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ABSTRACT

Placebo response occurs when a patient perceives an improvement from the psychological
effect of receiving treatment rather than from the therapy itself. High placebo response
reduces drug-placebo differences and makes it challenging to demonstrate a statistically
significant benefit of an active drug over placebo. Two-way enriched design (TED) and
sequential enriched design (SED) are two designs to estimate treatment effect with the ex-
istence of placebo response. They are extensions of sequential parallel comparison design
(SPCD) and have multiple stages with enrichment strategies. This work aims to pro-
pose novel analysis methods and evaluate their performances in the framework of TED
and SED. TED is a two-stage, randomized, placebo-controlled design with enrichment in
‘placebo non-responders’ and ‘drug responders’. We first consider the placebo non-response
as a measurable binary characteristic, either present or absent in an individual. We then
discuss the placebo non-response as a characteristic that exists in every subject to a cer-
tain degree. We propose to include it in the model as a weight. In addition, we consider
placebo non-response and drug non-response as latent characteristics and introduce stochas-
tic components in the classification of the subjects in the setting of TED. SED, as the only
three-stage design, aims to exclude subjects who are ‘placebo responders’ and those who
never respond to either treatment. Considering the complexity of this design, we critically
appraise the performance of SED from different perspectives. We first test the robustness

of SED by varying values of parameters. We then calculate the actual sample size and the

vi



proportion of the target population in the sample. We also apply the first two analysis
methods to SED. We evaluate these novel methods on a wide range of simulated data sce-
narios in terms of type I error, mean squared error, and power. From the appraisals above,
SED does not benefit from the additional stage. Therefore, in terms of design, we suggest
implementing TED rather than SED when placebo response is a critical issue. In terms
of the proposed analysis methods, the approach with stochastic components performs the

best based on our evaluations, especially when the definition of response is uncertain.
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Chapter 1

Introduction



1.1 Placebo Response

In clinical trials, the randomized, double-blinded, placebo-controlled design has been con-
sidered a gold standard in the assessment of treatment effect. However, it is well recognized
that placebo response can be a critical issue and a reason for failed trials. Placebo re-
sponse occurs when a sick person perceives an improvement or experiences an improvement
in overall health from the psychological effect of receiving treatment rather than from the
treatment itself. Many factors influence the generation of placebo response. It may be due
to a person’s profound desire to get better, increased medical attention as a result of being
in an experimental study of a new treatment, or even an unconscious wish by the person
to please the physician by getting better.

Placebo response presents in different clinical trials. Some medical fields, such as psychi-
atry and neuroscience, may be more susceptible to it than others. Over the last few decades,
our understanding of the pathophysiology underlying the disease state and dysfunction of
the central nervous system (CNS) has tremendously increased; however, treatments for
many disorders only provide symptomatic relief [16]. Approximately 9% of new compounds
developed for psychiatric disorders are successfully launched to product from Phase I, with
a 50% failure rate in efficacy trials in Phase II studies [12, 25].

One challenge for antipsychotic drug development is the pronounced and variable placebo
effect observed during clinical trials [31, 32]. According to a landmark systematic review of
antidepressants trials in adults conducted by Walsh et al. in 2002 [36], the placebo response
rate averages 31%, compared to a mean drug response rate of 50%, with a 7% increase per
decade from 1981 to 2000, irrespective of the antidepressant comparator. The mean placebo
response in recently published clinical schizophrenia trials was 25%, within a range of 0-41%
[16].

Due to variable placebo responses (20-70%), nearly 50% of the recent CNS trials failed
to show statistical superiority of the active drug over placebo [9, 31]. According to a survey

conducted by the Food and Drug Administration (FDA), many placebo-controlled trials in



depression and schizophrenia over a 12-year period (1987-1999) were unable to distinguish
between the investigational drug and placebo [17]. The diminished drug-placebo differences
and the increased number of failed antipsychotic trials have increased the cost of drug
development, delayed the availability of new antipsychotic medications in the market, and
also reduced the research spending of pharmaceutical companies in psychotic disorders [1].
According to Pharmaceutical Research and Manufacturers of America (PhRMA), in 2011,
only 240 drugs for psychiatric disorders were being developed. This compares to more
than 3,000 drugs for cancer and 750 drugs for infectious diseases during the same year [3].
Investments in psychopharmacological drugs have declined by 70% in the last 10 years [24].
Leading pharmaceutical companies withdrew from research and development (R&D) in this
area in 2010, largely due to the high risk and cost involved in continuing to invest in this
space. The trend was driven largely by cost-cutting initiatives and the desire to scale back
and focus on specific aspects of neuroscience [26].

Considering the vicious impact of high placebo response to the trial success rate, physi-
cians, statisticians, and clinical researchers are working to identify the predictors of placebo
response and to develop improvements in the conduct of clinical trials to reduce its im-
pact. Doros et al. [7] provided a comprehensive summary of factors contributing to placebo
response. It may come from patients, investigators/sites, or the study design. Different
methods were proposed to control the impact of placebo response, based on the source
of it. Through well-conducted randomization and placebo lead-in phase, investigators are
trying to reduce the impact of placebo response from patients’ expectations. By using dual
assessment, centralized ratings, rater drift monitoring, placebo caused by rater bias or mea-
surement error might be well controlled. In addition, several complex designs and analysis
methods have been proposed and implemented in the past 20 years, in hopes of increasing
the chance of obtaining successful psychiatric clinical trials.

One group of analysis methods is sequential design with enrichment strategies. Enrich-

ment refers to the screening and selecting of patients based on patient characteristics in an



attempt to find a study population in which the effect of a treatment can be most readily
demonstrated [5]. Two or three stages are implemented in these designs to identify subjects
who would more likely respond to the active drug and less likely respond to placebo. In this

way, it is hoped that the actual treatment effect is separated from the placebo response.

1.2 Placebo Lead-in Design

The earliest attempt is to implement a placebo lead-in phase prior to the traditional parallel
design, as indicated in Figure 1-1. In placebo lead-in phase, all enrolled subjects are treated
with placebo. Usually, an absolute value and/or percent change in a standard scale is
pre-specified and used at the end of the placebo lead-in phase to screen out the subjects
who are more likely to be ‘placebo responders’. At the beginning of Stage I, only ‘placebo

non-responders’ are enrolled in the actual trial and undergo the randomization.

> Placebo EE—
Non-responders
Placebo R
> Drug E—
D EanEE e T T e T T T EE PR T R T e e »4 --------------------------------------------- >
Stage 0 : Stage |

Figure 1-1: Placebo lead-in design

It is expected that the measure of treatment efficacy will be more readily reflected in
the subjects who do not respond to placebo. However, through meta-analysis of several

published trials, it has been found that this design is not as effective as initially thought,



although it has been widely applied to psychiatric clinical trials [18, 35, 36]. In some
earlier meta-analyses [18, 35], antidepressant drug trials with a placebo lead-in phase were
compared with those without a placebo lead-in phase. They reached the conclusion that a
placebo lead-in phase does not reduce the placebo response rate, increase the drug-placebo
difference, or affect the drug response rate. Trivedi and Rush [35] also noted that those who
respond to the lead-in may not have the same features as those who ultimately respond to
placebo post-randomization, which might also be a reason why the placebo lead-in period
does not perform as expected. In Baer and Ivanova’s review [2], they stated the failures of
standard placebo lead-in trials might come from short durations of placebo lead-in period
or from investigator not being blinded during this period. Attempts have been made, such
as the extension of the lead-in phase or the use of double-blinding during the lead-in period,
to overcome these deficiencies. The use of an extended lead-in phase might help improving
the analysis results, as reported by Chen et al. [5] in the meta-analysis led by FDA in 2011.
It was noticed that a longer lead-in phase was related to a smaller placebo response rate.
However, the use of double-blind placebo lead-in doesn’t necessarily provide a significant
treatment difference, even though there is a slightly large drug-placebo difference in placebo

non-responders [20, 21].
1.3 Sequential Parallel Comparison Design

In order to overcome the drawback of lack of blindness in placebo lead-in design, the idea
of sequential parallel comparison design (SPCD) was first proposed in 2003 [9]. It shares
some features with the place lead-in design, intending to screen out ‘placebo responders’ in
the first stage. Figure 1-2 illustrates the general scheme of SPCD. It includes two stages
of equal length. Subjects are randomly assigned to the active drug or placebo at the
beginning of Stage I, just as in a traditional parallel design. At the end of Stage I, subjects
in the placebo group are classified into ‘placebo responders’ and ‘placebo non-responders’

according to their responses based on the pre-specified criteria. At the end of Stage I,



subjects who do not respond to placebo are re-randomized and participate in Stage II.
Subjects who responded to placebo and who are assigned to the active drug in Stage 1
usually continue with their original treatment, to keep the trial blinded, but their data are
not included in the final analysis of treatment effect. Data from all subjects in Stage I and
from ‘placebo non-responders’ in Stage II will be used for drug efficacy. SPCD attempts
to reduce the effect of placebo response, and at the same time, reduce the required sample
size. Unlike conventional randomized placebo-controlled clinical trials, SPCD assigns more
subjects to placebo at Stage I, to ensure sufficient subjects entering Stage II [8]. Subject
allocation to the active drug group and placebo group in Stage I is determined before the
trial, and the sample size for the two groups depends on the expected placebo response.
Statistical tests for SPCD with binary outcomes include the likelihood ratio test, Wald test,
score test, and linear combination test [9, 11, 13, 34]. For continuous outcomes, a seemingly
unrelated regression, ordinary least square estimation, a repeated measures model, and a
weighted repeated measures model have been developed, to test and estimate the treatment
effect [4, 8, 29, 33].

Two approaches of subject allocation have been proposed. The first one was suggested
by Fava et al. [9], which arranges subjects into three groups: subjects in Group 1 take
placebo for two stages; subjects in Group 2 take placebo in Stage I and switch to the
active drug in Stage II; and subjects in Group 3 take the active drug for two stages. The
second approach was mentioned in Fava et al. [9] and emphasized in Chen et al. [4]
which includes randomization at the beginning of Stage I and re-randomization at the
beginning of Stage II. The second approach is easy to implement. It facilitates the statistical
analysis on continuous endpoints since the re-randomization ensures independence between

test statistics in Stage I and Stage IT [37].
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Figure 1-2: Sequential parallel comparison design

1.4 Two-way Enriched Design

The third design called two-way enriched design (TED) [14] was proposed almost 10 years
after SPCD was first introduced, as shown in Figure 1-3. TED is an extension of the ba-
sic SPCD. Similar to SPCD, TED also consists of two stages. Subjects are randomized
to placebo or the active drug at the beginning of Stage I. At the end of Stage I, subjects
are classified as ‘placebo responders’, ‘placebo non-responders’, ‘drug responders’, or ‘drug
non-responders’ based on pre-determined criteria. ‘Placebo non-responders’ and ‘drug re-
sponders’ are re-randomized to placebo or the active drug in Stage II. The subjects who
are classified as ‘drug responders’ are examined to see whether the maintenance of response
is different between those subjects who switched to placebo versus those remained on the
active drug. TED combines the advantages of placebo lead-in and randomized withdrawal.
Different from SPCD, in addition to ‘placebo non-responders’, ‘drug responders’ are also

included in the analysis of treatment effect, as it is believed that the real treatment effect



should be reflected more obviously in these two subgroups. ‘Placebo responders’ and ‘drug
non-responders’ will stay in the study in the second stage with their original treatment
assignment, but their data are not included in the final analysis of the treatment effect.
Because a portion of the subjects in both the placebo and the active drug groups are to
be enrolled into the second stage, a 1:1 randomization scheme is usually applied at the
beginning of Stage I, if there is no prior information [14]. Score tests with one, two, and

three degrees of freedom were introduced for binary outcomes [14].

Placebo

Non-responders

/L=
\

> Placebo
.g - Placebo
5 R Responders
o Non-responders
é’, /—> Drug
> Drug
\ Placebo
Responders
Drug
D EREEEEEEEEEEEE LR LR PR PR LR LR EREEEEEEEEE s >4 --------------------------------------------- >
Stage | : Stage Il

Figure 1-3: Two-way enriched design

There are two approaches to implement TED. The first is to randomize subjects to
one of four sequences: placebo-placebo, placebo-drug, drug-placebo, and drug-drug at the
beginning of Stage I. The second is to randomize subjects to the active drug or placebo
at the beginning of Stage I, and then re-randomize ‘placebo non-responders’ and ‘drug

responders’ to the active drug or placebo at the beginning of Stage II. It has been shown



that if the randomization is performed with independent Bernoulli random variables, these

two approaches are equivalent [14].
1.5 Sequential Enriched Design

Sequential enriched design (SED) was proposed by Chen et al. in 2014 [5], as an extension
of SPCD (illustrated in Figure 1-4). However, different from SPCD and TED, this design
has three stages. All subjects are treated with placebo in the first stage (Stage 0 - placebo
lead-in stage). At the beginning of the second stage (Stage I), ‘placebo non-responders’
are selected and randomized to placebo or the active drug; while ‘placebo responders’ will
switch to the active drug for the following stages. At the beginning of the third stage (Stage
IT), ‘drug responders’ are further selected and re-randomized to placebo or the active drug;

while ‘drug non-responders’ will go on with the active drug to the end of the trial.

Responders

/ —— | Exit the study
Placebo —>\ > Placebo > Drug
=)

Non-responders Non-responders

/—> Drug

> Drug >
\ Placebo

Responders

Stage 0 5 Stage | Stage Il

Figure 1-4: Sequential enriched design

The name SED suggests the enrichment is sequential. It first eliminates ‘placebo re-

sponders’ and then ‘drug non-responders’ within ‘placebo non-responders’. The subjects
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who reach the end of the trial should be those who respond to the active drug but do not
respond to placebo. Therefore, the stated ultimate goal of SED is to identify the target
population, ‘drug responders’ who do not respond to placebo, through the enrichment pro-
cess by combining the idea of placebo lead-in design, SPCD, and TED. The primary feature
of SED is to separate not only patients with high placebo response but also patients who do
not respond to the drug from other patients in the study and the analysis, to eliminate the
influence of ‘placebo responders’ within the ‘drug responders’ to the purported treatment

efficacy [5]. A two-sample t-test was used for analysis and comparison with other designs

[5].
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Chapter 2

Placebo Response as a Binary or Continuous

Characteristic in Two-way Enriched Design
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2.1 Background and Motivation

In this chapter, we propose a new approach using a repeated measures model for binary
outcomes and two types of repeated measures models for continuous outcomes.

TED has two stages with equal duration. At the end of the first stage, ‘placebo non-
responders’ and ‘drug responders’ are selected and re-randomized to enter the second stage.
‘Placebo responders’ and ‘drug non-responders’ remain in the study to maintain blinding.
In this design, all the data from the first stage are used for the analysis of the treatment
effect. However, only data from ‘placebo non-responders’ and ‘drug responders’ in Stage
II are used in this analysis. The rationale for doing so is that it is unlikely to observe a
treatment effect in Stage 11 for ‘placebo responders’ or ‘drug non-responders’. The treatment
effect is defined as a weighted average of the outcome difference between the active drug
group and the placebo group from three sources: all subjects in the first stage, and ‘placebo
non-responders’ and ‘drug responders’ in the second stage. If we assume §; as the outcome
difference between the two treatment groups in Stage I in the whole population, and dpyr
and dpr as the outcome difference between the two treatment groups in ‘placebo non-

responders’ and ‘drug responders’ in Stage II; then the treatment effect is defined as:

A, =0y = w167 + w2dpNRr +w3dpRr; w1+ w2 +wz =1

Ivanova et al.[14] proposed a score test with one degree of freedom for the overall treat-
ment effect. They supposed the number of ‘placebo non-responders’ and ‘drug responders’
at the end of Stage I follows a binomial distribution. To facilitate the description of the
analysis approach, they used the following notations:
p1: P(Drug response in Stage I);
q1: P(Placebo response in Stage I);
p2: P(Drug response in Stage II | Placebo non-responder in Stage I);

(

g2: P(Placebo response in Stage II | Placebo non-responder in Stage I);
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ps: P(Drug response in Stage I | Drug responder in Stage I);

g3: P(Placebo response in Stage II | Drug responder in Stage I);

s1: The probability that a Stage I placebo non-responder continues to the second stage;
s9: The probability that a Stage I drug responder continues to the second stage.

Supposing the total sample size to be n with ni, ne, nsg, and n4 subjects assigned to
the placebo-placebo group, placebo-drug group, drug-placebo group, and drug-drug group,
respectively. Ivanova et al. provided Table 2.1 to illustrate the distribution of the subjects
in the TED.

The null hypothesis of interest is Hy : 6, = 0, which indicates no treatment effect
either in the first stage or in the second stage. Under the null hypothesis, by setting §,, = 0,
Ivanova et al. [14] derived the equations for q1, g2, 3, s1, and so. They provided a score test
statistic with the observed information. The asymptotic distribution of this test statistic
under the null hypothesis is a Chi-squared distribution with one degree of freedom. The
derivation of the score test statistic can be found in Ivanova et al. [14].

It is notable that the original approach is only applicable to binary outcomes, and
therefore cannot be used in clinical trials that have continuous outcomes. However, in
many clinical trials, the outcome of interest is a continuous variable. This brings up the
need for new analysis methods for continuous outcomes. In this chapter, we propose a new
approach for binary outcomes and several approaches for continuous outcomes. We perform
broad simulations to evaluate the power of these methods and how well they control for
type I error.

This chapter consists of three parts. The first part presents the parameterizations and
models for the proposed approaches, both for binary and continuous outcomes. The second
part presents a large simulation study evaluating the performance of the proposed methods.
Finally, in the third part, we discuss the scope of each method and present some general

considerations.
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Table 2.1: Parameter setting for binary outcomes

Treatment Response
Stage I  Stage II Stage I Stage [ Count Probability
Placebo Placebo (n1) No Yes ni1 s1(1 —q1)qo
No No n19 s1(1 —q1)(1 — q2)
Yes . nis q1
No Missing nia (1 —s1)(1 —q1)
Placebo Drug (ng) No Yes N9 s1(1 = q1)p2
No No n99 s1(1 —q1)(1 — p2)
Yes . 93 qn
No Missing  n2g (1 —s1)(1—aq1)
Drug Placebo (n3) No . ny 1—p
Yes Yes n32 52P1G3
Yes No n33  s2p1(l —q3)
Yes Missing N34 (1 —s2)p1
Drug Drug (ny4) No . 41 1—pp
Yes Yes Nn42 $2P1P3
Yes No N3 82p1(1 — pg)
Yes Missing N4y (1—s2)p1

Note: p1: P(Drug response in Stage 1); ¢i: P(Placebo response in Stage I); p2: P(Drug response in Stage
II|Placebo non-responder in Stage I); g2: P(Placebo response in Stage II|Placebo non-responder in Stage
I); p3: P(Drug response in Stage II|Drug responder in Stage I); gs3:
responder in Stage I). Responses denoted ‘-’ are not included in the analysis by design, nis and ng4 are

‘placebo non-responders’, and ns4 and n44 are ‘drug responders’, who drop out and do not participate in

Stage II [14].

P(Placebo response in Stage II|Drug
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2.2 Methodology

2.2.1 Repeated measures model for binary outcomes

In this design, subjects experience two stages of treatment with equal duration. Their out-
comes are measured three times: at baseline, the end of Stage I, and the end of Stage II. It
is natural to consider the outcomes as repeated measures for a single subject. We still use
the notation from Ivanova’s manuscript. Without loss of generality, we assume s; and s
are both equal to 1. That is, all ‘placebo non-responders’ and ‘drug responders’ continue
to the second stage. This restriction can be easily removed. Logistic regression is used to
model the response probabilities in Stage I and Stage II, in ‘placebo non-responders’ and

‘drug responders’, respectively. The model can be specified as follows:

At Stage I:

Equation (1): logit(p1i) = a1 +61G1i; i=1: N

where p1; = p1 if the subject receives the active drug in Stage I and p1; = ¢ if the subject
receives placebo in Stage I. G1; is the treatment indicator for the data during Stage I. N is

the total number of subjects enrolled into the study.

At Stage II:
Equation (2)2 logit(pzi) =g+ 02G9;; 1=1:npygr
Equation (3): logit(pgi) = (3 + (53G22'; 1= (npNR + 1) : (npNR + nDR)

Equation (4): logit(pe;) = aps + 04G2i; i = (npnr+npr+ 1) : N

The first two equations relate the outcome at the end of Stage II to the outcome at
the end of Stage I and treatment allocation during the second stage for ‘placebo non-
responders’ and ‘drug responders’. (Gg; is the treatment indicator for the data during Stage

II. In Equation (2), po; = po if the ‘placebo non-responder’ receives the active drug in Stage
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II and p9; = ¢o if the ‘placebo non-responder’ receives placebo in Stage II. npyg is the
number of ‘placebo non-responders’ entering Stage II. In Equation (3), ps; = ps if the ‘drug
responder’ receives the active drug in Stage II and po; = ¢3 if the ‘drug responder’ receives
placebo in Stage II. npg is the number of ‘drug responders’ entering Stage II. In Equation
(4), Go; = 1 for ‘drug non-responders’ and Gg; = 0 for ‘placebo responders’.

In matrix form, then the logistic regression models can be written as:

Pji
L —pji

log( ):a:jié; i=1:N,j=1,2

where xj; is the covariate matrix for it" subject on the j** treatment. When j = 1, it is the
treatment in Stage I[; when j = 2, it is the treatment in Stage II. As there is a correlation
between the outcomes in the two stages within the same subject, we will use generalized
estimating equations (GEE) to estimate the treatment effects. The generalized estimating
equation for estimating the regression parameters d is an extension of the independence
estimating equation to correlated data. Given the covariance structure V;, the parameters

4 are estimated by solving

N
S(8)=> D;'Vi ' (¥; — pi(d)) = 0
i=1

where D; = %’g. Since g(pji) = :1:;-1-5, where ¢ is the link function, the partial derivatives

of the mean with respect to the regression parameters for the it" subject is given by

- o6 - T1i2 T2i2

Op; T1il 241
Dil = Pi = [9/(1’12') gl(Pzi)]
9" (p1s) g’ (p2i)
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The variance structure is chosen to improve the efficiency of the parameter estimates.
As we don’t have prior information about the covariance structure, we will assume an un-

structured covariance matrix:

1, if j=k
Corr(in,Yki) =

The Newton-Raphson algorithm is used to obtain the final estimate of the parameters.
As mentioned earlier, ‘placebo responders’ and ‘drug non-responders’ are not used for the

analysis of the treatment effect. Let w = (w1, w2, ws,0), and then the estimated treatment

effect can be specified as:

0w = wlé = w101 + wods + w3d3; w1+ wst+wz=1

which represents the weighted average treatment effect in all subjects in Stage I, and in
‘placebo non-responders’ and ‘drug responders’ in Stage II. The hypotheses to be tested
can be specified as Hy : 6, = 0  vs. Hy : 6, # 0. Let 4 be the estimated regression
parameters resulting from solving the GEE under the restricted model w'd = 0, and let

S (5) be the generalized estimating equation at b, then the test statistic can be written as:

T =50) Emww Sew) 'w 2,,5(8)

where 3, is the model-based covariance estimate and 3. is the empirical covariance esti-
mate. Then the statistic 7" will follow approximately a Wald Chi-squared test with 1 degree

of freedom under the null hypothesis.

2.2.2 Repeated measures model for continuous outcomes

In the original analytical approach, the authors suppose the outcome is a binary variable.

However, in many clinical trials, the outcome of interest is a continuous variable. The
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following methods are for the analysis of continuous outcomes.

Ivanova et al. [14] suggested that if no information is available regarding true response
rates, it is better to assign equal numbers of subjects to the active drug and placebo in
Stage I. We assume that in Stage I the subjects are randomized 1:1 to placebo or the active
drug, whereas in Stage II ‘placebo non-responders’ and ‘drug responders’ are randomized
1:1 to placebo or the active drug. ‘Placebo responders’ continue with placebo in Stage
II, and ‘drug non-responders’ go on with the active drug in Stage II. Figure 2-1 shows
a graphical representation of the effects estimated with a repeated measures model. In
Stage I, the horizontal line indicates the level of mean outcome in the whole population at
baseline. The distances between the horizontal line and the dashed lines present the changes
in outcome from baseline to the end of Stage I. In Stage II, the horizontal lines indicate
the levels of mean outcome in ‘placebo non-responders’, ‘placebo responders’, ‘drug non-
responders’ and ‘drug responders’, respectively, at the beginning of Stage II. The distances
between the horizontal lines and the dashed lines present the changes in outcome from the
end of Stage I to the end of Stage II. As we are looking at an adverse outcome, lower scores
indicate improvement.

In the figure,
do: The mean change in outcome from baseline to the end of Stage I in placebo subjects;
d1: The difference in the mean change in outcome from baseline to the end of Stage I be-
tween subjects in the active drug group and in the placebo group (treatment effect in Stage
I);
do1: The difference in the mean outcome at the end of Stage I between all placebo subjects
and ‘placebo non-responders’;
do2: The difference in the mean outcome at the end of Stage I between all placebo subjects
and ‘placebo responders’;

011: The difference in the mean outcome at the end of Stage I between all drug subjects

and ‘drug non-responders’;
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Figure 2-1: Repeated measures model parametrization

012: The difference in the mean outcome at the end of Stage I between all drug subjects
and ‘drug responders’;

d2: The mean change in outcome from the beginning to the end of Stage II in ‘placebo
non-responders’ who were randomized to placebo in Stage II;

d3: The difference in the mean change in outcome from the beginning to the end of Stage
IT between ‘placebo non-responders’ who are randomized to the active drug and who are
randomized to placebo in Stage II (treatment effect part I in Stage IT);

04: The mean change in outcome from the beginning to the end of Stage II in ‘placebo

responders’;
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05: The mean change in outcome from the beginning to the end of Stage II in ‘drug non-
responders’;

d¢: The mean change in outcome from the beginning to the end of Stage II in ‘drug respon-
ders’ who were randomized to placebo in Stage II;

07: The difference in the mean change in outcome from the beginning to the end of Stage I1
between ‘drug responders’ who are randomized to the active drug and who are randomized

to placebo in Stage II (treatment effect part II in Stage II).

In the proposed repeated measures model, we will use all available data collected at
baseline, the end of Stage I, and the end of Stage II. However, the treatment effect will
be estimated with outcomes at baseline, at the end of Stage I and outcomes from ‘placebo
non-responders’ and ‘drug responders’ at the end of Stage II. In the following, we will list
all the models that are used in this analysis approach. Linear regression will be used to

model the outcomes and the correlation between stages.

At Stage I:
Equation (1): AYy; = apr + a11Y1 + 001Gy + €145 i=1: N
where AY7; is the change in outcome from baseline to the end of Stage I. GG1; is the treatment

indicator in Stage I.

At Stage II:
Equation (2): AY%; = ag2 + a12Y2; + 93G2 + €25 i =1:npygr

Equation (3): AY2; = aps + a13Ya; + 07Go; + €35 i = (npnr+ 1) : (npNr + nDR)
Equation (4): AY9 = apgs + @14Y2; + €455 i = (npnr+npr+ 1) : (npNr + DR+ NPR)
Equation (5): AY9; = ags + a15Y2; + €55 @ = (npnr+npr+npr+1): N

The first two equations relate the change in the outcome from the end of Stage I to the

end of Stage IT (AY2;) to the outcome at the end of Stage I (Y2;) and the new treatment
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assignment (Go;) for ‘placebo non-responders’ and ‘drug responders’, respectively. The last
two equations present the relationship between the change in outcome from the end of Stage
I to the end of Stage II and the outcome at the end of Stage I for ‘placebo responders’ and
‘drug non-responders’.

It is assumed that the error terms {ey;}, {€2:}, {€3i}, {€ai}, and {e5;} are independently
and identically distributed across individuals. As subjects have outcomes recorded for both
of the stages, the outcomes in the two stages are correlated within each subject. We assume
the correlation is the same across the subjects, regardless of whether their data in the
second stage are used for the final estimate of the treatment effect. Therefore, we have the
following covariance matrices:

o o1 . .
(€14, €5i) ~ N [(0,0), 1 5 ;i i=1:N, 7=2:5
0921 05

Therefore, the contrast of interest is

0w = w101 + wod3 + w3dy; w1 +we w3z =1

which represents the weighted average treatment effect in all subjects in Stage I and in
‘placebo non-responders’ and ‘drug responders’ in Stage II. This is estimated by b = w11+
w253 + w357, with 51, 53, and 57, the model-based estimates of d1, d3, and d7, respectively.

A test for Hy : 6, = 0 is based on the test statistic

T = w1(§1+w253—|—w387
\/w%\/ar(sl)—l—w% Var(Sg ) —|—w§ Var(57)+2w1w2 Cov(sl ,53)+2w1w3 Cov(Sl ,57)+2w2w3 Cov((§3 ,37)

where the variances and covariances can be derived from the model specified ahead. It is
assumed that T will follow approximately the standard normal distribution under the null

hypothesis Hy.
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2.2.3 Weighted repeated measures model for continuous outcomes

Rybin et al. [29] proposed a weighted repeated measures model that uses all the data in
the placebo group, instead of only including ‘placebo non-responders’ in the estimation
of treatment effect. In this section, we try to apply this idea to TED. Figure 2-3 shows
a graphical representation of the effects estimated with the weighted repeated measures
model. This figure is basically the same as the one for repeated measures model, with the
only difference being that both ‘placebo responders’ and ‘placebo non-responders’ are re-
randomized at the end of Stage I in a 1:1 ratio to the active drug or placebo in Stage II. The
treatment effect in the placebo group is split into two parts, that in ‘placebo non-responders’
(031) and that in ‘placebo responders’ (d32).

In Doros’ repeated measures model, placebo non-response is defined as a binary sta-
tus, which is determined through the mean change in outcome from baseline to the end
of Stage 1. However, it is subjective to classify subjects as ‘placebo non-responders’ using
only a single value. It also may lead to a high misclassification rate with only two groups,
‘placebo responders’ and ‘placebo non-responders’. In order to solve this problem, Rybin
et al. [29] described the placebo non-response as a subject characteristic with a zero-to-one
scale. That is, if the subject is more like a ‘placebo non-responder’, the subject will get a
value closer to one; if the subject tends to be a ‘placebo responder’, the value will be closer
to zero. This scale is used in the repeated measures model as a weight. Therefore, subjects
more like ‘placebo non-responders’ will have larger weights in the model to estimate the
treatment effect. These weights are specific to assessing placebo response only; we do not
apply a similar characteristic to the subjects in the active drug group, because it is impos-
sible to observe placebo response in the subjects initially assigned to the active drug group.

The full model can be specified as the following four components:

At Stage I:

Equation (1) AYq; = ag1 + a1 Yy + 091Gy + €1;;, 1t=1:N
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Figure 2-2: Weighted repeated measures model parametrization

At Stage II:
Equation (2): AYs; = agy + a12Y2; + 035G + €25 i =1:np
Equation (3): AYs; = ap3 + a13Ya; + 07Goi + €35 i = (np+1): (np +npgr)

Equation (4): AYs9; = apg + 14Y2; + €45 i=(np+npr+1): N

The first equation relates the change in the outcome from baseline to the end of Stage 1
(AY1;) to the outcome at baseline (Y7;) and the treatment assignment during Stage I (G1;).
The second equation and the third equation relate the change in the outcome from the end

of Stage I to the end of Stage II (AY3;) to the outcome at the end of Stage I (Y2;) and the
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new treatment assignment (Gg;) for the placebo group and ‘drug responders’ in Stage II.
Finally, the last equation relates the change in the outcome from the end of Stage I to the
end of Stage IT (AY2;) to the outcome at the end of Stage I (Y2;) for ‘drug non-responders’
in Stage II.

Next, we specify the covariance matrix for this model. As the outcome is normally
distributed, the errors € in the model are also normally distributed with mean E(e) = 0

2

and variance Var(e) = 0?3, where 02 is unknown, and X is defined as follows, reflecting

the correlation between Stage I and Stage II (p12).

— [ 1 1 _
Eizvil/Z P12 vi1/2; i=1:np
P12 1|
F 1 -
Y= P12 t=np: N
1p12 1]

The weights are set to 1 for all subjects in Stage 1. In Stage II, all subjects in the active
drug group in Stage I are assigned to a weight of 1, but subjects in the placebo group in
Stage I are assigned weights based on their non-response to placebo. Therefore, v; takes

the following form:
vV = [1 O] t=1:np
0 wv;

In matrix form, the model can be written as AY; = X;0 + €;, where AYj; is a vector
of outcomes and X is the covariate matrix for individual i. The generalized least squares
estimate for the vector of coefficients is § = {3 | X; %, 71X} SN X3, 7'AY;. With
¥; known, the variance of the estimate is Var(d) = o2{3.N | X, 3,71 X;} L.

Therefore, the contrast of interest can be specified as:

0y = w101 + w203 +w3d7; w1 +wr+ws=1

It is estimated by 5w = w151 —|—w253 —|—w357, with 81, 33, and 87, the model-based estimates
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of 41, 03, and §7, respectively. A test for Hy : 6, = 0 is based on the test statistic

T = w151+w253—|—w357
\/w%Var(Sl)—l—wgVar(Sg)—i—wgVar((§7)—|—2w1w2 Cov(1,83)+2w1 w3Cov(81,07)+2wawz Cov(d3,67)

where the treatment effects, variances, and covariances are estimated from the model spec-
ified subsequently. It is assumed that T follows approximately the standard normal distri-
bution under the null hypothesis.

In order to get the zero-to-one scale of placebo non-response, many options are available.
Propensity score is one of the options [28]. A logistic regression is constructed with baseline
characteristics, and the outcomes at both baseline and at the end of Stage I. The probability

of being a ‘placebo non-responder’ is estimated through the model:

logit(pr,=0) = @+ BoY1i + 51 Xy; i=1:m

where Y7; is the outcome at baseline for subject i, X; is another baseline characteristic,
R; is a response indicator with a value of 0 or 1 (for ‘placebo non-responder’ or ‘placebo
responder’; respectively), and np is the number of subjects in the placebo group at Stage I.
However, this approach can only yield a pseudo weight, as binary placebo response status
is still needed to construct the model. In the next section, another method is introduced,
which provides a more flexible and realistic method of analysis.

K-means clustering is another option. It is obvious that ‘placebo non-responders’ will
have some characteristics in common. This similarity in some dimensions allows for the
possibility of grouping them together. Rybin et al. [29] proposed K-means clustering to
determine how to classify subjects as ‘placebo responders’ and ‘placebo non-responders’.
Suppose that we collect n baseline characteristics of subjects and that each subject can be
located with a point in the R™ space. The relative distance between the subjects helps us
to group them together. In our case, we will only need two groups: one is for ‘placebo

responders’, and the other is for ‘placebo non-responders’.
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In this chapter, two variables are used for clustering: the percent change from base-
line to the end of Stage I, and the baseline value in Stage II. It is expected that ‘placebo
non-responders’ would have a low percent change from baseline in Stage I by definition of
non-response, and would have a high baseline value in Stage II due to the smaller change in
outcome in Stage I. These two items are likely correlated. Therefore, two principal compo-
nents will be constructed to preserve the relative distance based on the Euclidean distance.
The following procedures are used to determine the weights for ‘placebo responders’ and

‘placebo non-responders’:

1. K-means clustering (with K=2) is performed on the two principal components. The
centers of clusters, the variability within clusters, and the total variability are retrieved

from the analysis.

2. The center-point coordinates, adjusted for within-cluster variability, are computed as

follows:
o = m11821 + M21511
S11 + S21
o = mM12822 + M22512

S12 + S22

3. The distance d; to the center-point for subject i is computed as follows:

di = (—1)%\/(p1i — c14)? + (p2i — c2:)%; i=1:np

where C; C 1,2 is the cluster, and py; and pe; are the two principal components for

subject 1.

4. The subject-specific scores are then derived as: wy; = Pp(d;) where ®; is the cu-
mulative distribution function of the normal distribution with mean 0 and standard
deviation kx TSD (TSD is total standard deviation determined in K-means clustering

step).

In this approach, the weights are set to 1 for all subjects in Stage I. In Stage II, all subjects
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in the active drug group at Stage I are assigned to a weight of 1, but subjects in the placebo

group in Stage I are assigned weights based on the scores derived from the steps above.

2.3 Simulation Study

2.3.1 Binary outcomes

An abroad simulation was undertaken to evaluate the performance of the GEE method.
Data were generated from binomial distribution by using different pairs of parameters pq,
q1, P2, g2, p3, and gs3. Without loss of generality, both s; and se were set to 1, so all
‘placebo non-responders’ and ‘drug responders’ entered the second stage. For each scenario,
we generated 1,000,000 data sets for the evaluation of type I error and 10,000 data sets for
power comparison between the proposed method and the score test.

Type I errors are evaluated under nine different combinations of response probabilities
(Table 2.2). In the first six scenarios, the response probability in ‘placebo non-responders’
remains the same, while those in Stage I and ‘drug responders’ change from case to case. In
the last three scenarios, the response probabilities in Stage I and ‘drug responders’ remain
the same and enable the change in response probability in ‘placebo non-responders’. Type
I errors are presented under different w;. As we assume ‘placebo non-responders’ play the
same role as ‘drug responders’, we applied the same weights for ‘placebo non-responders’
and ‘drug responders’ in Stage II. That is wy = ws. For most of the scenarios, GEE has
a better performance than the score test. The type I error is well controlled under 0.05,
except in a few cases.

In the evaluation of power, we chose the same parameters as presented by Ivanova and
Tamura. In Table 2.3, nine scenarios are listed. N was provided by Ivanova et al. in their
manuscript, which is the number of subjects needed to reach the targeted power in the score
test. In comparison, we used the same sample size to get the power for the GEE method.
In scenario 1 and scenario 5, the effect size in the first stage is the same as that in the

second stage. In scenario 2 and scenario 3, the effect size is larger in the first stage and in
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Table 2.2: Type I error for testing Hy: A1 =0NA;=0NA3=0

Score  GEE GEE GEE GEE GEE
P @ p2 g p3s q3 Test wi=0.5 w;=06 w;=0.7 wi;=0.8 w;=0.9

04 04 04 04 09 09 0.053 0.045 0.047 0.050 0.050 0.049
05 05 04 04 09 09 0.049 0.048 0.047 0.049 0.051 0.047
03 03 04 04 09 09 0.063 0.046 0.048 0.047 0.048 0.047
04 04 04 04 07 0.7 0.048 0.048 0.052 0.050 0.053 0.053
05 05 04 04 07 07 0.048 0.048 0.049 0.054 0.049 0.049
03 03 04 04 07 07 0.0562 0.050 0.052 0.050 0.049 0.051
04 04 04 04 08 08 0.061 0.048 0.051 0.052 0.050 0.048
04 04 05 05 08 08 0.050 0.049 0.049 0.053 0.046 0.050
04 04 03 03 08 0.8 0.050 0.051 0.053 0.051 0.053 0.051

‘placebo non-responders’ than in ‘drug responders’. In scenario 4 and scenario 6, the effect
size in ‘drug responders’ has been increased. In the last three scenarios, the effect size has
been set to 0 in either Stage I, or in ‘placebo non-responders’ or ‘drug responders’ in Stage
II.

Table 2.3: Power for testing Hy: A1 =0NA;=0NA3=0

Score GEE GEE GEE GEE GEE
PL @1 P2 Q2 P33 N Test wi;=0.5 w1=0.6 w=0.7 w;=0.8 w1=0.9

04 03 04 03 09 08 412 079 0.71 0.76 0.77 0.75 0.68
05 03 04 02 09 08 128 0.80 0.65 0.71 0.76 0.77 0.74
05 03 04 0.1 09 08 96 0.82  0.64 0.70 0.73 0.71 0.65
04 03 04 03 09 07 312 080 081 0.82 0.80 0.73 0.61
05 03 04 02 09 07 104 081 0.70 0.74 0.75 0.73 0.66
05 03 04 01 09 07 80 0.82  0.66 0.71 0.71 0.67 0.60
0.4 0.4 04 03 09 0.8 2612 0.79 0.96 0.91 0.74 0.43 0.14
04 03 04 03 09 09 728 080 048 0.62 0.72 0.81 0.83
04 03 0.4 04 09 08 644 080 0.72 0.80 0.84 0.85 0.83

As Table 2.3 shows, w1 = 0.7, wy = w3 = 0.15 generally performs the best among the
five different combinations of weights in the GEE method, which is consistent with what

we observed in analyses for continuous outcomes. However, it should be noted that this
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combination of weights also has a relatively large type I error across different response
probabilities. Investigators may want to strike a balance between type I error and power
when they choose the weights. Additionally, it was noted that when all of the three parts
have treatment effect, i.e., p1 # ¢1 and ps # g2 and p3 # q3, the score test has a better
performance than the GEE method. However, if there is no treatment effect in only one
of the three parts, a weight combination can always be found with the GEE method that
achieves higher power than the score test. In scenario 7, there is no treatment effect in
Stage 1. Therefore, the GEE method with larger weights in the second stage gives higher
power than the score test. In contrast, in scenario 8 and scenario 9, there is no treatment
effect in ‘placebo non-responders’ and ‘drug responders’, respectively. It is not surprising
that the GEE method with higher weights in Stage I achieves higher power than the score

test.

2.3.2 Continuous outcomes

We also did a broad simulation to assess the performance of three analysis methods for
continuous outcomes in the TED. Under the assumption of a normally distributed outcome,
for a full specification of the design, all the parameters in Figure 2-2 need to be specified with
variance-covariance parameters. Parameters 61, d3, and d7 denote the treatment effects in
Stage I and Stage I1. For example, these parameters are set to zero under the null hypothesis
for the evaluation of type I error. As noted in Doros et al. [8], parameters dg, do1, do2, J2,
and 04 are the characteristics of subjects who receive only placebo. These parameters can be
informed from previous trials. Parameters d2 and d4 represent the placebo response among
‘placebo non-responders’ and ‘placebo responders’, respectively. Both can be elicited from
historical data. Similarly, values for parameters 5 and dg 4+ 7 present the characteristics
of subjects who receive only the active drug; that is, the drug response among ‘drug non-
responders’ and ‘drug responders’, respectively. These parameters can also be elicited from

historical data. In this chapter, we assume these parameters for mean changes in Stage 11
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in proportion to those in Stage I if the subjects receive the same treatment.

Doros et al. [8] showed the parameters dg, do1, and dp2 in the placebo group closely
connected to the placebo non-response rate. The elicitation of the non-response rate will
determine these three parameters. A similar relationship is identified between the non-
response rate and d11 and 612 in the active drug group. Let (Y7, Y2) represent the outcome
at baseline and at the end of Stage I. We assume (Y7, Y3) jointly follow a normal distribution,

which can be specified separately for the placebo group and the active drug group as follows:

~ s 2
Ys 21 TIT2p T

)~ {(m) G, ™)
~ s 2
Yy 22 TIT2P T

Doros et al. defined ‘placebo non-responders’ as subjects for whom the outcome at the
end of Stage I is both at least half the baseline value and above a certain fixed non-response
threshold W. It is understood that the mechanism of drug response might be different from
that of placebo response. The definition and extent of ‘responder’ under placebo or the
active drug can be completely different. It is worth a discussion between physicians and
statisticians during the design phase. Instead, to simplify the situation to facilitate the
calculation and simulation, we are using the same definition to identify ‘non-responders’
in the active drug group. The subjects who do not meet one of the criteria above are

considered as ‘responders’. As an extension of the work by Doros et al [8], we have



31

N RPN R = B(Y{2Ys > Yi&Ys > U}) = / b {2y > b1, by > U fyi v (br, be)dbrdbs

[e%) 2bo
2/62 / fy1,v2(b1]b2)db1] fy, (b2)dba
A\ —00

7 203 — p1 — L p(ba — p22)
-/ b2<I>< i Fra(Ba) by =
T T1v/1 — 1%

[e.9] W B
= / (122 + p22)®(az 4+ b) f(2)dz = RE [ZCI)(aZ +0b) {Z > 7_'1122}] + H22DDNR
Y—po2 ?
T2

\Ij_
LDNR = E[Z(I)(aZ+b){Z> “22}] + p22
PDNR T2

U —
011 = UDNR — U22 = 2 E |:Z(I)(CLZ—|—b) {Z> #22}:|
PDNR T2

poNRrO11 = (1 — ppNR)O12

where upnpg is the mean outcome in ‘drug non-responders’, and ppyg is the probability
of being a ‘drug non-responder’. Under the alternative hypothesis, p9s is known as p21-91.
And pupnyp can be simulated from data if ‘non-responder’ is defined as 2Ys > Y1&Ys > W.
Therefore, we can easily derive 411 and d19.

With all these parameters and variance-covariance parameters specified, outcomes at
baseline, the end of Stage I, and the end of Stage II will be simulated from a multivariate
normal distribution. Once data generated, the ‘non-responder’ status will be determined
based on the observed data and the prespecified criteria. In our simulation study, we assume
the same covariance matrix for the two treatment groups; however, the proposed framework
can be easily extended to accommodate different covariance structures. The generated data
will be used in both the repeated measures model and the weighted repeated measures
model.

In the simulation study, the following parameters were set to be the same as in Doros’
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manuscript [8]: the mean and standard deviation of the outcome at baseline were set to 31
and 5, respectively. Standard deviation from baseline to the end of Stage I and to the end
of Stage II was set to 7. The correlation between baseline and the changes in both Stage
I and Stage II was set to 0.1. Non-response was defined as both change from baseline to
the end of Stage I not in excess of half of the baseline outcome value and an outcome value
at the end of Stage I greater than 16. The non-response rate was set to 0.75. We assumed
mean changes in Stage II to be 75% of the corresponding changes in Stage I for subjects
who stay on the same treatment.

We considered the following sample sizes: 100, 120, 160, 200, and 400 subjects with 1:1
randomization at baseline. As we would have four groups: placebo-placebo, placebo-drug,
drug-drug, and drug-placebo, each group had 25, 30, 40, 50, and 100 subjects. Correlations
between the change in outcome during Stage I and the change in the outcome during Stage
II were assumed to be the same for all treatment arms and equal to -0.5, -0.4, -0.3, -0.2,
-0.1, 0, 0.1, 0.2, 0.3, 0.4, and 0.5. The values of d1, d3, and d7 were set to 0 when assessing
the type I error. When evaluating the power and mean square error (MSE), §1, d3, and §7
were chosen to be 0.3 standard deviation of change from the baseline.

Under these settings, the parameters &g, do1, and dp2 were calculated by using Monte
Carlo methods and the formulas developed by Doros et al.[8]. Similarly, the parameters 611
and d12 were calculated by using the formulas developed above. Data for baseline, change
from baseline to the end of Stage I, and the change from the end of Stage I to the end
of Stage II were generated for ‘placebo non-responders’; ‘placebo responders’, ‘drug non-
responders’, and ‘drug responders’ from multivariate normal distributions using the mean
vector and covariance matrix mentioned above. For each scenario, we generated 10,000 data
sets for the evaluation and comparison of the proposed methods. We set the weights for
the three parts of the effect size as w; = 0.7, wy = 0.15, and w3 = 0.15, to align with other
analyses of the TED (Chen et al.[5]).

In addition, we also compared the proposed repeated measures model and weighted
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repeated measures model with the approach proposed by Chen et al.[4]. Three analysis of
covariance (ANCOVA) models were constructed by applying Chen’s method to TED. The
first ANCOVA model uses all the data from Stage I to estimate §; as the difference in the
baseline adjusted mean outcome changes between the two treatment groups, whereas the
second and third ANCOVA model uses the data on Stage II ‘placebo non-responders’ and
‘drug responders’ to estimate 03 and J;7 as the difference in baseline (the outcome value at
the end of Stage I) adjusted mean outcome changes between the two treatment groups. It
was shown that the estimates d1, d3, and J7 are not correlated. Therefore, under the null

hypothesis, the test statistic is written as

w151 + w233 + w357

\/w%Var(Sl) + w3Var(d3) + w2Var(dy)

Tors =

Type I Error As shown in Figure 2-3, for almost all the sample sizes, the repeated
measures model has the lowest type I error. It is well controlled below or around 0.05.
This is also correct across all the correlation values. We also examined the performance
of the weighted repeated measures model. When the sample size increases, the weighted
repeated measures model, with weights from K-means clustering, performs continuously
better under the scheme of this approach, especially for large K. However, the variability of
the weighted repeated measures model with weights from propensity scores is higher than
the other settings. We also noticed that even though the performance is improved with the
increase of the sample size, the type I error for the weighted repeated measures model is
slightly inflated, no matter how the weights are estimated. However, the investigator can
always tune the calibration parameter K to get the type I error appropriately controlled
by using the weights from the K-means clustering approach. Chen’s OLS method has an
average performance between that of the repeated measures model and that of the weighted
repeated measures model.

MSE of Treatment Effect Compared with the other methods, the weighted repeated

measures model with weights from propensity scores performs very well for all the sample
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Figure 2:3: Type I error within the framework of TED

sizes and different correlation values. The K-means-weighted repeated measures models
have similar performance as the propensity score weighted repeated measures model. In
addition, the repeated measures model has a consistently small MSE across all the different
models and settings (Figure 2-4). The line for the OLS method still lies between the
proposed approaches. It is noteworthy that, as the sample size increases fourfold from 25

subjects to 100 subjects per group, the MSE reduces to one-fourth of the original value,
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Figure 2-4: MSE within the framework of TED

Power Figure 2-5 compares the power across different models. The repeated measures
model achieves the highest power. The weighted repeated measures model with weights from
propensity scores has the lowest power for all sample sizes and across different correlation
But it is notable that there is no significant difference in power between these

values.

methods. The investigators need only consider type I error and MSE when they want to
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choose from the repeated measures model and the weighted repeated measures model. Of

note, we saw no big differences between the OLS method and the proposed approaches.
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Figure 2-5: Power within the framework of TED

It is encouraging to see consistent results across the three metrics: type I error, MSE of
treatment effect, and power. The repeated measures model is the obvious first choice if not
much prior information is available about the treatment effect. It gives a robust estimate

of treatment effect, provides a well-controlled test, and achieves higher power if there is
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no difference between the two groups. If there is some expectation for the effect size, the
weighted repeated measures model is an alternative option. It uses more data from the
second stage and provides investigators with an opportunity to adjust the distribution of

the weights.

2.4 Conclusions

In all sequential designs with enrichment strategies, the main target is to reduce the placebo
response in the estimate of treatment effect. SPCD tries to separate ‘placebo responders’ in
the first stage and to involve ‘placebo non-responders’ in the second stage mainly. The TED
takes one more step to also rule out ‘drug non-responders’ in the first stage on the basis
that the treatment effect is very small or not detectable in ‘placebo responders’ and ‘drug
non-responders’. However, many considerations should be taken when applying the TED
in practice. As Ivanova et al. note, TED requires that the active drug has a significantly
superior performance compared with placebo in achieving short-term efficacy. The trial
might lose a large portion of subjects if the treatment duration is long, as half of the ‘drug
responders’ will be assigned to placebo. All efforts should be taken to minimize the duration
of the two stages in order to limit the dropout of subjects. When TED was first proposed, it
was only available for trials with binary outcomes. However, analysis methods were needed
to address continuous outcomes in psychiatry research. In this chapter, we proposed a
new method for assessing binary outcomes and several new models for assessing continuous
outcomes in TED trials. All of these methods use all the data collected in the trial to
estimate the treatment effect.

The repeated measures model can be seen as an alternative approach to the available
score tests when the outcome is binary. When there is no difference in treatment effect in
only one of the three components, it has been shown that the repeated measures model
obtains a higher power to detect the overall treatment effect. At the stage of trial design, if

the investigators believe there is no treatment effect in Stage I, more weights can then be put
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on the data collected in the second stage; otherwise, investigators can locate more weights
at Stage I. Investigators can adjust the weights to achieve the optimal power based on the
scenario in practice. This approach provides investigators with more flexibility during the
trial design phase. However, it also requires the investigators to have a good estimation
of the effect size in the whole population, including the ‘placebo non-responders’ and the
‘drug responders’. It will be a challenge for the investigators to determine the appropriate
weights for the first-stage data and for ‘placebo non-responders’ and ‘drug responders’ in
the second stage. Investigators can choose the weights based on prior data from existing
trials, or they can follow the suggested weights (w; = 0.7, wy = w3 = 0.15) in this chapter.
Although it is not the scope of this chapter to discuss the selection of weights, it is worth
further exploration.

For TED trials with continuous outcomes, the repeated measures model and the weighted
repeated measures model may be used for the analysis of the overall treatment effect. Both
methods treat the outcomes from the two stages as repeated measures and take the cor-
relations within each individual into account when estimating the overall treatment effect.
The only difference between these two models is in the description of the placebo response.
The repeated measures model uses a binary placebo response status with an absolute cut-
off in the outcome and a percent change from baseline outcome. The weighted repeated
measures model describes placebo non-response as a pre-specified characteristic, to some
degree, in every subject. This measure of placebo non-response was proposed to be used
as a weight in the analysis in the second stage in the weighted repeated measures model.
From our observation of the imputation studies, if the investigators have prior information
about the relationship between placebo response and subject characteristics, the weighted
repeated measures model will be a good choice, as it uses more measurements to evaluate
a subject’s probability of being a ‘placebo non-responder’. If there is no prior information,

the investigators can still use the repeated measures model to analyze the trial data.
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Chapter 3

Treatment Response as Latent Binary

Characteristics in Two-way Enriched Design
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3.1 Background and Motivation

As mentioned in the previous chapter, TED was initially designed to work for binary out-
comes [14]. Ivanova et al. proposed a variety of score tests with one, two, or three degrees
of freedom, depending on different possible assumptions one is willing to make about the
underlying parameters. However, in many clinical trials, the outcome of interest is a con-
tinuous variable. Liu et al. [19] extended the scope of TED to continuous outcomes. They
illustrated the feasibility by the implementation of different methods to the analysis of con-
tinuous outcomes within the TED framework. These methods include the use of an OLS
approach [4], a repeated measures model [8], and a weighted repeated measures model [29].
A major difference in these methods is how to analyze the correlation between outcomes in
Stage I and Stage II. The OLS method assumes a strong constancy of correlation between
stages, which leads to the independence of the estimates of treatment effect in Stage I and
Stage I1. However, the other two models attempt to describe the correlation between stages.

In the framework of TED, it generally assumes subjects are either ‘responders’ or ‘non-
responders’ [14, 15, 37], according to their responses at the end of Stage I based on the pre-
specified criteria. Both the OLS and the repeated measures model consider placebo response
as a binary status. However, such classification might be misleading, due to measurement
error and uncertainty of the criteria. In order to reduce the impact of misclassification
of the subjects, the weighted repeated measures model views the placebo response as a
continuous measure that is present to some degree in each subject. Placebo response is
handled as a weight instead of a dichotomous variable in the weighted repeated measures
model [19]. The weighting allows all the subjects in the placebo group in Stage I enter the
second stage and contributes to the estimate of the treatment effect in Stage II according
to their measures of placebo non-response.

However, all these current methods consider the response status as a measurable vari-
able. They all try to classify subjects into ‘responders’ or ‘non-responders’ based on a

pre-specified criterion. The classification is based on the observed outcomes at the end
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of Stage I. However, such criterion-based approaches have several limitations, as noted by
Fava et al. [9] and Rybin et al. [30]. First of all, the cutoff point is usually selected based
on clinical judgment and experience from previous studies. Subjects with outcomes around
the cutoff point can be classified into totally different subgroups even though there is a
small difference among them. Rybin et al. [30] evaluated the extent and consequences of
misclassification through a simulation study with data from a recent SPCD trial [10]. They
reported the impact of change in the criterion cutoff on the estimation of the treatment
effect in SPCD. By using the same trial data, a 10% change in cutoff from 50% to 40%
resulted in one standard error change in the SPCD treatment effect. In addition, measure-
ment error could have a high impact on criterion-based methods. It was noted by Fava et al.
[9] that the measurement error can be one of the causes of the observed placebo response.
All the previous analyses and evaluations reveal the fact that the classification of subjects
based on a single criterion may lead to great bias in the estimate of treatment effect. TED
needs a more comprehensive and robust analysis approach.

In this chapter, we propose to view the response status to the active drug or placebo
as a characteristic of each subject. Subjects are either ‘placebo responders’ or ‘placebo
non-responders’ by nature, which can only be revealed if they are in the placebo group.
Similarly, subjects are either ‘drug responders’ or ‘drug non-responders’ by nature, which
can only be revealed if they are in the active drug group. However, such characteristics
cannot be observed or measured accurately in a clinical trial. Rybin et al. [30] proposed to
consider placebo response as a latent variable in the SPCD framework. It is reflected and
estimated in the placebo group. In our work, we extend this idea to both treatment groups,
so that whether a subject responds to the active drug or placebo are both considered as
latent variables. We observe the outcome in all subjects without knowing the actual placebo
response status nor drug response status of each subject. Thus, the sample distribution of
the observed outcome can be viewed as two parts: one part as an unlabeled mixture of

the outcome in ‘placebo responders’ and ‘placebo non-responders’ in the placebo group
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and modeled as a mixture of two distributions with the placebo response probability as
the mixing probability; and the other part as an unlabeled mixture of the outcome in ‘drug
responders’ and ‘drug non-responders’ in the active drug group and modeled as a mixture of
two distributions with the drug response probability as the mixing probability. The placebo
response probability can be estimated in the placebo group in Stage I; similarly, the drug
response probability can be estimated in the drug group in Stage I.

Many methods have been proposed for estimating parameters in the mixture of normal
distribution. These approaches were summarized in a comprehensive review by Redner and
Walker [27]. Dempster et al. [6] shown the expectation-maximization (EM) algorithm is
superior to the other methods despite some limitations, including slow convergence. We
will extend Rybin’s work [30] and implement the EM algorithm to estimate the param-
eters of the mixture of normal distributions in the scheme of TED. The estimate of the
mixing probability in this manuscript is based on the likelihood of response. There is no
distributional assumption on the analysis.

Several analysis approaches have been applied to the analysis of continuous outcomes in
the TED. They include the OLS approach, the repeated measures model, and the weighted
repeated measures model. These three methods are considered as criterion-based analysis
approaches as they all use pre-specified criteria to determine subjects’ response status. We
will compare the proposed approach with these methods to evaluate the performance of
the new method. The OLS approach has a strong assumption and considers independence
between outcomes in Stage I and Stage II. It also considers the placebo response as a
binary status. The repeated measures model relaxes the independence assumption, but still
considers the placebo response as a dichotomous variable. The weighted repeated measures
model includes more flexibility by removing the independence assumption and introducing
uncertainty to the placebo response. The proposed approach moves forward one more
step by considering the placebo response and drug response as latent characteristics and

introducing stochastic components in the estimation of the treatment effect. We believe
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that the comparison of these four methods covers the spectrum of assumptions of outcomes
and the approach to placebo response and drug response.

This chapter is organized as follows. In the first part, we describe the problem pa-
rameterizations, specify the likelihood, provide the estimate of parameters and variance
components, and define the treatment effect within the proposed scheme. In the second
part, we present the simulation results, comparisons between the proposed method and
other existing approaches, and an example of the application of this proposed method to

ADAPT-A study data. Finally, we provide our extensive discussion and conclusion.

3.2 Methodology

3.2.1 Response as a latent characteristic

Suppose we analyze data from a TED trial with two stages of equal length. In addition,
let us assume subjects can be accurately classified into ‘placebo responders’ and ‘placebo
non-responders’ if they are treated with placebo, and can be correctly classified into ‘drug
responders’ and ‘drug non-responders’ if they are under the treatment of the active drug.
Figure 3-1 shows a graphical presentation of the effects in the TED study with respect to
the true placebo response and drug response characteristics.

‘Placebo responders’ and ‘drug responders’ are shown in light grey and dark grey rect-
angles. ‘Non-responders’ are shown in white squares. The dash lines represent outcome
progression in different subgroups: é; and Jo are changes in ‘placebo non-responders’ and
‘placebo responders’ in Stage I placebo group; d3 and d4 are changes in ‘drug non-responders’
and ‘drug responders’ in Stage I drug group; 611 and d12 are changes in Stage II in ‘placebo
non-responders’ randomized to placebo and the active drug; d41 and d45 are changes in Stage
IT in ‘drug responders’ randomized to placebo and the active drug. If the placebo response
probability is m; and the drug response probability is 7o, the Stage I treatment effect in the
overall sample is d; = (w24 + (1 —7m2)d3) — (w102 + (1 — 71)d1 ), the Stage II treatment effect

in ‘placebo non-responders’ is 5?73 = §12 — 011, and the Stage II treatment effect in ‘drug
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Figure 3-1: Two-way enriched design

responders’ is 6% = 049 — 041. Therefore, for a specified set of TED weights w1, we, and ws,
the TED treatment effect is defined as the linear combination d, = w1dy + wﬁﬁ, rt w;:,é}i%.

Suppose the severity of the disease is measured three times over the study: at baseline
(Yo1), at the end of Stage I (Yp2), and at the end of Stage II (Yp3). The outcome for Stage
I is defined as the change in the severity of the disease from baseline to the end of Stage 1
(Y1 = Yoo — Yo1), and the outcome for Stage II is defined as the change in the severity of
the disease from the end of Stage I to the end of Stage II (Y3 = Yp3 — Ypo).

Let g1; and go; be binary indicators for the Stage I and Stage II group assignment
(placebo = 0, drug = 1) for subject ¢. Let RY = 0 or 1 be an indicator of being a ‘placebo

responder’ and Rf = 0 or 1 be an indicator of being a ‘drug responder’ for subject @
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depending on which treatment group the subject is assigned to. The RY and R¢ are two
unobserved (latent) characteristics that are assumed to follow binomial distribution RY ~
B(1, ;) and R? ~ B(1,mg;), where my; is the probability of being a ‘placebo responder’ and
mo; is the probability of being a ‘drug responder’.

Table 3.1: TED parametrization: Distributions

Treatment Group Stage 1 Stage 11

Placebo Non-Responders  pio1(Y1|Y01) ~ N (1101, 0101) p201(Ya|Y1) ~ N(u201, 0201)
Placebo Responders p102(Y1|Y01) ~ N(u102, 0102) p202(Ya|Y1) ~ N(u202, 0202)
Drug Non—ReSponders plog(Y ’Ybl) ~ N(MIOZ’:: 0103) p203(Y ‘Yl) ~ N(Mgog, 0'203)
Drug Responders P10a(Y1[Yo1) ~ N(p104, 0704)  P204(Y2|Y1) ~ N (204, 9504)

Under the assumption of normality, the outcome distributions in the TED study groups
can be summarized as shown in Table 3.1. The means at the end of Stage I can be modeled
as a function of baseline and group assignment. The means at the end of Stage II can be
modeled as a function of change in Stage I and group assignment. The formulas are shown
in Table 3.2. Here, boy and bog are Stage II treatment effects in ‘placebo non-responders’
and ‘drug responders’, correspondingly.

Table 3.2: TED parametrization: Mean functions

Treatment Group Stage 1 Stage 11

Placebo Non-Responders 101 = bo1r + b11Y01 201 = boz + b12Y1 + ba2go
Placebo Responders p102 = boz + b13Yo1  pr202 = boa + b14Y1 + b2492
Drug Non-Responders w103 = bos + b15Yo1r w203 = bos + bigY1 + bagga
Drug Responders poa = boz + b17Yo1 204 = bos + b18Y1 + bagge
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3.2.2 Parameter estimation with EM algorithm

The joint distribution of Y7 and Y3 for Stage I placebo subjects can be presented as a
Gaussian mixture of ‘placebo responder’ and ‘placebo non-responder’ distributions with
mixture parameters m;. Under the same consideration, the joint distribution of ¥; and Y5
for Stage I drug subjects can be presented as a Gaussian mixture of ‘drug responder’ and
‘drug non-responder’ distributions with mixture parameters ms.

Stage I placebo group:

RP _pp
P(y1i y2i, BY) = p(RY)p(yai, yai| BY) = w1 (1 — m0) " p(yas, yoi | RY)
P(y1i, y2i|RY = 0) = pro1(y1s)p201 (y2i|y14)

p(ylz‘, y2i!Rf = 1) = p102(y1i)p202(y2z’\y1i)

Stage I active drug group:

R? _pd
P(y1i, y2i, RY) = p(R)p(y1s, yai RY) = 5" (1 — m2) ' p(ys, yail RY)
(Y11, y2i| R = 0) = pro3(y1:)p203 (Y2ily1i)

P(y1i, y2il RS = 1) = proa(yi)p20a(v2ilyii)

Therefore, the full likelihood for total sample size N can be written as follows:

N
- R¢ - .
L=]Ji(a-m)" By [p10s (y16)p203 (y2ily10)] V) [pr0a (y1i)p20a (y2i i) 19
i=1

P

P _ o
[(1- 7T1)(1_Ri)7ffz’ [p101 (y1:)p201 (w23 y1:)] 7 [p102 (y1:)p202 (yailyns) o -92)

The expected value of response for i-th individual R distributed as B(1,7y;) is s,
and Rf distributed as B(1,mg;) is mo;. Therefore, after the integration of log likelihood, the

Q-function takes the following form:
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N
Q= Z(l — 913)(1 — m13)[logpio1 (y1:) + logpao1 (y2ily1i)]
i=1

N
+ ) (1 = gri)miiflogpioz(yis) + logpaoa (yaily1i)]
i=1

N
+ ) g1i(1 — m2i)[logpios(y1s) + logpaos (yaily1:)]
i=1

N

+ Z g1im2i[logpioa(y1i) + logpaoa (yailyii)]
i1

In general, the response probability for i-th subject at iteration s+1 can be calculated

from the mixture probability function and current estimates of the parameters (%) and the

placebo response w%s) and the drug response wés).

(s+1) _ 70 D102 (41110 paoa (yailyrs, 0))

i T s
W% )p102(y1i|‘9(s))p202(y2i|yli7 6(s)) + (1 — 7T§ ))P101(yli\9(8))p201(y2i|y1i, 6(s))

(s+1) _ Wgs)plozt(yu|9(5))p204(y2i|yu» 9(5))

T4 - s s
Wé )p104(y1i|9(S))p204(y2¢\y1i, 6(s)) + (1 — 7T§ ))p103(y1i\9(8))p203(y2i!y1i, 6(s))

Here we define the placebo response as a function of the outcome change in Stage I alone
in placebo group. It is determined only through the outcome collected in Stage I. Similar

consideration is applied to the drug response. Therefore, we can reconstruct the formulas

as,

(s+1) 7T§8)17102(y1i|9(3))
14 - S S
7T§ )ploz(yu\e(s)) +(1— 7T§ ))plol(y1i|9(s))
(s+1) 7Tés)ploz;(,yuw(s))
2 =

Wés)p1o4(yh;\9(s)) +(1— Wgs))ploa(yuw(s))
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Then, the placebo response probability 71 and the drug response probability mo are
calculated as the average of individual placebo response probabilities 71; and the average

of individual drug response probabilities mo;, respectively.

s+1
77(5+1) _ Zi]L(l - gu)ﬂgﬁ )
(41 -
Zﬁvzl(l - gu)
(+1) o glmgﬂ)
e L .
S g

At each iteration of the EM algorithm, the model parameters are estimated. All distri-
bution parameters can be maximized explicitly using Q-function derivatives. Appendix A
presents the formulations for all model parameters.

The covariance matrix of the parameters can be estimated at each iteration by the inverse

of the observed Fisher information matrix ¥ = I *1(9A), where [ (é) = —(%)9:9,

0 is
the vector of parameters, and Y is the observed outcome data. The elements of the Hessian

matrix are listed in Appendix B.

3.2.3 The definition of treatment effect

The Stage I treatment effect is constructed from parameters and their variances estimated
by EM. The Stage I change in the drug group is constructed as a mixture of mean changes

in ‘drug responders’ and ‘drug non-responders’.

7 7 w1 91iY01s 7 7 N griyovi
fin1 = mafinoa + (1 — m2)fi103 = 2 (bor + 61721:%%) + (1 —m) (bos + 6152:}\;#)
Zi:l 914 Zizl gii

The Stage I change in the placebo group is constructed as a mixture of mean changes

in ‘placebo responders’ and ‘placebo non-responders’.

A A A 2 7 N (1—g1)yo1s 7 7 N (1—g1)yous
fito = m1fir02 + (1 — 1) fiior = 71 (bos + 513—21:1%(1(15119)1?;)1 )+ (1 — 1) (bor + bn—z“k(l(ilg)f;l )
i=1 g i= K
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The variance of each mixture component 6%y, 6%y, G303, and 63, is a sum of the
elements of the corresponding covariance matrix. The variance of the Stage I change in the

active drug group is calculated as follows.

A2 2.2 2.2
611 = m30704 + (1 — m2) %6703

The variance of the Stage I change in the placebo group is calculated as follows.
~2 2.2 2.2
610 = T0702 + (1 — m1)07

Therefore, Stage I treatment effect is 31 = [i11 — ft10 with the corresponding variance
Var(d;) = 63, + 63

The Stage II treatment effect in ‘placebo non-responders’ and ‘drug responders’ and
their variances are directly estimated with the EM algorithm as 1322, 1328, Var(lszg), and
Var(bag).

The TED effect weights wy, ws, and w3 are specified. A test for Hy : d, = wid; +

wgéﬁ,R + wgéjé = 0 is based on the test statistic

w161 +OJ2(5NR +W3(5

\/w Var(d7) + w Var(é?VR) +w3Var(5§l_2)

We assume T to follow approximately the standard normal distribution under the null

hypothesis.

3.3 Simulation Study

3.3.1 Parameter setting

A broad simulation was undertaken to evaluate the performance of the proposed EM method
against the three known methods. Data were generated from multivariate distributions,
for the four patient subgroups: ‘placebo non-responders’, ‘placebo responders’; ‘drug non-

responders’, and ‘drug responders’. Rybin et al. [30] provided a good summary of consider-
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ations in the data simulation for the evaluation of the analytical methods. The first point is
about the connection between the non-response rate and outcomes. As illustrated in Doros
et al. [8], the parameters of outcomes in the placebo group are closely connected to the
placebo non-response rate. A similar relationship in the active drug group is identified by
Liu et al. [19]. The second point is related to how much difference in the mean outcomes
between ‘responders’ and ‘non-responders’. This directly impacts the performance of the
analytical methods in the identification of ‘responders’ and ‘non-responders’ in the placebo
group and the active drug group.

Rybin et al. [30] illustrated the relationship between non-response rate and the Stage
I changes in the placebo group. A similar correlation in the active drug group is identified
and presented below. Suppose that in drug subjects the distribution of outcome at base-
line (Yp1) and the end of Stage I (Yp2) is a mixture of multivariate normal distributions
with equal covariance and mixing probability m2. We assume the covariance matrix is the
same in the ‘drug responders’ and ‘drug non-responders’. However, the same covariance
matrix constraint can be removed without difficulty. The proposed framework can be easily

extended to accommodate different covariance structures.

p(Yo1, Yo2) = (1 — m2)p3(Yo1, Yo2) + mapa(Yo1, Yo2)

_ , -
o 001002
p3(Yo1, Yo2) ~ N | (ro13, f023), ( o F 9 >
PO01002 002

2
o £001002

4(Yo1,Yo2) ~ N | (po14, 024 ,< 0L >

pa( ) (1014, H024) oo o2,

It is understood that the mechanism of drug response might be different from that
of placebo response. The definition and extent of response under placebo or under the
active drug can be completely different. It is worth a discussion between physicians and
statisticians during the design phase. Instead, to simplify the situation and to facilitate

the calculation and simulation, we will use the same definition for drug non-response as
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for placebo non-response and define drug non-response in terms of parameter ¥, and Ws
and both ¥;Ype > Yp1 (improvement during Stage I) and Ypo > Wy (severity at the end
of Stage I). These criteria will be used by the three criterion-based analysis methods to
determine subjects’ response status. However, this assumption can be adjusted accordingly

to fit various clinical trials. The probability of non-response can be presented as follows.

ppoNr = P(¥1Yo2 > You, Yoo > ¥o)

P(
= / / [(1 — m2)p3(Yo1, Yo2) + m2pa(Yo1, Yo2) | dyo1dyo2

Y01 <W¥1Y02,y02>V2
oo Yi1yo2

=(1- 7r2)/ / ps(ym\y02)d3/01]p3(y02)dy02
) —o0
oo _ Wi1yo2

+7T2/[ / p4(y01|yog)dy01]p4(y02)dyog

Wy —00

= (1—m) / ®(azz + b3) f(z)dz + mo / O(agz + by) f(2)dz

Yo—po23 Vo —po24
02 902

Uy — Yy -
_ (1 —WQ)E[(I)(CL32+b3)|Z > 207%} +712E[<I>(a4z+b4)|Z > 207/1024]
02 02

_ _ Wi002—001p _ Yip023—Ho13 _ Yip024—po14
Whereag—a4—72,b3— 2 by = 4,
oo1y/ 1—p 001\/1—P 001\/1—9

variable, and f and ® are the density and cumulative distribution function of a standard

and Z is a standard normal

normal distribution. This relationship indicates that for a given set of parameters in ‘drug
non-responders’ and drug response rate (1-ppyr), we can calculate the Stage I change in
‘drug responders’. The calculation can be performed with Monte Carlo simulation.

The data were simulated from a multivariate Normal distribution. The following pa-
rameters were set to be the same as in Rybin’s manuscript [30]. The mean and standard
deviation of the outcome at baseline for all four groups were set to 31 and 5, respec-
tively. The probability of response to placebo and the active drug were both set to 0.3

(m = m = 0.3). Criterion-based non-response was defined as both change from baseline
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to the end of Stage I not in excess of half of the baseline outcome value (¥; = 2) and an
outcome value at the end of Stage I greater than 16 (Vs = 16). The mean change from
baseline to the end of Stage I in ‘placebo responders’ was set to 16. The mean change from
baseline to the end of Stage I in ‘placebo non-responders’ can be derived with the formula
provided by Rybin et al. [30]. The mean change from baseline to the end of Stage I in ‘drug
responders’ can be derived with the formula presented above by setting the mean change
from baseline to the end of Stage I in ‘drug non-responders’. However, in the simulation
study, it will be based on the null hypothesis or the alternative hypothesis settings. Under
the null hypothesis, we set the mean change from baseline to the end of Stage I in ‘drug re-
sponders’ and ‘drug non-responders’ the same as those in ‘placebo responders’ and ‘placebo
non-responders’, respectively. Under the alternative hypothesis, supposing the treatment
effect in Stage I (d7) equals one, we set the mean change from baseline to the end of Stage
I in ‘drug non-responders’ to 11, which led to the mean change from baseline to the end of
Stage I in ‘drug responders’ to 16.1, according to the definition of treatment effect in Stage
I 65 = (w204 + (1 — m2)d3) — (w162 + (1 — m1)d1). This setting ensures that the outcome
changes in drug groups are not smaller than those in the placebo groups, and are much close
to the relationship between non-response rate and the Stage I changes in the drug group,
as shown above. Standard deviations of Stage I and Stage II changes were set to 2 in Stage
I placebo group and set to 5 in Stage I drug group. The correlation between baseline and
the changes in Stage I and Stage II was set to 0.1. Mean changes in Stage Il were assumed
to be 40% smaller than the corresponding changes in Stage I in subjects who remained on
the same treatment from Stage I to Stage II. A summary of the fixed parameters under the
alternative hypothesis (07=1) is presented in Table 3.3.

We considered the following sample sizes: 200, 300, 400, 600, and 800 subjects, with
Stage I randomization 1:1 in the placebo group and the active drug group. Correlations
between the change in the outcome during Stage I and the change in the outcome during

Stage II was assumed to be the same for all treatment arms. The values of 4, ok, R 5%, 5?\, R
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Table 3.3: Simulation parameters

You Y1 Yo
Treatment Group Mean SD Mean SD Mean SD
Placebo Non-responders
PP 31 5 9.6 2 0.6x9.6 2
PD 31 5 9.6 2 06x96+0dk, 2
Placebo Responders
PP 31 5 16 2 0.6x16
PD 31 5 16 2 0.6x16 + o7,

Drug Non-responders

DP 31 5) 11
DD 31 5 11

ot

0.6x11—0%, 5
0.6x11 5

ot

Drug Responders

DP 31
DD 31

ot

161 5 0.6x16.1-6% 5
16.1 5 0.6x16.1 5

ot

Yo1: Baseline outcome.
Y1: Outcome change from baseline to the end of Stage I.
Y2: Outcome change from the end of Stage I to the end of Stage II.
and (5?% were set to 0 under the null hypothesis to evaluate type I error. The parameters are
set to 1 under the alternative hypothesis for MSE and power calculations.
For each scenario, we generated 10,000 datasets to ensure enough evaluable datasets left
for evaluation of the proposed EM method and the other three criterion-based methods.

The weights wi, we, and ws were set to 0.7, 0.15, and 0.15, respectively, to be consistent

with previous analyses. Simulations were run in R 3.6.0 and SAS 9.4 on a Linux cluster.

3.3.2 Overall performance

EM algorithm has shown superior performance than other methods in the estimate of pa-
rameters of the mixture of normal distribution [27]. However, it has the limitation of slow

convergence [6]. In order to get enough evaluable datasets for methods comparison, we
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allowed a maximum of 10,000 iterations of the algorithm. In practice, if the calculation
doesn’t converge in the limited number of iterations, we recommend the investigators to
take the average of the estimates from the last 100 iterations as the final estimates.

The estimated proportions of ‘placebo responders’ (placebo response probability) and
‘drug responders’ (drug response probability) under the alternative hypothesis are presented
in Table 3.4. The true response probability was set to (0.3, 0.3) for the pair of placebo
response probability and drug response probability. As expected, with the increase of sample
size, the bias of the estimates decreases. The accuracy of the estimate increases as a function
of available information. As also noticed in Rybin et al. [29], the degree of correlation does
not have a big impact on the estimate of response probability. The estimated probability of
response moves closer to the true values, with approximately the same rate for all correlation
values. Therefore, we only present the results under correlation p = 0.1. As the formula
in Section 3.2.2 presents, the estimate of response probability is highly correlated with the
distribution of the outcome. We keep the standard deviation of the outcome change from
baseline to the end of Stage I (Y7) in placebo group unchanged (SD; = 2) and reduce the
standard deviation of Y] in the active drug group (SD2) from 5 to 2. The change in the
estimate of placebo response probability is trivial in these scenarios as the distribution of
the outcome in the placebo group does not change. However, in the active drug group, large
sample size is needed to get a less biased estimate of drug response probability for the cases
with big standard deviations than those with small standard deviations. The accuracy of

the estimate is increasing with the decrease of variability in the outcome.

3.3.3 Comparison with other methods

We compared the EM method to the other three methods, the OLS method, the repeated
measures model, and the weighted repeated measures model, with the simulated datasets.
Several scenarios were under consideration. In the first scenario, it was assumed that the

response threshold was specified correctly for the methods other than the EM method,
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Table 3.4: Estimates of the true response probabilities (0.3, 0.3) with p =

0.1

N=50 N=75 N=100 N=150 N=200
SDy =5 (0.381, 0.514) (0.363, 0.501) (0.349, 0.490) (0.334, 0.482) (0.323, 0.467)
SDy =4 (0.383, 0.446) (0.363, 0.433) (0.340, 0.424) (0.334, 0.405) (0.323, 0.385)
SDy =3 (0.384, 0.375) (0.364, 0.357) (0.351, 0.350) (0.335, 0.342) (0.324, 0.334)
SDy =2 (0.385, 0.309) (0.364, 0.304) (0.352, 0.301) (0.335, 0.300) (0.324, 0.300)

and the treatment effects were equal in ‘responders’ and ‘non-responders’. This is the pri-
mary analysis for the performance evaluation. In order to test the robustness of the EM
method, we also performed additional analyses by changing different parameters. We first
relaxed the assumption of equal treatment effects, but still kept the assumption of correctly
specified response threshold. Then, we assessed how the EM method performed under the
misspecification of threshold but with equal treatment effects. Furthermore, we relaxed
both assumptions and studied the combined influence of threshold misspecification and in-
equality of treatment effects on the performance of the methods. TED assumes a high
proportion of ‘placebo responders’ in the population. In the fourth scenario, we evaluated
the robustness of the EM method when there was no ‘placebo responder’ in the population.
Additionally, we explored the impact of different proportions of outcome changes from Stage
I to Stage II in the active drug group and the placebo group, and the impact of various

standard deviations of outcome changes in Stage I in the active drug group.

Primary Analysis: Correct response threshold, equal treatment effects in ‘re-
sponders’ and ‘non-responders’

Type I Error Figure 3-2 presents the type I error under different parameter settings. In
the majority of the various cases, these four methods have the type I error under 0.05.

The EM method doesn’t achieve the minimum type I error, but it still controls the type 1
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Figure 3-2: Type I error assuming correct response threshold and equal
treatment effects

error around or just below 0.05. With the increase of the sample size, the type I error is
decreasing, with different rates in these four methods. The reduction is evident in the EM
method. It indicates the proposed EM algorithm requires more sample size than the other
methods to have the type I error controlled. This is a potential challenge for this approach

to be applied in reality.
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MSE Figure 3-3 compares the MSE of the treatment effect in different methods for the
simulated data. The MSE has a similar level across the different methods, except in the
weighted repeated measures model. The weighted repeated measures model requires two
logistic regressions to get pseudo weights for both the placebo group and the active drug
group. It might be more difficult for this method to get a less biased estimate. The EM
method has the minimum MSE in different parameter settings. However, the difference in
MSE across the different methods is trivial.

Power Power is presented in Figure 3-4. It is great to see that the EM method is superior
to the other methods in almost all the parameter settings. When the correlation between
the outcome changes in Stage I and Stage II is positive, the repeated measures model also
has an outstanding performance. It even has higher power than the EM algorithm when

the sample size is large.

Robustness Analysis 1: Correct response threshold, different treatment effects
in ‘responders’ and ‘non-responders’

We evaluated the performances of the four methods when the treatment effect was different
in ‘responders’ and ‘non-responders’. We kept the treatment effect in ‘non-responders’ dygr
unchanged but varied the treatment effect in ‘responders’ §r. Specifically, we changed the
value of h in the function g = hdyr. When h is between 0 and 1, then the treatment
effect in ‘responders’ is smaller than that in ‘non-responders’. When A is larger than 1,
then the treatment effect in ‘responders’ is larger than that in ‘non-responders’. The spe-
cial case is that when h is 0, then there is no treatment effect in ‘responders’. In Figure
C-1, MSE is evaluated when the treatment effect in ‘responders’ is different from that of
‘non-responders’. In general, the weighted repeated measures model has larger variation in
the MSE with the change in the value of i than the other three methods. The OLS method
and the repeated measures model have similar MSE values as the EM method, but the

EM method has the smallest variation in the MSE. In Figure C-3, Figure C-5, and Figure
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Figure 3-3: MSE assuming correct response threshold and equal treatment
effects

C-7, power is evaluated when the treatment effect in ‘responders’ is set to half of that in
‘non-responders’, two times of that in ‘non-responders’, or zero. The corresponding MSE
in these three cases are presented in Figure C-2, Figure C-4, and Figure C-6. The proposed
EM method has a consistently good performance in all of these parameter settings. The

repeated measures model can reach a higher power than the EM method with large sample
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Figure 3-4: Power assuming correct response threshold and equal treatment
effects

size when the correlation is positive. However, it is sensitive to the parameter setting.

Robustness Analysis 2: Response threshold misspecification, equal treatment
effect in ‘responders’ and ‘non-responders’

We assessed the performance of the proposed method when the response threshold is mis-
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specified. In data generation, we used a threshold of 60% to simulate the sample data. But
in data analysis, we still used 50% as the threshold to determine whether a subject was a
‘responder’ or not. In order to evaluate the pure influence of response threshold misspeci-
fication, we restricted equal treatment effects in ‘responders’ and ‘non-responders’. Figure
C-8 and Figure C-9 compare the methods in terms of MSE and power. We omitted the
OLS method due to its poor performance in this scenario.

Table 3.5: Departure in Stage I outcome changes in the active drug group

Departure
01 02 03 04 |61 —03 |+ |02 —0da|

Case 1 (Primary Analysis) 9.6 16 11 16.1 14+01=15
Case 2 (Robustness Analysis) 9.6 16 9.6 19.3 0+31=31
Case 3 (Robustness Analysis) 9.6 16 8 23.1 1.6 + 7.1 =87

As mentioned in Section 3.3.1, in the simulation study, the Stage I outcome changes
in the active drug group were selected according to the definition of the overall treatment
effect in Stage I d; = (w204 + (1 — m2)d3) — (w102 + (1 — 71)d1), which did not align with the
relationship between the outcome change and the non-response rate in Stage I in the drug
group required by the definition of non-response for the criterion-based methods. How-
ever, the two types of repeated measures models and the OLS method will still use the
pre-specified criteria to determine the subjects’ response status. Data generation might
impact the performance of these three criterion-based methods. We considered the out-
come changes in the placebo group as the standards and defined the departure as the sum
of absolute differences between the placebo group and the active drug group. Table 3.5
presents the three cases in consideration and evaluation. From the primary analysis, we
further decreased the outcome changes in Stage I in the ‘drug non-responders’, which led to
an increase in the corresponding changes in ‘drug responders’. This change further deviates

from the relationship between the outcome change and the non-response rate in Stage I in
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the drug group. The performance of the three criterion-based methods is getting worse as
the deviation is more and more severe. However, the EM algorithm seems not sensitive to

this deviation. Figure C-18 and Figure C-19 present the power in this scenario.

Robustness Analysis 3: Response threshold misspecification, different treat-
ment effects in ‘responders’ and ‘non-responders’

In this scenario, we relaxed both restrictions and evaluated the influence of response thresh-
old misspecification and different treatment effects. The treatment effect in ‘responders’ was
set to half of that in ‘non-responders’. The thresholds in simulation and data analysis were
still set to 60% and 50%, respectively. Figure C-10 and Figure C-11 summarize the com-
parison among the four methods on MSE and power. We omitted the OLS method due to

its poor performance in this scenario.

Robustness Analysis 4: No ‘placebo responder’

The TED and the proposed EM algorithm are trying to reduce the impact of placebo re-
sponse, which makes the assumption that the expected proportion of ‘placebo responders’
is high enough to warrant the concern for a possible bias of treatment effect estimate [30].
In addition to the three scenarios mentioned above, we also tested the fourth scenario that
there is no ‘placebo responder’ in the population. Figure C-12 and Figure C-13 illustrate

the MSE and power when there is no ‘placebo responder’ in the population.

Robustness Analysis 5: Variation in the standard deviation of the outcome
change in Stage 1

We changed the standard deviation of the outcome change in Stage I in the drug group
from 5 to 7. As the data are more scattered, it is more difficult for the EM algorithm to
get a controlled type I error, especially for a trial with small sample size. This trend can

be easily seen in Figure C-14 and Figure C-15.
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Robustness Analysis 6: Different proportions in outcome changes from Stage 1
to Stage II in the active drug group and the placebo group

In the primary analysis, we assumed that the outcome change in Stage II is 60% of that in
Stage I in those who remained on the same treatment in the two stages for both groups.
In this scenario, we changed this percentage to 80% for subjects who took the active drug
in both stages. Type I error is shown in Figure C-16. It is easy to notice that the type I
error gets larger for the two repeated measures models when the correlation between the
outcome changes in the two stages turns to positive. This inflation is more obvious with
the increase of the correlation. A similar difference can be observed in power, as shown in
Figure C-17. As the TED uses Stage II data from both the placebo group and drug group
and assigns the same weights on these two components, the increase of proportion in the
drug group breaks this balance. In addition, the positive correlation has the same direction
as the proportion, which enlarges the departure from the assumptions. The two types of
repeated measures models are sensitive to this deviation and respond to it with dramatic
changes. Therefore, the performance of the repeated measures model and the weighted

repeated measures model are not satisfactory when the correlation is positive.

In all these robustness analyses, the proposed EM method has a better performance
than the other three methods in almost all the parameter settings. The robustness of the
proposed EM method provides the investigators with an option when the assumption of

equal treatment effects or response threshold specification is unclear.

3.3.4 Antidepressant therapy trial example

The ADAPT-A study is a multi-center, double-blind, placebo-controlled study of the efficacy
of low-dose aripiprazole (2 mg/day) adjunctive to antidepressant therapy (ADT) in the

treatment of major depressive disorder patients with a history of inadequate response to
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prior antidepressant treatment [10]. It was originally conducted under the SPCD framework.
In this 60-day trial with two equal-length stages, subjects were initially randomized in a
2:3:3 ratio to treatment sequences of aripiprazole/aripiprazole, placebo/aripiprazole, and
placebo/placebo. The primary endpoint was the change from baseline in Montgomery-
Asberg Depression Rating Scale (MADRS) score. Non-response was assessed at the end
of Stage I and defined as a less than 50% decrease in MADRS score from baseline and a
MADRS score of greater than 16.

For subjects in the placebo group at Stage I, we kept their original outcomes at Stage
I and Stage II. We imputed the outcomes for Stage I drug group to reach a 1:1 ratio
sample size in the placebo group and the drug group. We randomly assigned treatment
group to the subjects who were classified as ‘drug responders’ at the end of Stage I. In
the final data, we obtained 167 subjects initially assigned to placebo and 162 subjects to
aripiprazole at Stage I. We applied the proposed method to this imputed dataset in the
framework of TED. The TED effect §,, was calculated as a linear combination of Stage I
effect Ay in all subjects and Stage I1 effect A‘}% in ‘drug responders’ and &k,  in ‘placebo non-
responders’; with corresponding weights 0.7, 0.15, and 0.15. The algorithm converged after
374 iterations. The grouping of 167 Stage I placebo subjects and 162 Stage I drug subjects
based on their Stage I progression are different from the criterion-based method. The EM
method estimated mean placebo response rate at 39%, compared to a rate of 22% with the
criterion-based method (Figure C-21). The EM method estimated mean drug response rate
at 37%, compared to a rate of 30% with criterion-based methods (Figure C-22).

The trial data were assessed by using the OLS method, the repeated measures model,
the weighted repeated measures model with propensity score as weights, and the proposed
EM method. The treatment effect estimates were compared based on these approaches and
summarized in Table 3.6. The convergence plot of the estimates of the treatment effects

and response probabilities is presented in Figure C-20.
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Table 3.6: Treatment effect estimates for ADAPT-A trial

Stage II Effect

Method Stage I Effect  Drug Responders Placebo Non-responders TED Effect

OLS 5.75 [-7.07, -4.43] -0.42 [-2.54, 1.70]  -2.17 [-4.38, 0.04]  -4.42 [-5.45, -3.38]
Repeated Measures -6.28 [-7.53, -5.02] -0.57 [-2.35, 1.22] -2.67 [-4.86, -0.48] -4.88 [-5.85, -3.91]
Weighted Repeated -7.08 [-8.39, -5.77] -0.59 [-2.45, 1.27]  -2.71 [-4.92,-0.49]  -5.45 [-6.46, -4.45)]
EM Algorithm 5.77 [-6.84, -4.70] 0.34 [-2.13, 2.81]  -2.35 [-5.28, 0.57]  -4.34 [-5.28, -3.40]

Estimate [95% CI] are presented.

3.4 Conclusions

The treatment effect in TED is a composite of three parts: the treatment effect in the whole
population in Stage I, and the treatment effect in the ‘placebo non-responders’ and ‘drug
responders’ in Stage II. It is critical to find a robust method to classify subjects based on
their responses to the active drug and placebo, as subjects from two subgroups will be used
twice in the estimate. The previous methods based on a pre-specified criterion, such as the
OLS method, the repeated measures model, and the weighted repeated measures model,
may include classification error and lead to a biased inference. The uncertainty of placebo
response and drug response should be taken into account in the treatment effect estimation.

In this chapter, we propose to view placebo response and drug response as latent vari-
ables. Subjects are either ‘placebo responders’ or ‘placebo non-responders’. Such a charac-
teristic is revealed if they are in the placebo group. On the other hand, subjects are either
‘drug responders’ or ‘drug non-responders’. The drug response characteristic is revealed if
they are under the treatment of the active drug. Therefore, the population is a mixture of
‘responders’ and ‘non-responders’. The mixing probability depends on the treatment they
are taking. The goal of the analysis is to estimate the treatment effect as a combination of
the parameters of the mixture.

Under the assumption of normality, the outcomes are modeled with Gaussian mixture.

The likelihood is derived and the EM algorithm is applied for the estimation of response
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probabilities and the treatment effect. This newly proposed method is compared with the
three methods that are mentioned above. These three competitors cover the spectrum of
the assumptions of the outcomes and the association between stages. The proposed method
achieves consistent performance in different scenarios. Under the perfect situation of equal
treatment and correct classification, the EM algorithm preserves the type I error and has the
minimum MSE and high power. When the two constraints are relaxed, the EM algorithm
largely reduces the MSE when the treatment effects are different in ‘responders’ and ‘non-
responders’; and it reaches remarkably high power than the other three approaches when
the threshold of the criterion is misspecified. In addition, it shows a consistent performance
when there is no ‘placebo responder’ in the analysis population.

The robust properties of the EM algorithm provide much more confidence to the inves-
tigators during the design phase. This approach is extremely useful, given an ambiguous
definition of clinical response. It also allows the investigators to have different response
probabilities for placebo and the active drug. As Fava et al. [9] noted, the degree of placebo
response can vary depending on the outcome measure used and on the degree of expecta-
tions about the outcome. It will be beneficial for the investigators if the method involves a
pragmatic process in the estimation of treatment effect.

However, the EM algorithm is not perfect without limitation. First of all, it takes a
longer time to obtain a converged result. Sometimes when it doesn’t converge, we have to
take the suboptimal estimates from the last iteration. Secondly, it requires a large sample
size to get a less biased estimate of response probability. However, such a requirement
will be a cost-constraint for pharmaceutical companies in the conduct of clinical trials. In
addition, clear separation of the means of the mixture improves the performance of the
EM algorithm, which indicates EM algorithm might not be a wise choice if the means are
similar in ‘responders’ and ‘non-responders’.

This chapter introduces a new view of placebo response and drug response in TED as

inherit unobserved qualities. It provides a robust approach to the investigators when the
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definition of response is unclear. This latent characteristic approach can be successfully
used for joint modeling of the observed outcome data and the latent response information.
Flexibility is also warranted on varied treatment effects, deviation in classification criterion,

and different response probabilities.
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Chapter 4

Assessment of the Performance of Sequential

Enriched Design
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4.1 Background and Motivation

When the underlying patient population consists of a sizable proportion of patients who
are either ‘placebo responders’ or who are categorically never ‘responders’, the existing
enrichment designs intended to address the problem of high placebo response in clinical
trials, such as SPCD and TED, might produce biased estimates of the treatment effect
for the target patient population that responds to an active drug but not to placebo. In
an attempt to improve the estimation of the target treatment effect for clinical trials that
include a mixed patient population, Chen et al. [5] proposed SED aiming to exclude subjects
who are ‘placebo responders’ and those who never respond to the active drug or placebo
from the analysis.

SED is designed to locate the target population, patients who respond to the active
drug but not to placebo, through the enrichment process, by combining the idea of placebo
lead-in design, SPCD, and TED. Different from SPCD and TED, this design has three
stages. The name SED suggests the enrichment is sequential. As shown in Figure 4-1,
all subjects are treated with placebo in the first stage (Stage 0 - placebo lead-in stage).
At the beginning of the second stage (Stage I), ‘placebo non-responders’ are selected and
randomized to placebo or the active drug, while ‘placebo responders’ will switch to the
active drug for the following stages. At the beginning of the third stage (Stage II), ‘drug
responders’ are further selected based on pre-specified criteria and re-randomized to placebo
or the active drug; while ‘drug non-responders’ will go on with the active drug to the end of
the trial. The primary feature of SED is to screen out not only patients with high placebo
response but also patients who do not respond to the active drug from the study and the
analysis.

As the only three-stage design, SED has yet to be implemented in practice. Concerns
might come from different perspectives: the complexity of the design, the longer duration
of trials, the large sample size required, and the lack of flexible analysis methods. It is

stated that the additional stage can help to purify the target population in the analysis
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Figure 4-1: Sequential enriched design

sample, and eventually get a less biased estimate of the treatment efficacy. This intention
is visible, as we can see from the performance improvement from the one-stage design,
parallel randomized design, to the several two-stage designs, first placebo lead-in design,
then SPCD and TED. MSE of the estimate of drug efficacy has been largely reduced through
the two-stage designs. Power also increases tremendously with the same amount of patients.
There is no doubt that keeping adding stages will get a more purified subset. However, the
question is, how much we can gain from it and whether we can afford the corresponding
cost. The extra stage in SED requires additional subjects at enrollment and extended
trial duration. These requirements can create huge financial burdens on pharmaceutical
companies, especially in Phase II and Phase III studies. Therefore, critical appraisal is
urgently needed to determine whether this three-stage design has substantial advantages
over the two-stage designs (placebo lead-in design, SPCD, and TED).

In this chapter, we will first describe the components of the analysis population and

parameter setting. The potential concerns in the previous evaluation will be discussed.
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These will be the basis of data generation and design comparison. Then, we will perform
a simulation study and comprehensively review the requirements and performance of SED
in different scenarios. We will also explore the possibility of the application of the newly
proposed analysis methods to SED. Finally, we will conclude with our considerations and

suggestions.

4.2 Methodology

4.2.1 Description of population and parameter setting

For any two-arm randomized clinical trial, the enrolled population can always be classified
into four subgroups according to the treatment they receive (the active drug or placebo) and
how they respond to the treatment (‘responders’ or ‘non-responders’): (1) Always Respon-
ders respond to both the active drug and placebo, (2) Placebo-only Responders respond to
placebo but not to the active drug, (3) Drug-only Responders respond to the active drug but
not to placebo, and (4) Never Responders do not respond to the active drug nor placebo.
Subjects’ response to the active drug and placebo are two latent characteristics and are
predetermined as basic characteristics of the subject. Therefore, the enrolled population is
the composite of these four types of subjects, with respective proportions of pi1, p2, p3, and
P4, as shown in Table 4.1.

Table 4.1: Distribution of the overall population

Placebo Group Drug Group

Responders Non-responders
Responders D1 D2 Placebo responders
Non-responders D3 D4 Placebo non-responders

Drug responders Drug non-responders

As noted in the research of Muthén et al. [22], the prevalence of the four types of

subjects in Table 4.1 is of clinical interest. Always Responders respond to both the active
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drug and placebo. Both treatment therapies work for them. They may not need the active
drug, but they may benefit more from the active drug than from placebo. Placebo-only
Responders only respond to placebo, which may indicate side effects from the active drug
for them. This is presumably a small group, or even with the proportion py close to zero.
Drug-only Responders only respond to the active drug, not to placebo. This group is of
particular interest in the clinical trials, as this group may be considered as experiencing the
real treatment effect. Chen et al. [5] also consider this group as the target population. They
presume the ultimate goal of enrichment is to find this subgroup in the analysis population.
Hopefully, the measure of treatment efficacy can be more readily reflected in this group of
subjects. Both the investigational drug and placebo are not effective to Never Responders.
They may be considered to switch to another drug.

In SED, the enrichment process is to first exclude ‘placebo responders’ in the placebo
lead-in phase and then exclude ‘drug non-responders’ in the second stage. Theoretically,
the enrichment process will identify the subjects who are Drug-only Responders, and we
can hopefully get an unbiased estimate of treatment efficacy from this subgroup; however,
in reality, it is not possible to find this pure target population in the sample. The subjects’
classification may differ from their real status due to random errors, measurement error,
and subjective selection criteria [5]. Even though the subjects’ true status is used for
data generation, their classification is solely based on the pre-determined criteria and the
observed data.

We will still use notations from Chen’s manuscript [5] to describe the situation. It is
natural to classify the subjects into two groups: ‘responders’ or ‘non-responders’, under
the active drug or placebo, respectively. These two classifications should be independent,
meaning that whether a subject responds to the active drug has nothing to do with whether
this subject is a ‘placebo responder’. Therefore, we assume that the means of the change
score from the beginning of the stage to the end of the stage is MdR for ‘drug responders’ and

,u‘]jVR for ‘drug non-responders’ in the entire population under the active drug. Similarly,
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we assume that the means of the change score from the beginning of the stage to the end
of the stage is u% for ‘placebo responders’ and /ﬁv p for ‘placebo non-responders’ in the
entire population under placebo. We assume the mean changes in these four subgroups
keep the same from stage to stage. Then, we can describe the means of change score from
the beginning of the stage to the end of the stage in the four subgroups as: p; = ,udR — u’l’%,
po = pdp — 1, w3 = ph — i g, and pa = pd, — 8 5. The specifications and derivations
of the means of the change scores in the four subgroups are presented in Table 4.2.

Table 4.2: Means of the outcome changes from the baseline to the end of

stage
Drug Responder | Drug Non-responder Placebo Responder u’é
udR u‘fv R Placebo Non-responder | pf, R
Treatment Effect Drug Responders ‘ Drug Non-responders
Placebo Responders p = ,uC]l% — ,u% M2 = MﬁivR - M%
Placebo Non-responders | u3 = ,udR — p R e = :u'(]iVR - ,UI]?\/R

Using the notations in Table 4.1 and Table 4.2, the overall treatment effect can then be
defined as the sum of the products of the treatment effect and the corresponding proportion
from the four sub-populations: pu = p1 X @1 + p2 X po + p3 X s + ps X g = p1 X (,u% —
1)+ p2 X (1% g — 1) + b3 x (uh — 1R ) +pa X (1% r — #A k) The treatment effect in the

target population is then ug = u% — pk 5.
4.2.2 Concerns about the implementation of SED

In Chen’s numerical evaluation, they set the means of change scores for ‘drug responders’,
‘drug non-responders’, ‘placebo responders’, and ‘placebo non-responders’ as ,ugl% = —3.5,
,uﬁl\,R = —3.0, pf, = =3.0, and pl, = —2.0, respectively. The treatment effects for the

four groups (Always Responders, Placebo-only Responders, Drug-only Responders, and
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Never Responders) are -0.5, 0, -1.5, and -1, as indicated in Table 4.3. Under this setting,
the treatment effect in the target population (Drug-only Responders) is -1.5. They have
examined different settings on patient distribution by changing p1, p2, p3, and py.

Table 4.3: Chen’s parameter selection

Treatment Effect True Drug Responders True Drug Non-responders
True placebo responders B = u‘}% — py = —05 o = ,uﬁlVR — py = 0.0
True placebo non-responders  pg = u% — phip = =15  pu = pp — php = —1.0

When they compared the results across the different designs: parallel design, placebo
lead-in design, SPCD, TED, and SED, they assigned a fixed weight 0.7 to Stage I, and a
weight 0.3 to Stage II of SPCD and SED, and an equal weight 0.15 to the second and third
component of TED. To be specific, the test statistics for these five designs can be described
as below. In parallel design and placebo lead-in design, § is the estimate of mean treatment
difference in the randomized phase. In SPCD, 41 is the estimate of mean treatment difference
in Stage I, and by is the estimate of mean treatment difference in ‘placebo non-responders’
in Stage II. In TED, 61 is the estimate of mean treatment difference in Stage I; by and
b5 are the estimates of mean treatment difference in ‘placebo non-responders’ and ‘drug
responders’ in Stage II. In SED, 41 is the estimate of mean treatment difference in ‘placebo
non-responders’ in Stage I; and b5 is the estimate of mean treatment difference in ‘drug

responders’ in Stage II. The weights w1, we, and w3 sum up to one in each statistic.

5

Zparallel = ZLlead-in = -
Var(0)

w1<§1 + mgz

\/w%Var(gl) + w2Var(dy)

ZspcD = ZSED =
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w1<§1 + w252 + w353

ZTED = = - -
\/w%Var(él) + w2 Var(d2) + w2 Var(d3)

Chen et al. compared the five designs by using a two-sample t-test with the simulated
data. They concluded that SED shows the smallest bias in general but not the smallest
MSE. However, when the proportion of the target population decreases, the gain of SED
remains consistent compared with other designs. On the other side, they reported even
though the power from SED ranks the second-highest after TED, the power differences
between SED and TED are all within a minimal range (less or equal than 0.08).

SED shows some promising characteristics based on Chen’s numerical evaluation. How-
ever, the additional stage in SED is a cause for concern. Chen et al. claimed that the
duration of the placebo lead-in stage is not necessarily the same as that of the succeeding
stages. This may suggest that SED will not extend the whole process much longer than
that of the two-stage designs. However, this claim conflicts with their conclusion in the
meta-analysis about the placebo lead-in design they performed in 2011 [4]. In the meta-
analysis, they reported a longer placebo lead-in phase related to a low placebo response
rate. This implies extending the placebo lead-in phase can help the conduct of SED and
reduce the placebo response rate. However, this additional long placebo lead-in phase will
be a considerable burden on the pharmaceutical companies. Chen et al. didn’t provide a
rationale for the parameter selection. After careful reviews, we believe that the evaluation
should be based on more reasonable parameters. In addition, the previous research only
reported the number of ‘placebo non-responders’ from Stage 0. It is not appropriate to
consider this number as the required sample size, as it ignores the considerable proportion
of ‘placebo responders’. Furthermore, it states the ultimate goal of SED is to increase the
percentage of the target population through the enrichment process, but how much we will

gain from it is uncertain. From all these perspectives, we believe that SED needs a further
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evaluation from different angles before we can consider it as an option. In the following sec-
tions, we will critically appraise the performance of SED from three perspectives. We will
first test the robustness of SED by varying the values of parameters. We will then calculate
the actual sample size and the proportion of the target population in the sample. We will
also explore the possibility of the application of new analysis methods in SED. The existing
OLS method assumes independence between stages and implements hard cutoff to deter-
mine ‘placebo responders’ and ‘drug responders’. However, outcomes are collected multiple
times in SED. It is natural to consider the outcomes from different stages as repeated mea-
sures for a subject. We will apply a repeated measures model [8] and a weighted repeated

measures model [29] to SED, and compare their performance with the OLS method.

4.2.3 Data generation

As described in Section 4.2.1, the overall population is considered as a mixture of four
subgroups. We assume the responses come from a mixture of a normal distribution with
four components. The weights of the components equal to the proportion of each subgroup.
The mixture distribution can be specified as f(z) = 2?21 p;¢;, where p; is the proportion
of each subset and ¢; is a density function from a normal distribution. The subjects’
actual status is generated from a multinomial distribution with probabilities p1, ps, ps, and
p4 for Always Responders, Placebo-only Responders, Drug-only Responders, and Never
Responders, respectively. The sum of these probabilities is one, as they are corresponding
to the proportions of the four subgroups.

We use the same assumptions as Chen et al [5]. The baseline response is assumed to be
normally distributed with mean 25 and standard deviation one. The response at the end of
a specific stage is generated based on the subject’s true status and the received treatment.
A summary of parameters for the mean responses at the end of a stage is presented in Table
4.4. Tt is assumed the random error to be from normally distributed with mean zero and

standard deviation four for different stages.
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Table 4.4: Parameters for the mean responses

Subject Received Treatment

Subject True Status Placebo Drug

Always Responder po + 1y o + 1%
Placebo-only Responder  po + 1y o + 1% g
Drug-only Responder po + phy R o + ,udR
Never Responder o + phy R o + ,uﬁlv R

We also have the following assumptions for data generation. The treatment effects
within each subgroup are assumed the same from stage to stage. We assume that the
generated data have the same variance in both stages. This restriction can be easily removed
to incorporate different covariance structures. Re-randomization is implemented at the
beginning of the specific stage; thus, the correlation between the estimates of treatment
effect in different stages can be ignored. We will relax this restriction when generating
the data for model construction in Section 4.3.4. The same criterion of a 10% reduction
from the baseline, as Chen et al. selected, is used as the threshold for identification of
‘non-responders’ or ‘responders’. That is, if the reduction from baseline is over 10%, then
the subject is considered as a ‘responder’, no matter whether the subject receives the active
drug or placebo. As noted in Chen’s analysis [5], although the subjects’ true status is used
to generate the responses, only the observed data are used to classify subjects as either
‘responders’ or ‘non-responders’. We generated 10,000 datasets to evaluate the different
performance metrics and considered the following sample size: 50, 100, 150, and 200 subjects

with 1:1 randomization to the active drug and placebo at the end of Stage 0.
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4.3 Simulation Study

4.3.1 Parameter selection

In Chen’s setting, the mean baseline response is set to 25 (u9 = 25). The threshold for
the identification of ‘non-responders’ and ‘responders’ is a 10% reduction from the baseline
value. This indicates the hard cutoff will be -2.5 if the baseline response is 25. Therefore,
it comes to a simple conclusion that if the mean reduction of a subpopulation is larger
than 2.5 (1 < —2.5), subjects from this subpopulation will have a high probability of being
a ‘responder’. If the mean reduction of a sub-population is smaller than 2.5 or increase
happens in the mean change (p > —2.5), subjects from this sub-population will have a
high probability of being a ‘non-responder’. As we suppose the change from baseline can
be described by a normal distribution, in order to be classified as ‘placebo responders’, the
mean change from baseline for ‘placebo responders’ should satisfy y, < —2.5. On the other
hand, if the mean change of a sub-population satisfies u > —2.5, subjects from this sub-
population will have a high probability of being a ‘non-responder’. Similarly, in order to be
classified as ‘drug non-responders’, the mean change from baseline for ‘drug non-responders’
should satisfy ,u?lv r = —2.5. From these two constraints, we might have a situation that is
1 < 1R

In this subsection, we will reconsider parameter selection under three scenarios and see
how parameter selection will affect the performance metric:
1. The original mean change in the target population is u3 = —1.5 > —2.5. Based on the
previous discussion, this setting will have more subjects as ‘non-responders’. This is not
consistent with the expectation that this subgroup is Drug-only Responders. Therefore, we
will evaluate situation pg < —2.5 in Setting 1, Setting 2, and Setting3;
2. In Chen’s setting, both /fziv r and /f;{ were set to be equal and smaller than the average
threshold. We will evaluate pu , = pl = —2.0 > —2.5 in Setting 2;
3. Chen’s setting sets ,LL‘}VR equals to pf,. We will evaluate the case that ,uﬁlv r is different

from 4, in Setting 3.
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To be specific, the three parameter settings are:

Alternative Setting 1: u$ = —4.0, up = —3.0, ply = =3.0, php = —1.0;
Alternative Setting 2: u$ = —4.0, up = —2.0, ply = 2.0, php = —1.0;

Alternative Setting 3: u% = —4.0, ,LL?IVR = —3.0, py = —2.0, pf p = —1.0.

We compared the five designs (parallel design, placebo lead-in, SPCD, TED, and SED)
under these three selected parameter settings. From the simulation results, we noticed
that TED always has higher power than SPCD and SED, especially when there is a large
proportion of Drug-only Responders. SPCD and SED have similar levels of power with
small sample sizes. The advantage of SED in power is noticeable only when we have a
large sample size. It is not surprising that TED has superb performance in power. It uses
more information from Stage II. Placebo ‘non-responders’ and ‘drug responders’ contribute
twice in the estimate of treatment effect. When it comes to MSE, SED achieves smaller
MSE than SPCD across different parameter selections and sample sizes, but not as small
as TED. All these three designs have a similar bias. Therefore, it is not presented in the
table. TED performs better than SED in all different scenarios. There is no reason to skip
TED and select SED in the design phase considering the gain and loss. The detailed results
are presented in Appendix D, Table D.2, Table D.3, and Table D.4. The results under the

original setting reported by Chen et al. are presented in Table D.1.

4.3.2 Sample size determination

In Chen’s manuscript [5], they claimed when comparing different designs the sample size
N refers to the number of subjects who were randomized at the first stage as opposed to
subjects who were enrolled. For SED, these randomized subjects include only ‘placebo non-
responders’ because ‘placebo responders’ will not enter the second stage nor be randomized.
However, we believe that it is not appropriate to ignore those ‘placebo responders’ in the

first stage, even though their data will not be used for the final analysis. The number of
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subjects required for a study should include all the subjects who are enrolled and take at
least one dose of the study medication, no matter it is the active drug or placebo. By
using simulated data, we calculated the number of subjects needed for enrollment, which
will ensure the target number of subjects for randomization. The percentage of subjects
in the analysis set is defined as the number of subjects used in analysis divided by the
number of subjects enrolled. It can be viewed as an index indicating the utility of enrolled
subjects in SED. Table E.1 presents the results of the actual sample size and percentage of
subjects in the analysis set from Chen’s parameter setting. Table E.2 presents the results
from parameter Setting 1. As the proportion of subjects entering the second stage only
depends on Y, and pf,, Alternative Setting 2 and Alternative Setting 3 share the same
results. We only present the results from Setting 2 in Table E.3.

In Chen’s setting in Table E.1, pu¥, = —3.0 < —2.5 but pf , = —2.0 > —2.5. This leads
to the lowest proportion of ‘placebo non-responders’ at the first stage in the four different
parameter settings. Only about half of the enrolled subjects will enter the second stage and
be used for the estimation of the treatment effect. In Alternative Setting 1, u% keeps the
same as in Chen’s setting, but MJDVR is further away from the threshold than the original
setting. Therefore, fewer subjects are needed at enrollment to achieve the same number
of subjects entering the second stage. In Alternative Setting 2 and Alternative Setting 3,
both i, and pf,  are larger than the threshold -2.5, which leads to the highest proportion
of ‘placebo non-responders’ in the first stage and the fewest number of subjects in need
at enrollment. Therefore, the total sample size required is related to the placebo response
rate. It is also noteworthy that, comparing to SPCD or TED, SED will need much more
subjects enrolled at baseline, to achieve the same number of subjects for randomization.

Considering the cost and time of subject enrollment, this will be a big limitation of SED.
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4.3.3 Proportion of the target population in the sample

SED intends to get an unbiased estimate of the overall treatment effect by increasing the
proportion of the target population in the sample from stage to stage. We estimate the
proportion of the target population in the sample at the end of the study with different
parameter settings under different population distributions. The results are presented in
Table 4.5. Interestingly, the percentage change of the proportion of the target population
in the sample is increasing with the decrease in the proportion of this subgroup. When the
treated population includes a large proportion of subjects from the target population, there
is no big change in the proportion of the target population in the sample over the enrichment
process of SED. For example, if 90% of the subjects in the treated population comes from
the target population, say Drug-only Responders, then the maximum percentage increase
in the proportion of the target population is around 2% at the end of the study, as seen
in Alternative Setting 2. When the proportion of the target population reduces to 40%,
the percentage change between the true value and the estimated value largely increases,
but is still below 25%, in the best scenario. In addition, the percentage change depends on
parameter selection (response rate) and the original proportions of the four sub-populations.

This indicates the enrichment process in SED is not robust.

4.3.4 New analysis methods

Outcomes are collected multiple times in SED. It is natural to consider the outcomes from
different stages as repeated measures for a subject. Correlation between outcomes from
different stages should also be taken into account in the estimation of drug efficacy. In this

section, we will explore the possibility of describing the SED framework with models.

Repeated Measures Model
The start point of SED is the selected ‘placebo non-responders’ at the end of Stage 0.

‘Drug responders’ among the ‘placebo non-responders’ will be identified at the end of Stage
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: Proportion estimates of the target population in the sample

Alternative Alternative Alternative
Chen’s Setting Setting 1 Setting 2 Setting 3
p1 P2 ps P4 Est. % Change [Est. % Change Est. % Change Est. % Change
0.0 0.0 0.9 0.1 0.906 0.7% 0.910 1.1% 0.920 2.2% 0.910 1.1%
0.1 00 0.8 0.1 0.822 2.8% 0.837 4.6% 0.833 4.1% 0.823 2.9%
0.1 0.1 0.7 0.1 0.739 5.6% 0.767 9.6% 0.759 8.4% 0.741 5.9%
01 0.1 0.6 0.2 0.638 6.3% 0.665 10.8% 0.666 11.0% 0.641 7.2%
02 01 0.5 0.2 0.543 8.6% 0.576 15.2% 0.567 13.4% 0.545 9.0%
0.2 0.1 04 03 0437 9.3% 0.467 16.8% 0.464 16.0% 0.442 10.5%
03 0.1 04 0.2 0444 11.0% 0.479 19.8% 0.462 15.5% 0.445 11.2%
0.3 02 04 0.1 0454 13.5% 0.498 24.5% 0.470 17.5% 0.453 13.2%

Chen’s setting: ,u‘]i%

3.5, udp = —3.0, pf, = =3.0, X, = —2.0;

Alternative Setting 1: udR = —4.0, ,u‘]l\,R = -3.0, u% = -3.0, “IJJVR = —1.0;
Alternative Setting 2: udR = —4.0, M?\/R = —2.0, u% = -2.0, ,u?VR = —1.0;
Alternative Setting 3: ué = —4.0, u 5 = —3.0, pl, = —2.0, &, , = —1.0.

I. Therefore, we first consider the drug response as a measurable binary characteristic

(“present” or “absent” status) and model the Stage I and Stage II outcomes by allowing

the existence of correlation. In the proposed repeated measures model [8], we will use all

available data collected on ‘placebo non-responders’ at the end of Stage 0, data at the end

of Stage I, and data at the end of Stage II. However, the treatment effect will be estimated

with outcomes on ‘placebo non-responders’ at the end of Stage 0, outcomes at the end of

Stage I, and outcomes from ‘drug responders’ at the end of Stage II. In the following, we

will list all the models that are used in this analysis approach. Linear regression will be

used to model the outcomes and the correlation between stages.

At Stage I:

Equation (1): AY1; = a1 + a11Y1i + 01G1i + €14

t=1: Npypr

where AY7; is the change in outcome from the end of Stage 0 to the end of Stage I on the

selected ‘placebo non-responders’. Yj; is the outcome at the end of Stage 0. G; is the

treatment indicator in Stage I.
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At Stage II:
Equation (2): AY%; = ag2 + a12Y2; + 02G2i + €25 i =1:npr
Equation (3): AYs = a3 + cusYs; +€3i; i = (npr+1): (npr+npNR)

Equation (4): AY2; = ag4 + a14Y2; + €455 i@ = (npNvr +npr+1): NpNr

Equation (2) relates the change in outcome from the end of Stage I to the end of Stage 11
(AY3;) to the outcome at the end of Stage I (Y2;) and the new treatment assignment (Ga;)
for ‘drug responders’. Equation (3) and Equation (4) present the relationship between the
change in outcome from the end of Stage I to the end of Stage II and the outcome at the
end of Stage I for ‘drug non-responders’ and Stage I placebo subjects.

It is assumed that the error terms {e1;}, {€2;}, {€3:}, and {e4;} are independently and
identically distributed across individuals. As subjects have outcomes recorded for both of
the stages, the outcomes in the two stages are correlated within each subject. We assume
the correlation is the same across the subjects, regardless of whether their data in Stage
IT are used for the final estimate of the treatment effect. Therefore, we have the following

covariance matrices:

(e1i,€5i) ~ N |(0,0) o o\, y =2:4
145 €51 sy YU)y 091 O'% ) =1IINPNR, J= 4!

Suppose the treatment effect in ‘placebo non-responders’ in Stage I is §; and the treatment

effect in ‘drug responders’ in Stage II is d9, then the contrast of interest is
0w = w101 +wody; w1 +wo =1

which represents the weighted average treatment effect in ‘placebo non-responders’ in Stage
I and in ‘drug responders’ in Stage II. This is estimated by Sw = w151 + WQSQ, with 51 and
52, the model-based estimates of §; and d9, respectively. A test for Hy : §, = 0 is based on

the test statistic
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w151 + WQSQ

T =
\/w%Var(gl) + w%Var(gg) + 2w1wQCOV(51, 32)

where the variances and covariances can be derived from the models specified ahead. It is
assumed that T will approximately follow the standard normal distribution under the null

hypothesis Hy.

Weighted Repeated Measures Model

In addition, we consider the drug response as a characteristic that exists in every subject
to a certain degree in this study. It is treated as a continuous measure, ranging from 1 to
0, from absolute ‘responder’ to absolute ‘non-responder’. We will propose to include it in
the model as a weight for the drug group. The full weighted repeated measure model [29]
can be specified as below:

At Stage I:

Equation (1): AYy; = ao1 + a11Y1; + 601Gy + €153 i =1: Npng

At Stage II:
Equation (2): AYy; = ago + a12Y9; + 600G + €955 i =1:np

Equation (3): AY2; = ap3 + a13Ya; + €35 i = (np+1): Npyr

The first equation relates the change in outcome from baseline to the end of Stage I
(AY1;) to the outcome at the end of Stage 0 (Y1;) and the treatment assignment during
Stage I (G;) in the selected ‘placebo non-responders’. The second equation relates the
change in outcome from the end of Stage I to the end of Stage IT (AY2;) to the outcome at
the end of Stage I (Y2;) and the new treatment assignment (Gy;) for the active drug group
in Stage II. The last equation relates the change in outcome from the end of Stage I to
the end of Stage IT (AY2;) to the outcome at the end of Stage I (Ya;) for Stage I placebo

subjects.
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As the outcome is normally distributed, the errors € in the model are also normally

2

distributed with mean E(€) = 0 and variance Var(e€) = 0%, where o2 is unknown, and X

is defined as follows, reflecting the correlation between Stage I and Stage II (p12).

—~1/2 1 —1/2 .
Zi:vil/ [Pm piz]vz‘l/§ i=1l:np

1
3= { pm] t=mnp: NpNR
p12 1

The weights are set to 1 for all ‘placebo non-responders’ in Stage I. In Stage II, all
subjects in the Stage I placebo group are assigned to a weight of 1, but subjects in the
Stage I active drug group are assigned weights based on their response to the active drug.

Therefore, v; takes the following form:

'v-—l 0 t1=1:n
i1y =1l:np

In matrix form, the model can be written as AY; = X;0 + €;, where AYj; is a vector
of outcomes and X; is the covariate matrix for individual 7. The generalized least squares
estimate for the vector of coefficients is & = {Zf\il X3! sz\il X;3;'AY;. With
>; known, the variance of the estimate is Var(8) = UQ{ZZ X TIXG L

Therefore, the contrast of interest can be specified as:
0w = w101 +wody; w1 +we =1

It is estimated by 5w = wlgl + u.)ggg, with 51 and 32, the model-based estimates of §; and

09, respectively. A test for Hg : d, = 0 is based on the test statistic

w151 + w252

\/w Var 51 ) +w Var(gg) + 2w1wgCov(51,32)

where the treatment effects, variances, and covariances are estimated from the model spec-

ified subsequently. It is assumed that T follows approximately the standard normal distri-
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bution under the null hypothesis.

As discussed by Rybin et al. [29], the zero-to-one scale can be derived in different ways.
The easiest way might be through a logistic regression. A logistic regression is constructed
with baseline characteristics, and the outcomes at both baseline and at the end of Stage I.

The probability of being a ‘drug responder’ is estimated through the model:
logit(pr,=1) = a+ BoY1i + 51 Xy; i=1:np

where Y7; is the outcome at the end of Stage 0 for subject i, X; is another baseline char-
acteristic, R; is a response indicator with a value of 1 or 0 (for ‘drug responder’ or ‘drug
non-responder’, respectively), and np is the number of subjects in the active drug group at

Stage 1.

Comparisons of different approaches

We assessed the performance of the OLS method, the repeated measures model, and the
weighted repeated measures model with the simulated data in the SED framework. We
considered the following sample sizes: 50, 100, 150, and 200 subjects with 1:1 randomization
at the end of Stage 0 to the active drug and placebo. Correlations between the change in
outcome during Stage I and the change in the outcome during Stage 11 were assumed to be
the same for all treatment arms and equal to -0.5, -0.4, -0.3, -0.2, -0.1, 0, 0.1, 0.2, 0.3, 0.4,
and 0.5. The values of u%, p% g, 1, and pf 5 are set to -3.5, -3.0, -3.0, and -2.0 under the
alternative hypothesis. The target treatment effect p3 is -1.5 in this setting. Under the null
hypothesis, the target treatment effect is set to 0. All the other parameters are set to the
same values as in Chen’s manuscript. We generated 10,000 datasets to evaluate the different
performance metrics. As shown in Figure 4-2, the weighted repeated measures model has
the lowest type I error for all the sample sizes. It is well controlled below or around 0.05.
This is also correct across all the correlation values. The repeated measures model and the

OLS method have a similar performance in type I error. Figure 4-3 presents the MSE of the
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Figure 4-2: Type I error within the framework of SED

treatment effect. When the sample size is small, OLS has a smaller MSE compared to the
two repeated measures models, and the estimate is consistent across different correlation
values. The difference in MSE among the three methods gets smaller and smaller, with the
increase of the sample size. While the weighted repeated measures model has lower power,

the difference is trivial (Figure 4-4).
4.4 Conclusions

The SED was first proposed by Chen et al. in 2014, as an attempt to improve the estimation
of the target treatment effect for clinical trials that have a mixed population, assuming the

existence of ‘placebo responders’ [5]. It aims to exclude not only ‘placebo responders’, but
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Figure 4-3: MSE within the framework of SED

also ‘drug non-responders’, in a sequential manner. If there is a considerable proportion of
either 'placebo responders’ or who are categorically Never Responders in the population,
the existing enrichment designs in clinical trials, like SPCD and TED, may introduce bias
to the estimate of treatment effect as they don’t exclude the ‘drug non-responders’. In their
simulation results, it has been demonstrated that SED has a smaller bias in the estimation
of treatment effect and yields reasonably high power in general.

However, in this chapter, we appraised SED from different aspects and conclude that
the additional stage might not be critical. First of all, we discussed the parameter selection.
In the original manuscript, the authors selected a 10% reduction from the baseline response

as the threshold for identifying ‘responders’ and only used one set of parameters. In our
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Figure 4-4: Power within the framework of SED

evaluation, we provided three different parameter settings, to test the robustness of SED
to various proportions of ‘responders’ and ‘non-responders’. Interestingly, when the sample
size is large, there is no significant difference in power across the five different designs.
But in reality, we might not want to run such a large trial in psychiatry studies. TED
shows advantages over SED in power in small sample size, as it uses more information from
the second stage. ‘Placebo non-responders’ and ‘drug responders’ contribute twice in the
estimate of treatment effect. SED achieves smaller MSE than SPCD, but not as small as
TED. When it comes to bias, none of these designs is superior to the others. All these
performance metrics indicate SED is inferior to TED. There is no reason to skip TED and

implement SED directly.
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Then, we evaluated the actual number of subjects needed at the enrollment. This is a
substantial drawback of SED that many more subjects need to be recruited and screened
to ensure enough ‘placebo non-responders’ entering the randomization stage. As it was
noted by Chen et al., the number of subjects recruited will be approximately the number of
subjects randomized times the reciprocal of the ‘placebo non-response rate [5]. The placebo
non-response rate is difficult to estimate in practice; therefore we used the simulated data
to calculate the actual number of subjects needed at the enrollment. We evaluated different
parameter settings and various distributions of the population. The proportion of subjects
entering the randomization phase is no more than two-thirds of the whole population who
are enrolled in the placebo lead-in phase. It will be a non-ignorable issue that SED requires a
higher cost in subject enrollment. Due to the nature of this design, all enrolled subjects take
placebo at the first stage, which may lead to a high dropout rate. In return, it will require
even more subjects recruited at the beginning of the study. Furthermore, this design has one
more stage than SPCD and TED. The additional stage will largely extend the duration of
clinical trials, which will be a burden to the pharmaceutical company and the investigational
sites. Based on the report done by Nutt and Goodwin [23], it is very time-consuming (13
years in average in new drug development) and expensive (estimates range from $800 million
to $3 billion per new agent) for pharmaceutical companies to introduce a new CNS drug to
the market.

Next, we estimated the proportion of the target population in the sample at the end of
the study. The SED intends to increase the percentage of the target population through a
sequential enrichment scheme to get an unbiased estimate of the treatment effect. However,
the simulation results do not provide reliable evidence to support this hypothesis. The
premise of SED is the existence of a considerable proportion of Drug-only Responders in
the population. However, the enrichment rate is very low for high portions of the target
population in the treated subjects. It might be reasonable that the marginal increment

decreases with the increase of the ratio of the target population. However, that will then
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lose the meaning of the application of SED. Another issue with this enrichment process is
that it largely depends on parameter selection and the distribution of the four sub-groups in
the whole population. The simulation study only covers limited possibilities of parameter
settings and distributions of subgroups, but the enrichment rates still have a wide range,
from 0.7% (Chen’s setting) to 24.5% (Alternative Setting 1). This phenomenon indicates
the idea of enrichment in SED is not robust.

Lastly, we applied new analysis methods, including a repeated measures model and a
weighted repeated measures model, to the SED framework. The weighted repeated mea-
sures model has an advantage in type I error over the other two methods. The OLS method
provides an alternative option, as the type I error is well controlled below or around 0.05
in almost scenarios. The investigators might want to choose the OLS method as the imple-
mentation and calculation are relatively straightforward, compared to the weighted repeated
measures model. In terms of MSE of the treatment effect and power, none of the three meth-
ods stands out. This also provides flexibility to the investigators, depending on how much
prior information they have about the data.

As the only three-stage design, SED doesn’t gain substantial benefits from the additional
stage over the other two-stage designs, SPCD and TED. Instead, it requires a large sample
size and extended trial duration. Even though it might have some charming performances,
we still suggest investigators considering the two-stage enrichment designs when placebo

response is a critical issue in practice.
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Chapter 5

Summary and Future Studies
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5.1 Summary

High placebo response can be a reason for the failure of clinical trials, especially in some
fields related to the dysfunction of the central nervous system. The impact of placebo
response to psychiatric disorders has been noted for over 50 years. However, the mechanism
and the extent of the effect of placebo response are still not clear. The existence of placebo
response makes the powerful tool, double-blinded randomization, not as powerful as before.
Several multi-stage designs have been proposed in the past 20 years, trying to reduce the
impact of placebo response and increase the possibility of successful trials.

We put our focus on two multi-stage designs, TED and SED, in this dissertation. These
two designs are more complicated than the pioneer design SPCD. They have yet been
implemented in practice. The concerns might come from the lack of flexible analysis methods
and the complexity of the designs. We explored the possibility of application of the new
analysis methods and the relationship between complexity and efficacy in these designs.
TED is a two-stage design, with the same length as SPCD, but it also includes ‘drug
responders’ in consideration of drug efficacy. SED, different from SPCD and TED, is a
three-stage design. One placebo lead-in stage is added prior to the randomization phase.

Under the framework of TED, we first considered the placebo response as a measurable
binary characteristic (‘present’ or ‘absent’ status) and modeled the Stage I and Stage II
outcomes by allowing the existence of correlation. We proposed to use a repeated measures
model to estimate the treatment efficacy. Then, we relaxed the first assumption and consid-
ered the placebo response as a characteristic that exists in every subject to a certain degree
in this study. It is treated as a continuous measure, ranging from 0 to 1, from absolute ‘re-
sponder’ to absolute ‘non-responder’. We proposed to include it as a weight in the weighted
repeated measures model for the placebo group. Lastly, we considered placebo response
(also drug response in the active drug group) as a binary ‘present’ or ‘absent’ characteristic
but now introduced a stochastic component in the classification of the subjects. We pro-

posed to use the EM algorithm to estimate the parameters and latent characteristics. Based
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on the simulation study, all these three approaches have some preferable characteristics. If
the investigators have prior information about the relationship between placebo response
and subject characteristics, the weighted repeated measures model will be a good choice,
as it uses more measurements to evaluate a subject’s probability of being a ‘placebo non-
responder’. If there is no prior information, the investigators can use the repeated measures
model as an alternative. The EM algorithm will be extremely useful given an ambiguous
definition of clinical response to placebo or the active drug. It also allows the investigators
to have different response probabilities for placebo and the active drug. However, the com-
plexity and limitations also increase progressively from the repeated measures model to the
weighted repeated measures model to the EM algorithm. Without additional information,
we can only derive a pseudo weight, which might impact the performance of the weighted
repeated measures model. The EM algorithm takes a long time to get a converge result
if it exists. It also requires a large sample size, which might be a big challenge for phar-
maceutical companies in real clinical trials. Additionally, the EM algorithm might not be
a wise choice if the means are similar in ‘responders’ and ‘non-responders’. Therefore, the
investigators should comprehensively evaluate and assess the prior information during the
design phase to determine the appropriate analysis method.

SED, as the only three-stage design to date, is claimed to have some promising char-
acteristics. However, after our further evaluation from parameter selection, sample size
determination, and the increment of the proportion of the target population in the analysis
sample, we believe SED might not be a good choice in the trial design. The additional
stage doesn’t tremendously improve the performance metrics. Instead, it largely extends
the duration of the clinical trials and requires many more subjects at enrollment than its
two-stage competitors. We suggest investigators focusing on two-stage designs.

Increasing the complexity of design can always lead a ‘better’ performance in some per-
spectives. The estimate of treatment efficacy can always be less biased on a more purified

subset in the analysis population. But the challenge is whether we want to take the cor-
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responding cost for the marginal improvement. We believe our research can provide some
light on the exploration of better clinical design and flexible analysis methods when high

placebo response is a critical issue in the clinical trials.

5.2 Future Studies

This dissertation work can be continued in several specific directions. We list these possible
extensions here in the order the methods were presented above.

In the first proposed repeated measures models, more information can be collected in
the determination of subjects’ status. Multivariate logistic regression or multiple dimension
clustering can be the possible tools towards this goal.

In the proposed weighted repeated measures model, a similar weight can be assigned
to the active drug group. Subjects will be more like a ‘drug responder’ when the weight is
closer to one, while a weight close to zero indicates a higher probability of being a ‘drug
non-responder’. Different covariates can be included in the logistic regression in determining
the weights for the placebo group and the active drug group.

The latent dichotomous status approach can be further explored by considering different
distributions of placebo response and drug response. For example, Beta distribution is for
placebo response and Binomial distribution for drug response; or placebo response and
drug response come from the same distribution family, but with different parameters. The
proposed method works well in case of the good separation of the outcome distribution
in ‘responders’ and ‘non-responders’. Future research is needed to quantify the method

efficiency for different degrees of separation.



Appendix A

M-step in EM Algorithm

95



96

All model parameters can be defined explicitly by differentiating Q-function.
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Drug Non-responders Stage I:
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The covariance matrix of the parameters can be estimated with second derivatives of Q-
function.
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Stage II effect in ‘non-responders’ and various Stage II effects in ‘responders’
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Sample Size Calculation in Sequential Enriched
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Table E.1: Sample size at enrollment under Chen’s setting

p%=-3.5, u4 p=-3.0, uk,=-3.0, pk p=-2.0

Analysis Enrolled Percentage
pl p2 p3 pd | sample size sample size wused in analysis
0 0 09 0.1 200 365 54.72
01 0 08 01 200 372 53.76
0.1 0.1 07 0.1 200 378 52.84
0.1 0.1 06 0.2 200 378 52.84
0.2 0.1 05 0.2 200 385 51.88
02 0.1 04 0.3 200 385 51.88
0.3 0.1 04 0.2 200 392 51.02
0.3 0.2 04 0.1 200 400 50.00

Table E.2: Sample size at enrollment under the alternative setting 1

p4=-4.0, u% r=-3.0, pp=-3.0, pf p=-1.0

Analysis Enrolled Percentage
pl p2 p3 p4d | sample size sample size used in analysis
0 0 09 0.1 200 313 63.90
01 0 08 0.1 200 322 62.02
0.1 01 0.7 0.1 200 332 60.15
0.1 01 06 0.2 200 332 60.15
0.2 01 05 0.2 200 343 58.31
0.2 01 04 0.3 200 343 58.31
0.3 01 04 0.2 200 354 56.50
0.3 02 04 0.1 200 366 54.64

Analysis sample is the sample that will be used for estimation of drug efficacy. It only includes ‘placebo non-responders’
selected at the end of Stage 0.

Enrolled sample is the sample that will be screened and enrolled into the study. It includes both ‘placebo responders’
and ‘placebo non-responders’ in Stage 0.

Percentage used in analysis is the percentage of the analysis sample among the enrolled sample.
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Table E.3: Sample size at enrollment under the alternative setting 2

ph=-4.0, 4 p=-2.0, pb,=-2.0, pX p=-1.0

Analysis Enrolled Percentage
pl p2 p3 pd | sample size sample size wused in analysis
0 0 09 0.1 200 313 63.90
01 0 08 01 200 318 62.99
0.1 0.1 07 0.1 200 322 62.02
0.1 01 06 0.2 200 322 62.02
0.2 0.1 05 0.2 200 327 61.16
02 0.1 04 0.3 200 327 61.16
0.3 01 04 0.2 200 332 60.24
0.3 0.2 04 0.1 200 337 59.35

Analysis sample is the sample that will be used for estimation of drug efficacy. It only includes ‘placebo non-responders’
selected at the end of Stage 0.

Enrolled sample is the sample that will be screened and enrolled into the study. It includes both ‘placebo responders’
and ‘placebo non-responders’ in Stage 0.

Percentage used in analysis is the percentage of the analysis sample among the enrolled sample.
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