo non-responders
at the end of Period 1under the previous assumptions.

Now, in a DRDS design, for practical reasons, the following constraints on the allocation

ratios are expected 1 < r, < r;. Based on this restriction, the ratio (R s ) in the above

1282
expression for a, achieves its maximum value of 2 which is the value actually attained

under the case of equal allocations, when r; = r, = 1. Therefore, one can define
1
anda; =1 —a, @)
1+("—2)zg
a1/ v

which minimizes the weight a, placed on (Az |X 1p < c), the Period 2 treatment effect.

a, =

Definition 1: Under a DRDS design, the adjusted treatment effect is defined as the
convex combination

A= a1A1 + az(A2|X1,p < C) (8)
where the coefficients a;, and «, are as defined in Eqn. (7).

Remark 1: It is important to emphasize again that the adjusted treatment effect is
independent of the allocation ratios in the class of DRDS designs that are subject to the
constraint 1 < r, < ;. More importantly, a, represents the smallest possible weight
assigned to A, under a DRDS design subject to the above restriction and «, is actually
attained under a DRDS design with equal allocation. Also, with a, so defined, the actual
DRDS design can still assume allocation ratios other than equal allocation provided the
allocation ratios satisty the above constraints. Thus, if a given DRDS design adopts an
allocation ratio r; > 1, it will improve the precision of estimates, but the estimate of the
adjusted treatment effect as defined in Eqn. (8) remains invariant under the constraints.

Remark 2: The fact that the weights defined in Eqn. (7) for the adjusted treatment effect
as defined in Eqn. (8) are independent of the allocation ratios r; and r, as long as they
satisfy the constraints 1 < r, < r; allows one to freely choose a DRDS design with any
allocation ratios r; and r, as long as they satisfy the constraints. This flexibility will be
needed to assure the type I error control of the joint test to be discussed in Section 5.1.
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Note: The combined statistic as given in Eqn. (5) will not necessarily retain the
efficiency property of a least square estimator in light of the weights as defined in Eqn.
(7) unless it is a DRDS design with equal allocation ratios. But this may be the trade-off
that one has to consider if one wishes to be able to define an adjusted treatment effect
where the weights are independent of the allocation ratios to avoid bias favoring the
treatment. Avoiding bias seems to be more important than optimal efficiency, because an
appropriate definition of adjusted treatment effect is critical in a proper assessment of the
treatment effect for the intended population.

3.2 Interpretation of the Adjusted Treatment Effect

If one were able to characterize the subpopulation Q of placebo responders and the
subpopulation Qyy of placebo non-responders, then for the overall study population Q =
Q, in Period 1 of a DRDS design, the apparent treatment effect A, can be expressed as

Ay = aglg + aypAyg )
Then, the adjusted treatment effect given by Eqn. (8) becomes

A=aA + az(A2|X1‘P < c) = a;|aghg + ayrAyr] + az(AleLp < C)
where (A,|X,p < ¢) = Ayg assuming that the distribution of the placebo responders/non-
responders among the placebo dropouts, if any, is the same as the population distribution.
Hence, from the fact that ¢; = (1 — a;) and g = 1 — ayg, one has

A= (ag — ayag)Ag + (ayg + azap)Ayg (10)
Upon comparing Eqn. (9) and Eqn. (10), one notes that the adjusted treatment effect A as
defined in Eqn. (8) can be viewed as a weighted average of Ag and Ay as in Eqn. (9) for
A, except now the weight for Ay has been decreased by the fractional amount a,ay while
the weight for Ay has been increased by the same fractional amount @,a;. Thus, Eqn.
(10) shows that the adjusted treatment effect A can be viewed as a weighted average of
the treatment effect Ay and Ay and hence represents a treatment effect for the intended
study population Q = Q,. The fraction a,ay represents the amount of adjustment needed
to account for the presence of placebo responders Qp in Q = ; which can be seen as
follows. Now, Eqn. (10) can also be rearranged as follows:

A=Ay + ap[ag(Byg — Ag)] (11
Now the quantity [ag(Ayg — Ag)] represents the total amount of expected treatment
effect Ayg that is not observed in Qy due to the placebo response in Q. Furthermore,
because Ayg = A,, one can view [az(Ayg — Ag)] = [ag(A, — Ag)] as the equivalent
amount of treatment effect from Period 2 that has been nullified by the placebo response
in Q. Hence, in light of the weights used in the definition of adjusted treatment effect in
Eqn. (8), it follows that a,[agz (A, — Ag)] represents an appropriately weighted amount of
[ag (A, — Ag)] from Period 2 that needs to be added to the apparent treatment
effect A, from Period 1 to account for the presence of placebo responders Q.

4. The Combination Test

The adjusted treatment null hypothesis and its alternative are now defined as follows:

Hy paj: A= aiAy + a3 (8y] Xy p < €) <0 vs. Hypaj: A= a0y + a5 (8] X, p <) >0 (12)
The adjusted null hypothesis is a stronger null hypothesis than the global null hypothesis
because the parameter space defined by {(Al, (A1X,p < c)) [ A< 0& (8y]X1p <) < 0}
includes the third quadrant as illustrated in Figure 2. Let the estimate of the adjusted
treatment effect A be given by the least square estimator as defined by Eqn. (5) with
weights defined by Eqn. (7), that is, A= a;A; + a,(B,]X,p < c)
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FIGURE 2 FIGURE 3
Region of the Parameter Space for the Adjusted Treatment Null Region Defined by the General Monotonicity Condition
(BalXyp <) (BalXyp <€)

h

<'/"'(.‘(-m-ml Monotonicity Condition
A=A X p <) >0

Monotonicity Condition:

Ay — y(AglXyp < ©) o—\ >

4y . g

Adjusted Null:
by +az(Ag)Xp<c)<0

v

iy

Then, it follows that E(A) = A and var(8) = 22 = a?var(4,) + advar(B,|X,p < c) +
2a,a,c0v (31, (A1 Xy p < c)), where var(4,), var(A,|X,p < c) and cov (31, (A1 X p < C))

are given in Eqn. (2), Eqn. (3) and Eqn. (4). The combination test for testing the adjusted
B-n)

Jvar(d)

[alﬁl + az(AzleP < C)] - [a’lAl + (XZ(A2|X1’p < C)]

null hypothesis is then given by Z =

\/af(y, oy, 05)var(B,) + 2a,a,co0v (31, (A1 X p < C)) + aZ(y, 0, 0,)var ((32|X1,P < c))

4.1 The Type | Error, Power and Sample Size for the Combination Test

The type I error for the combination test is given by a = P(Z > c4| Hypaj) = P(Z, > c4)
(@181 +az(B2]X 1 p<c)))

\/var(a1£1+a2(ﬁz|xllp<c))

+ 2a,a,cov (31, (A1 X p < c)) + a2(y, 04, 0,)var ((52|X1,P < c)) The power of the
combination test at a specified alternative (A,, A,) in the first quadrant is given by
1-B8=P(Z,>cq | Hg pqj: (A1, 4;) in 1st Quadrant, pp > pr) =

where Z, =

, var (alﬁl + ay(By Xy p < c)) = a?(y, oy, 0x)var(4,)

. A AglX ,
P (Za > cy — M |Hg,aqj: (A1, A7) in 1st Quadrant, pp > py ), where 25, = 2z,
Aa ’ ’
- a1by+az(Bz1X1,p<c))—(a181+az(Az]X1 p<c .
and Z, =( 1d1+az(Bal¥er 2 (cx8ataz(dixep ))~N(0,1). From the above power function,
Aa
the sample size formula is given by:
2 2 2 R
catcig ) 2 0% 2 PBy|X1p<c 01 Thp|X1p<c
Ny = |—————— ) |af =+ &5 ———+ 2a4 —_——
ir (Q1A1+052(A2|X1,P<C) < 1R1 2 YR12 ! 2/)1'2\/1‘?_1 VYR12

Table 2provides the power and sample size for selected scenarios based on Table 1 data.
5. Consistency

The null space as depicted in Figure 2 shows that there is an area in the alternative space
that is situated inside the second quadrant. This suggests that even though the probability
may be small, the adjusted treatment null may be rejected by the combination test, but the
Period 1 treatment effect A; may be negative. From Eqn. (9), such a negative A; implies
that the treatment may perform worse than placebo in the subpopulation (. Now in the
subpopulation {)p, the placebo acts like an active control trial in a non-inferiority trial.

In a non-inferiority trial, a treatment is still considered effective if it performs no worse
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than placebo by a given non-inferiority margin § > 0. So, what should be an equivalent
non-inferiority margin for assessing the effectiveness of a treatment in the
subpopulation Qz? As a condition required for an apparent treatment effectiveness claim
to be extendable to the intended population, Tamura et al. [7] introduced a monotonicity
condition for the case under binary outcome. The condition requires that each placebo
responder is also a treatment responder. Under binary outcome, this monotonicity
condition is equivalent to requiring that the treatment be at least as effective as placebo.
Now for continuous outcome, one can see from Eqn. (9) that this condition is equivalent
to the following condition since under the earlier assumptions on the placebo dropouts if
any, ayg =y = ©(7) and Ayg= A,:
1

A= agAp + aygAyr> ¥ (83X p < ) or (B,]X1p <) < A (13)
This condition is depicted in Figure 3. It is clear that this condition is quite stringent and
in addition, superiority is also not required for a non-inferiority trial. The reason Tamura
et al [7] need a stringent condition is because they want to estimate the apparent
treatment effect. Therefore, a less stringent monotonicity condition is needed, a condition
that allows the treatment to perform no worse than placebo by a non-inferiority margin.
An obvious general monotonicity condition (see Figure 3) is to require that

(Az|X,p < ¢) < nA,, for some n > }l/ (14)

The slope n can be viewed here as the equivalent of a non-inferiority margin §. But how
should 7 be determined? This would be a challenging problem. But even the general
monotonicity condition as defined by Eqn. (14) is unnecessarily stringent because the
general monotonicity conditions as defined by Eqn. (14) places a constraint on the
expected Period 2 treatment effect (4,]X; » < c). This constraint is really not necessary
because from Eqn. (1), one has

o

(A2|X1,P < C) = (#2,7‘ - #2,13) + (PPUZ,P - PTUZ,T) (¢(T)) =A + (PP02,P - PTUZ,T) (%) (15)
From Eqn. (15), one can see that the magnitude of the expected Period 2 treatment effect
(Az|X,p < c) is determined by the magnitude of the Period 1 treatment effect A; and the

term (PPUZ,P - PT02,T) (%

should consider relaxing the condition by letting n — c. Now if one let n — oo, the line
(Az1X1p < ) = nA;— the (A,]X,p < ¢) —axis. This then naturally leads to the
consistency condition to be introduced in the next section.

), whose magnitude cannot be arbitrarily large. Therefore, one

5.1 A Measure of Consistency and A Test for Consistency

Let the consistency measure T between A; and (A,]X,p < c) be defined as T =
A;(A,]1X,p < c). Then the consistency null and alternative hypotheses are defined as:
Hoei h=0,(851X1p <) <0 vs. Hye:A=A(Ay]X1p <c)>0 (16)
The consistency null hypothesis is depicted by the shaded region in Figure 4. Now
consider the following statistic: [' = A, (4,]X,p < c¢) — cov (31, (A1 X, p < c)) Then, one
has E(T) = E (31(32|X1,P <c)—cov (31, (A1 X p < c)) ) =T. The variance of T is given
asymptotically by var(T) = [var(8,)var(B,|X,p < c)] + cov? (31, (A1X1p < c)) +
[(A2|X1,p < c)zvar(ﬁl)] + [A2var (B, X, p < )] + [4A1(A2|X1_P < ¢)cov (31, (A1 Xy p <
c))] +A2(A,|X,p < ¢)’. The consistency test is then defined by: W = %T((?) =

[31(52|x1,P<c)—m(ﬁl,(Az|x1,P<c))] —A1(Ag]Xy p<c)

J[var(ﬁl)var(ﬁz |X1_p<c)]+cov2(51,(ﬁz |X1_p<c))+[(A2 |X1,p<c)2var(31)]+[A%var(32 |X1,p<C)]+[4A1A2 cov(ﬁl,(ﬁz |X1‘p<C))]+A%A%
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— (7 (A _ 1
Where cov (Ali (A2|X1,P < C)) = E (SX1,P<C.X2,P|X1,P - SX1'p<C,X2’T|X1'p ); SX1,p<C,X2'p|X1'P al’ld
Sx, p<c.xy7ix, p &€ the sample covariance estimates for cov(fyp | x, p<cs fl2p | x, p<c) aDd
cov(fly p | x, p<cr a7 | x, p<c) TOT the two cohorts (P — P) and (P - T).

FIGURE 4 TABLE2

. i Powers for the Combination, the Consistency and the Joint Tests at ¢; = 0.025, o5 w = 160 for the
Regmn of the Parameter SPHCL‘ for the CﬂllSlSlt‘l'lC.\‘ Null Specified DRDS Design Purameter Values and the 11ypothetical Distributions of 1« HDRS,; Subscale Score

(DRDS Design Parameter Values: £, =2, r2 =1,y = 0.44, for Firsi Scenario, y = 0.42 for Second Scemurio) )

< - N _ N -
(B2]X1p < ) W Bw AL 00 P e b O Ny P Condll) PURZ Cansslll) P Come oIl
350 350 0.00 2.42 0.80 0.80 148 323 750 0.026 0.050 0.001
Qualitative Interaction:
: . e 350 310 0.40 2.42 0.80 0.20 148 323 750 0.87 075 0.74
A< 0,(82|X4p <€) >0 540 .90 0.79 078
990 0.94 0.84 0.84
//’ 0.80 0.50 0.9 332 750 077 0.60 0.59
o i 840 081 0.6 0.64
/ 1 990 087 072 071
/ 330 3.00 0.30 2.42 0.80 6:20 143 318 750 .70 0.59 0.48
840 078 0.63 0.55
990 081 0.68 0.65
Qualitative Interaction:
SRR W e 0.80 0.50 0.88 328 750 055 0.46 031
81> 0,(42|X1p<c) <0 840 0.60 0.49 0.36
990 0.67 0.5 0.45

5.2 The Type | Error, Power and Sample Size for the Consistency Test

The type I error for the consistency test assumes is maximum at (Al, (Az]Xyp < c)) =
(0,0) and cov (31, (A1 X p < c)) = 0. Therefore, the type I error for the consistency test

evaluated at its maximum is given by

L p A1 (A% p<c)-cov(Ay,(Az|X1 p<c))

> C(Z,W
J[var (A )var(Bz1X1,p <c)]+[(A2 |X1p <c)2var(51)] +[A2var(Az]X1,p<c)]

Since W, = U,U, = 7 Al@ ) @abiar<)  is not normally distributed and has a distribution
var(fy \/Vtzr(ﬁleLp<c)

with heavy tail, its critical values are somewhat larger for the same significance level a as

compared to the critical values from a normal distribution. In light of the joint test to be

proposed later, it is recommended that the significance level for the consistency test be

chosen at the one-sided 0.05 level with a critical value of 1.60 instead of the one-sided

0.025 level with a critical value of 2.18.

The Power of the Consistency Test is given by: 1 — g = P(W, > c4|Hyc) = P (I/T/a >

s T~ (Bl p<C) " ) where . — 31(32|X1'P<c)—co'\v(ﬁl,(ﬁz|X1'P<c))—A1(A2|X1'P<c)

Jvar(Wy) ac ) @~ \/m ’
var(W,) = var(A,)var(B;|X,p < c)var(W,) = var(W,) + cov? (31, (A;1X,p < c)) +
(A2|X1,p < c)zvar(ﬁl) + A%var(ﬁﬂXl‘P < C) + 4A1(A2|X1,p < c)cov (51, (32|X1,P < c)) +
A2(Dg)Xyp < c)z. Note that the power can alsobe evaluated by viewing A; and (4,|X,, <
c) as having an asymptotic bivariate normal distribution given by

2 2 P
R (ca‘W /1+p%’2+U1+U2 +p1,2)—U1U2—UZV1
1-g=P|V,>

U1+‘71

| Hag1a

(o] (o)
= 7, (x dydx
f_°° P ( ) f(ca,W 1+p3 5 +U%+U3 +p1‘2>—U1 Uz—Uzx—pq,2x(x+Uq) QD(}/) y

(X+U1)J1—P%,2
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where U; = (A,—E, i=1,2 and (Vy,V,) ~ N(12,2%,) where py, = (8) and 2%, =
( 1 pi2

Pz 1
substituting the above expressions for U;, i=1, 2 and noting that n,; = n, +yR;,, then one
can evaluate the above probability integral for the power at a given sample size n 1.
Conversely, to calculate the sample size, one can simply solve the above equation
implicitly for n, ; at a given power (1 — ). Some selected powers and sample sizes are
given in Table 2 based on the example given in Table 1.

) and p,, = corr (31, (A1 X p < c)) = Pay(A,lxsp<c) 38 derived earlier. By

6. The Joint Test

As mentioned in the preceding section, both the combination test and the joint test are
necessary for establishing the effectiveness of a treatment for the intended study
population Q = Q; in a DRDS design. A joint test (Z, > c.025, W, > coosw) is proposed
here for simultaneously testing the adjusted treatment null and the consistency null.

6.1 The Type I Error Control of the Joint Test

The control of the type I error of the joint test will be investigated in this section. It
suffices to show that the type I error of the joint test is controlled at the positive

(A;]X1p < c) —axis. Let (0, (As1X1p < c)) be a point on the positive (4,|X; p < ¢) — axis
on the boundary of the joint null. The point (0, (Az)X1p < c)) is on the boundary of the
consistency null, but is in the alternative space of the adjusted null. Hence, the type I
error for the joint test is given by

az(8z)X1,p<c) >

a=P|Z,>c,— W, > cow

Jafvar(ﬁl)ﬂz%var(ﬁz|X1_p<c)+2a1azcov(31,(32|X1_p<c))
In light of the Eqn. (15), one has (A2|X1‘p < c) = A+ (pPJZ’P - pTale) (%). Therefore, at

the boundary point (0, (851X p < c)), since A;= 0, one has (4,]X,p < ¢) = (p,02p —
»(1)

pTale) (m) Since Z, and W, are asymptotically independent, one has

\/T,T(Pp—p'r)(%)
[ e (hens-e2-() o)) (oo 15222

Table 3a and Table 3b provide the type I error rates for the joint test at the boundary
points on the positive (4,]Xyp < c) — axis derived from selected values of the

1T _ 02T
oip  ozp
r, = 1. As Table 3a & Table 3b illustrate, under a given scenario, the greatest type I error
inflation occurs under equal allocation ratios and the type I error starts to decrease as the
allocation ratio r; increases while holding r, = 1. The reason why the type I error starts
to decrease as the allocation ratio r; increases is because for a fixed total sample size N,
the sample size n, ; allocated to treatment decreases as r; increases. This results in a net
decrease in the second term inside the power expression of the combination test on the
right side of the above inequality and a corresponding reduction in the power of the
combination test. This fact holds true across all scenarios. Therefore, from Table 3a &
Table 3b, it suggests that the type I error rate of the joint test is controlled at the one-
sided 0.025 level under most reasonable scenarios where the correlations are not too

a<P|Z,>c,- x 0.05

parameters pp, pr, 01 = 0y p, K = and t with the allocation ratios r; = 1,2,3 and
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extreme and the ratio k = g, /0, p does not deviate too far from 1, while holding the
allocation ratios fixed at r, = 2 and r, = 1. If in a given application, it appears that it may
fall into a neighborhood of some scenarios where the type I error of the joint test may be
inflated, one can then consider increasing the allocation ratio r; from 2 to a higher level
so that the type I error will be under control. This is an interesting and unexpected useful
property which is a byproduct of the fact that the weights in the adjusted treatment effect
are independent of the allocation ratios so a DRDS design has the flexibility in the choice
of the allocation ratios r; and r, as long as they satisfy the constraints 1 < r, < r;. Also
note that the allocation ratio of , = 1 is unlikely to be adopted in practice, so the increase
in r; should only be evaluated relative to those scenarios where the type I error appears
to be inflated under a DRDS design with an allocation ratior;, =2 =1, > 1.

TABLE 3a TasLEh

‘Type I Error Rate for Joint Test at a Boundary Point on the Positive (A, p<c)-Axis
for Selected Parameter Values of py, py, 6, and 7

Type I Error Rate for Joint Test at a Boundary Point on the Positive (AX p<c)-Axis
for Selected Parameter Values of py, pp, 6, and t

(DRDS Design Parameter Values: r, = 1, 2, 3, N = 990) (DRDS Design Parameter Values: r, = 1,2, 3, N, = 990)
(A, D)= (04, + " (8fX 1 p < €) A [X < €)) (8, 1= (00" + " (X p <€) Ayl p < €))
B(Z,> Cins- @aBlXyp < e)std( B & W, > € sy [0 A Xy p <€) P(2,> Cnans - Ga(BafXyp < ¥std(A) & Wy > s 10, Mgl p < )
P Pr o1 kK T y=®1n VD) MNip<c Type I Error Rate Pe Pr & ok T y=01 HBE) MK pec Type I Error Rate
090 0.10 240 05 10 0.60 0274 1215 248 0.0072 090 010 120 05 Lo 060 0274 1215 129 00398
030 0382 0998 2.04 0.0086 030 0382 0998 L 0.0341
000 0500 0798 1.63 0.0091 0.00 0500 0798 0.81 0.0359
030 0618 0618 126 0.0083 030 0618 0618 0.63 0.0321
060 0726 0.459 094 0.0067 060 0726 0459 0.47 0.0251
20 060 0274 1215 248 0.0058 20 060 0274 1215 1.24 0.0236
030 0382 0998 204 0.0068 030 0382 0.998 102 0.0285
0.00 0500 0798 163 0.0072 000 0500 0798 0.81 0.0296
030 0618 0618 126 0.0067 030 0618 0618 0.63 0.0269
060 0726 0.459 094 0.0055 0.60  0.726 0.459 0.47 0.0210
30 060 0274 1215 248 0.0048 3.0 060 0274 1215 124 0.0186
030 0382 099 204 0.0056 430 0382 03 L0 0229
000 0500 0798 163 0.0059 000 0300 0798 0.81 0.0241
030 0618 0618 126 0.0056 030 0618 0618 0.63 0.0219
060 0736 0.459 0.94 0.0047 0.60 0726 0459 0.47 00170

Figure 5 illustrates the rejection region for the joint test. The power of the joint test
(Zy > o025 W, > coosw) is displayed in the last column of TABLE 2. As expected, the
power will be relatively low.

7. A Simulated Trial with a DRDS Design

A major depressive disorder trial using the HRDS,; subscale score data from Period 1 of
Table 1is simulated using a DRDS design withr, =2, 7 = 0.58,y = 0.42,r, =1, and

N; = 750. For simplicity, it is assumed that the placebo dropout rate is 0 and a correlation
between A; and A, of p,, = 0. This sample size provides 69% power for the combination
test, 59% for the consistency test and 48% for the joint test. Thus, the trial is somewhat
underpowered for the tests. A summary of the DRDS design and the simulated trial
outcome statistics are given in Table 4.

The estimate of an adjusted treatment effect of 0.49 given by the combined statistic A is
obtained as a result of adjusting the apparent treatment effect A;= 0.29 of Period 1for the
presence of placebo responders by increasing the weight ay placed on Ay from 0.42 to
the weight 0.53 by an amount a,a; = 0.11. This simulated trial shows that the apparent
treatment effect A; for Period 1 is estimated to be A;= 0.29, and the adjusted treatment
effect A is estimated to be A= 0.49 with a 95% CI of (0.17, 0.81). The consistency test W, =
U, x U, = 1.55 X 4.34 = 6.72 with a p-value of 0.015 and 95% CI of (4.54, 8.90) shows
that the estimates A,= 0.29 and A,= 1.35 are consistent. Therefore, the evidence supports
the adjusted treatment effect of A= 0.49 as an appropriate assessment of the true treatment
effect for the intended study population Q = ;.
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FIGURE 5 TABLE 4
Summary Statistics from a Simulated Trial with the Specified DRDS Design Parameter
Rejection Region in the Alternative Space Values and the Hypothetical Distributions of a IIDRS,; Subscale Score given in Table 1
(r,=2,R,=2/3,7=058,y=0.42,1,=1,R,= 1)
(BlXqp <€) 1 (g =196, ey = 160, N1 =750 with 70%, 59%, 48% Power forZ, , W, , Z, ,W,))
X 1965+ \ h (pr=3.30, 017 =2.44, pyp = 3.00, 6,p = 2.40)
thy + ay(BoXyp < ©) 65
Period 1 Period 2 Test Statistics
Qualitative Interaction: nro fur B nyr 1< Gypixyp<c | Combined Statistic & 0.49

) 250 328 248 105 2.89 242 var(8) 0.026

84<0,(8;)X1p<€)>0
1<0,(&X,p<0) 95%CL (017,081

np  p O1p np W2 pixy p<C 02.P|x p<C

k 500 299 235 105 154 207 Combination Test Z, 3.04
\ \ p-value 0.0012
\\< Ry BalXep < ) > 16065 6 By sedy) var(By By, pec se(Bag,pe0) var(Byyx, p<c) Consistency Measure
Adiusted Null oy 020 018 004 135 0.4 0.19 Bibypec 039
(B |X , T \ Consistency Test W, 6.72
- L / Qualitnti\'e Interaction: w @ 1 0 7, [ pralne 0018
81> 0,(lkyp <) <0 081 019 049 155 434 039 90%CT (454, 890)

8. Summary Discussion

A new methodology is introduced in this paper for the design and analysis of a DRDS
design for investigating the treatment effect in a study population that is expected to have
a high placebo response rate. The proposed approach includes a new concept of adjusted
treatment effect, a new combination test, a new consistency generalizing the general
monotonicity condition, and their joint test all of which are based on a conditional
probability structure underlying a DRDS design. In order to maintain type I error control
of the joint test, it is recommended that a phase 2 study be first conducted to assess the
likely scenario for the specific application at hand. Then, an appropriate choice of the
placebo-treatment allocation ratios for Period 1 and Period 2 can be made in the DRDS
design for the confirmatory trial to assure the control of the type I error of the joint test.
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