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Abstract

Enrichment designs that select placebo nonresponders have gained much atten-
tion during the last years in areas with high placebo response rates, eg, in depres-
sion. Proposals were made that re-randomize patients who did not respond to
placebo during a first study phase as the sequential parallel design (SPD). This
design uses in a second phase an enriched patient population where the treat-
ment effect is expected to be more pronounced. This may be problematic if an
effect in the overall population is claimed. Proposals were made to combine the
treatment effects in the overall population from study phase 1 and the enriched
population from study phase 2, alleviating but not solving the issue of a poten-
tial selection bias. This paper shows how this bias corresponding to the effect
difference between the overall population and the enriched population depends
on the variability of a potential subject-by-treatment interaction. Sample sizes
are given, which lead to a significant result in the combining test with a given
probability if actually the average effect in the overall population is zero. If, on
the other hand, no subject-by-treatment interaction is given, the enrichment is
shown to be inefficient. We conclude that enrichment designs using placebo
nonresponders are not able to claim a positive average effect in the overall popu-
lation if a subject-by-treatment interaction cannot be excluded. It cannot be used
to demonstrate positive efficacy in the overall population in a pivotal phase III
trial but may be used in early phases to demonstrate varying treatment effects
between patients.
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1 INTRODUCTION

High placebo response in clinical trials has been quoted as a possible reason for unsuccessful clinical trials in the devel-
opment of new drugs in specific therapeutic areas, as suggested by Fava et al.1 Especially in trials that investigate new
medicines intended to treat depressive disorders, placebo response was discussed by several authors, eg, Sonawalla and
Rosenbaum2 and Walsh et al,3 and has been regarded as one obstacle in demonstrating the drug's efficacy in the light
of many unsuccessful trials. Nevertheless, as pointed out by Otto and Nierenberg,4 the (negative) result of a clinical trial
should not be used to assess (reject) it's adequacy.

As noted by Ernst and Resch,5 in the description of the placebo response, one must account for the natural course of
the disease, besides other factors. In a randomized placebo-controlled trial, being the gold standard for the confirmatory
proof of efficacy of a new medicine, as stated in the ICH E9 guideline on Statistical Principles in Clinical Trials,6 placebo is
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2 BENDA AND HAENISCH

used to mimic the absence of a treatment, ie, to compare the effects of the new treatment with those in untreated patients
during a predefined period of time. Considering that many trials are conducted as add-on trials, the comparison is often
made between the new treatment on top of an existing background therapy as the standard of care to the background
therapy only. Specific effects in addition to those attributed to the natural time course cannot be excluded in the clinical
trial setting, but whether these additional effects, if present, are differential with respect to both groups and favor placebo
is not obvious.

Different proposals were discussed that include a placebo run-in phase, eg, by Trivedi and Rush,7 or enrichment designs
that select patients who did not respond to placebo in a first study phase and re-randomize them to either placebo or the
active drug in a second one. Referring to the latter designs, the initial proposal was made by Fava et al1 and called by them
sequential parallel comparison design or simply sequential parallel design (SPD) by others. It bases the statistical test on
superiority over placebo on an (optimal) combination on the effect estimate from phase 1 (in the overall population) and
that of phase 2 (in the enriched population). Several studies have been reported that were conducted using the proposal
made by Fava et al1; see previous studies.8-13

Properties of the SPD design as well as several modifications and the resulting treatment effect estimation have been
described by several authors; see other works.14-21 Chi et al22 proposed to use a combined effect estimate to estimate a
true underlying effect size in the overall population implicitly assuming that the placebo effect measured in phase 1 and
resulting from all patients is artificially increased as compared with clinical practice outside a clinical trial setting; see
also Liu et al.23

Interestingly, although Fava et al1 describes a statistical test on superiority to placebo, the corresponding null hypothesis
to be tested is not mentioned or discussed. Therefore, discussions on a proper type 1 error are likely to be misunderstood
by clinical and regulatory experts, since type 1 error control is obtained for a specific null hypothesis. As pointed out
and discussed by Tamura et al17 and Chi et al,22 the null hypothesis to be tested by the test proposed by Fava et al1 is
given by the intersection of the null hypothesis of no effect in phase 1 and that of no effect in phase 2. Consequently,
a statistical significant result allows for a conclusion of superiority over placebo in either the overall population or the
enriched population but does not serve as a proof of superiority in the overall population.

In contrast to other enrichment designs, placebo nonresponder enrichment inhibits the issue that these patients cannot
be identified in advance. In regulatory practice, a drug can only be approved if its benefit is shown in the population to
be treated resulting in a proper drug labeling that usually corresponds to the patient population included in the pivotal
phase III trials. If the intention of the trial is to predict the outcome in future patients, the effect estimated in the enriched
population may be enlarged as compared with the overall population and would not reflect the effect in the indicated
population unless a corresponding restriction on prescribing is imposed implying that patients are given placebo first
for a certain phase of time. There are, however, many ethical and practical problems that may impede this procedure, as
described by Senn.24, section 6.2.1

As described by Chi et al22 and others, specific conditions can be given that suffice to conclude on a positive effect in
the overall population if a positive effect is given in the enriched one. Especially, the monotonicity condition ensures this
conclusion, basically stating that the effect in those patients who would respond to placebo would be at least as large if
they were treated with the active drug as if they were treated with placebo. Simply speaking, a placebo responder must be a
responder under active treatment as well. As pointed out by Chi et al,22 the monotonicity condition is a sufficient condition
only and may be relaxed. Nevertheless, specific assumptions are required to translate a positive effect in the enriched
population in that in the overall population. Apparently, the implicit assumption by some authors is that enrichment
can only enlarge an effect that is already present or, in other words, that the null hypothesis of no effect in the overall
population is equivalent to the corresponding null hypothesis in the enriched population. Under this assumption, the
statistical test in the enriched population, ie, in phase 2 of a SPD design, would also be a valid test with proper type 1 error
control for the overall population. Consequently, under this assumption, the analysis of phase 2 alone would be sufficient,
but a test combining data from both phases has the advantage of optimally using all data generated by the study design.
However, it appears highly questionable, whether the assumption of a sole effect enlargement of an already positive effect
can be justified.

Although a larger effect in phase 2 is not convincingly seen in the different studies that were conducted with the SPD
design, the effort to be made is only justified—in the sense of a more efficient design—if indeed, the effect in placebo
nonresponders is larger than in all patients, hence in placebo responders. Investigations on the power under the different
assumed effect sizes in both groups have been conducted, eg, by Chen et al.14 Hence, a certain subject-by-treatment
interaction, ie, between-subject variability of the treatment effect is required for the efficiency of a SPD design. If the
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BENDA AND HAENISCH 3

trial can successfully demonstrate superiority over placebo by using the data from phase 2, it can be concluded that some
patients indeed profit from the drug. However, the average effect over the whole population may still be zero or even
negative if other patients experience a negative effect. In this situation, the expected benefit for a future randomly selected
patient to be treated is not positive if it is unknown whether this patient belongs to the enriched population or not.

This paper shows that if the subject-by-treatment interaction is modeled in a rather natural way by adding a normally
distributed random subject effect, any positive subject-by-treatment interaction will lead to an enlarged effect size in
the enriched population from phase 2 as compared with the overall effect in the total population even under the null
hypothesis of an average overall effect of zero or less. In other words, if the aim of the study is to predict the effect size
in the overall population, the effect from the second phase or any combined effect with positive weights will be biased
since the larger treatment effect from the second phase only results from the specific selection. If, on the other hand, the
variance would be zero or even small, the design loses its efficiency, since the power would not increase as compared
with the parallel group design but an additional effort has to be made by adding another treatment phase. We will give
results on the bias under different scenarios. Combining the effect estimates from both phases will alleviate but not solve
the issue. Under the null hypothesis of no effect in the overall population (ie, the population used in phase 1), the power
of the statistical test using the data from phase 2 or of the combined test corresponds to an increased type 1 error for the
overall population.

Considering the bias resulting from the between-subject variability of the treatment effect, a sample size that is required
to obtain a successful enrichment trial can be given. In other words, if the average effect over the total population is zero,
the enrichment trial could—formally—be made successful with a high probability by choosing a sufficient sample size
as a function of the (unknown) proportion of the overall variance attributed to the subject-by-treatment interaction. To
illustrate the resulting issue, we will give the required sample sizes and would call this the number needed to cheat, ie, the
sample size needed to make the discussed enrichment study formally successful, if, on average, the drug does not work.
Although a between-subject effect variability postulates that the drug works for some patients, a nonpositive average of
the effect implies that expected effect for a given patient to which the drug is prescribed is not positive, since it is not
known whether she or he belongs to the enriched population.

As pointed by Senn25 in a paper on precision medicine, identification of the variance component related to
subject-by-treatment interaction is rather difficult and requires repeated assessment of the outcome for each treatment;
ie, neither a parallel group comparison nor a two-phase crossover trial is sufficient to identify subject-by-treatment
interaction. Although heterogeneity between subgroups gives already some indication, a proper determination of the
subject-by-treatment interaction requires studies that are usually not performed, especially in depression. Considering
this, it will be difficult to appraise this variance component.

However, in the linear model framework as proposed in Section 3, placebo nonresponder enrichment would either
be inefficient or lead to a biased result and type 1 error inflation when considering the null hypothesis in the overall
population. Other models would be required, eg, models that explicitly model effect modulators by a positive sub-
ject specific factor. Nevertheless, this would require a mixture of additive and multiplicative terms, which could be
questioned regarding its plausibility and can hardly be verified. Above all, it can be stated that if the identification of
subject-by-treatment interaction is already difficult requiring specific designs, the discrimination of different models that
involve subject-by-treatment interaction appears almost impossible for the envisaged phase III trial outcome. We there-
fore claim that no justification is given to properly conclude a positive treatment benefit in the population to be treated
from a positive result in a SPD trial.

Instead, the use of the design could further be investigated in the explorative part of the development. A demonstration
of a varying treatment effect between patients including the fact that some patients benefit from the drug could be of
interest in early phases of drug development. If placebo nonresponders can further be identified by some characteristics,
this information could, in principle, be used to refine the patient population to be treated and studied in a subsequent
phase III trial that could potentially lead to an approval in the enriched and well-defined population.

The remainder of the article is organized as follows.
Section 2 briefly explains the different proposals for the design and analysis of placebo nonresponder enrichment stud-

ies. In Section 3, the expected effect in the enriched population is evaluated for a continuous outcome, where response
required for enrichment is defined by an outcome value above a certain threshold. The asymptotic bias is derived as a
function of between phase correlations and, in a more specific model, as a function of the variance proportion attributed
to the subject-by-treatment interaction.
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4 BENDA AND HAENISCH

Under the null hypothesis of no effect in the overall population, the resulting type 1 error inflation is given, as well as
the sample size required to obtain a positive study, if, in fact, the average effect is zero. Furthermore, alternative models
are discussed that would be required for a placebo nonresponder enrichment to be both efficient and valid with respect
to a conclusion for the overall population.

Section 4 concludes with a discussion and regulatory conclusions.

2 SEQUENTIAL PARALLEL DESIGN

Fava et al1 proposed a design with two double-blind stages of the same duration. Patients that do not respond under
placebo after the first stage are subsequently treated with placebo or the active drug in a second stage. The initial proposal
made by Fava et al1 required an upfront randomization of patients into three groups, those treated with placebo first
followed by placebo (PP), those treated with placebo first followed by the active drug (PD), and those treated with the
active drug (D) in the first phase. A variant of the design requires a re-randomization of the placebo nonresponders to
placebo or active drug between first and second stage as shown in Figure 1. In both designs, patients that are treated with
the active drug in the first stage may subsequently be treated with placebo or active drug in the second stage, but stage 2
data from these patients are not used for the treatment effect estimation or testing.

Several options to be investigated relate to the nature of the outcome measure (binary or continuous) and the definition
of response used for the selection of placebo nonresponders as shown in Table 1.

3 STATISTICAL PROPERTIES OF THE DESIGN

3.1 Models and bias
In this section, we will describe the difference between the effect size in phase 2 and that in phase 1 resulting from the
between-phase correlation. This difference can be considered as the selection bias of the phase 2 estimate resulting from

FIGURE 1 Sequential parallel design

TABLE 1 SPD options for outcome and selection criteria Setting Outcome Selection by
1 Binary Same response variable
2 Binary Different response variable
3 Continuous Absolute threshold
4 Continuous Relative threshold
5 Continuous Combination of absolute and relative threshold
6 Continuous Different response variable

Abbreviation: SPD, sequential parallel design.
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BENDA AND HAENISCH 5

the enrichment if the target of estimation is the average effect in the overall population in the absence of an additional
phase effect that is not related to the selection.

We assume a normally distributed outcome, as given by several outcome scores used in depression, eg, the Hamilton
Depression Rating Scale (HDRS) and an additive treatment effect. An additive phase effect may be present; however, it
is assumed that the treatment effect would not differ between both phases, if all subjects were observed in both phases.
The latter condition is sometimes called the constancy assumption. Let Ti indicate the treatment given in phase i, where
Ti = 0 refers to placebo and Ti = 1 to the active treatment. Then, the outcome Yi in phase i given treatment Ti = j is
distributed as follows:

Yi|Ti = 𝑗 ∼  (𝜇i + 𝛿𝑗, 𝜎2), i = 1, 2, 𝑗 = 0, 1, 𝜎 > 0. (1)
We further assume that the response variable according to which placebo patients are selected for study phase 2 is based

on the outcome measure itself and defined by the outcome falling below a given threshold c. Due to the symmetry of the
assumed distribution, all subsequent conclusions are also applicable to setting, where response is given by the exceedance
of the threshold.

The response probability for a placebo patient in phase 1 is given by

𝜋R = P(Y1 ≤ c|T1 = 0) = Φ
(c − 𝜇1

𝜎

)
with Φ being the cdf of the standard normal distribution.

Whereas the expected effect size in phase 2 is still the same as in phase 1, ie, 𝛿, if all subjects were treated and observed
in phase 2, the effect in phase 2 can be expected to be different if a selected population is used. Actually, the difference
between the effect in phase 2 and that in phase 1, ie, the bias if the effect in the overall population would be described by
the effect in placebo nonresponders, is given by

B ∶= E(Y2|T1 = 0,Y1 ≤ c,Y2 = 1)
− E(Y2|T1 = 0,Y1 ≤ c,Y2 = 0) − 𝛿.

(2)

Lemma 1. Let 𝜋R ∶= P(Y1 ≤ c|T1 = 0) be the probability of a placebo response in phase 1. Then the bias of the effect in
phase 2 relative to the effect in the overall population is given by

B = 𝜎
𝑓 (Φ−1(1 − 𝜋R)

1 − 𝜋R
(𝜌00 − 𝜌01) (3)

with f being the pdf of the standard normal distribution and

𝜌0𝑗 = Corr(Y1|T1 = 0,Y2|T2 = 𝑗), 𝑗 = 0, 1,

being the correlation between the outcome observed in phase 1 under placebo and the outcome observed in phase 2 under
either placebo (T2 = 0) or the active treatment (T2 = 1).

The proof is given in Appendix A.
Hence, using an additive model, the difference in the effect sizes can be described as a simple function of the placebo

response rate multiplied by the difference in the between-phase correlations given placebo or active treatment in phase 2
(without selection). Defining

g(x) ∶= 𝑓 (Φ−1(1 − x))
1 − x

, 0 < x < 1 (4)

with f being the pdf and Φ the cdf of the standard normal distribution, the difference in standardized effect sizes, ie, the
standardized bias, is given by

B∕𝜎 = B(𝜋R)∕𝜎 = g(𝜋R)(𝜌00 − 𝜌01). (5)
It can easily be seen that g is a monotonically increasing function with limx→0g(x) = 0 and limx→1g(x) = ∞; ie, the bias

is 0 if all subjects are placebo nonresponders and increasing and unbounded with increasing proportion of responders.
Hence, the treatment effect measured in the selected population is biased in favor of the active treatment as com-

pared with the effect in the overall population if two subsequent placebo observations are more strongly correlated than
a placebo observation followed by an observation under active treatment.
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6 BENDA AND HAENISCH

3.2 Design efficiency
If, on the other hand, one assumes equal effect sizes in both study phases, eg, by arguing that treatment sequence depen-
dent correlations are unlikely, the efficiency of the design may be questioned. Chen et al14 derived the asymptotic power
of the weighted ordinary least squares (OLS) statistic given by

ZOLS = w𝜃̂(1) + (1 − w)𝜃̂(2)√
w2Var

(
𝜃̂(1)

)
+ (1 − w)2Var

(
𝜃̂(2)

) , (6)

where 𝜃̂(i), i = 1, 2 are the treatment effect estimates in phases 1 and 2 for the corresponding treatment effects 𝜃(i), i = 1, 2,
and w the weight attributed to the effect in phase 1. Furthermore, the final sample properties were investigated in extensive
simulations leading to similar results as given by formula (6). The empirical power was given under the assumption of
equal effects in both phases. Actually, a small power gain was observed as compared with the conventional design using
equal randomization in a single study phase only. However, under the assumption of equal effects in both phases, it would
be most efficient to use all placebo patients in a second phase (declaring all patients to be nonresponder using an infinite
threshold for response), as it can be seen from the asymptotic power given by

Φ
⎛⎜⎜⎜⎝Φ

−1(𝛼∕2) −
(

w𝜃(1) + (1 − w)𝜃(2)
)√

n

𝜎

√
w2

2r(1−2r)
+ 2(1−w)2

r𝜋N

⎞⎟⎟⎟⎠ , (7)

assuming equal variances 𝜎 in both phases and a placebo nonresponder probability of 𝜋N = 1−𝜋R in both placebo groups
with 2r being the proportion of patients allocated to placebo (ie, r to each placebo group) and a two-sided significance
level 𝛼.

Assuming equal effect sizes 𝜃 = 𝜃(1) = 𝜃(2) in both phases, the power is given by

Φ

(
Φ−1(𝛼∕2) −

𝜃
√

n
𝜎

k𝜋N (w, r)

)
(8)

with
k𝜋N (w, r) = 1√

w2

2r(1−2r)
+ 2(1−w)2

r𝜋N

. (9)

Accordingly, the asymptotic power is an increasing function of k𝜋N (w, r). Given the probability of being a placebo
nonresponder 𝜋N, the factor k and hence the power can be maximized by setting ∇k𝜋N (w, r) = 0 leading to

r∗ = r∗(𝜋N) = 1∕4 + 𝜋N∕16 (10)

w∗ = w∗(𝜋N) =
4 − 𝜋N

4 + 𝜋N
(11)

k𝜋N (w
∗, r∗) = 2r∗ = 1∕2 + 𝜋N∕8. (12)

The power of the conventional design is given by k = 1∕2. Note that the efficiency related to k𝜋N (w∗, r∗) > 1∕2 can only
be obtained with a correct prior guess of the placebo nonresponder probability, optimized weights and randomization
ratio and if efficiency gain is measured by the number of subjects to be recruited not accounting for the prolonged study
duration in the SPD design. Using, however, a conventional choice of w = 1∕2 and r = 3∕8 as realized in the ADAPT-A
Study, see Fava et al,8 eg, a 50% placebo responder rate would lead to k0.5(w, r) = 1∕2, ie, a sample size requirement equal
to the conventional design, if the phases 1 and 2 effects were expected to be equal.

Under this assumption, since
k𝜋N (w

∗, r∗) < k1(w∗(1), r∗(1)) = 5∕8,∀𝜋N < 1, (13)

the asymptotic efficiency of the SPD design is always less than that of the design that uses all placebo patients in
a second study phase, which would lead to a sample size reduction as compared with the conventional design of
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BENDA AND HAENISCH 7

100
(

1 −
(

1∕2
5∕8

)2
)
% = 36% as compared with 100

(
1 −

(
1∕2

9∕16

)2
)
% = 21% if a response probability of 0.5 is chosen and

the weights and randomization ratio are optimized accordingly.
This means that any potential efficiency gain of the SPD design that exceeds that of simply continuing all placebo

patients is based on an enlarged effect size in phase 2, ie, a bias with respect to the effect in the overall population.

3.3 Subject-by-treatment interaction and bias
Assuming a more specific model with fixed phase effect 𝛼, random subject intercept b, mean treatment effect 𝛿 in the
overall population, and a random treatment effect a (eg, the subject-by-treatment interaction), the outcome measure Y
can be described by

Y = 𝜇 + 𝛽(P − 1) + (a + 𝛿)(T − 1∕2) + b + 𝜖, (14)

where P corresponds to the phase (1 and 2), T to the treatment (1 for the active treatment and 0 for placebo). Random
effects are given by normally distributed a with mean 0 and variance 𝜎2

T and normally distributed b with mean 0 and
variance 𝜎2

S. Measurement error is given by 𝜖 ∼  (0, 𝜏2), intercept by 𝜇, and phase effect by 𝛽.
Accordingly, we can describe the outcome for each subject in phases 1 and 2, respectively, by

Y1 = 𝜇 + (a + 𝛿)(T1 − 1∕2) + b + 𝜖1, (15)

Y2 = 𝜇 + 𝛽 + (a + 𝛿)(T2 − 1∕2)
+ b + 𝜖2, if Y1 ≤ c and T1 = 0,

(16)

where (a, b, 𝜖1, 𝜖2) ∼  (0, diag(𝜎2
T , 𝜎

2
S, 𝜏

2, 𝜏2)).
The difference between the expected effects in phases 2 and 1, ie, the bias if the effect in the overall population is

estimated by the effect in phase 2, is given by

B ∶= E(Y2|T1 = 0,Y1 ≤ c,T2 = 1)
− E(Y2|T1 = 0,Y1 ≤ c,T2 = 0) − 𝛿.

(17)

Lemma 2. Let𝜋R ∶= P(Y1 > c|T1 = 0) be the probability of a placebo response in phase 1, 𝜎2 ∶= 1∕4𝜎2
T+𝜎

2
S+𝜏

2 the total

variance of a single observation, and q ∶= 1∕4𝜎2
T

𝜎2 the proportion of the total variance attributed to the subject-by-treatment
interaction. Then, the bias of the effect in phase 2 relative to the effect in the overall population is given by

B = 2q × 𝜎 × g(𝜋R), (18)

where g is given by

g(x) = 𝑓 (Φ−1(1 − x))
1 − x

, x > 0

with f being the pdf and Φ the cdf of the standard normal distribution.

The proof is given in Appendix A.
As an example consider the case where half of the subjects respond to placebo and a quarter of the overall variance can

be attributed to the subject-by-treatment interaction. In this case, the bias is given by 𝜎∕
√

2𝜋 ≈ 0.4𝜎 corresponding to
a medium effect size. Table 2 gives the effect size in placebo nonresponders, if the mean effect in the overall population
is 0. In other words, the efficiency gain of the SPD design is counterbalanced by a relevant bias and, consequently, an
increased probability to claim superiority in case the average effect in the overall population is 0.

Combining the effect estimate from both phases reduces the bias accordingly. Using a weight w for the estimate from
phase 1 reduces the bias by 1 − w. Whereas the weight w (in combination with the phase 1 randomization ratio) may be
chosen to maximize the power of the resulting test (depending on assumed alternative hypothesis) in most of the trials
using the SPD design, a weight of 0.5 is chosen due to the uncertainty of the assumed effect size and—perhaps—for
practical reasons and an allegedly facilitated interpretation.
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8 BENDA AND HAENISCH

TABLE 2 Standardized effect size in placebo nonresponders if
mean overall effect = 0 Placebo Response Rate

Variance Proportion Attributed to 0.2 0.4 0.6 0.8
Subject-by-treatment Interaction
0.1 0.07 0.13 0.19 0.28
0.2 0.14 0.26 0.39 0.56
0.3 0.21 0.39 0.58 0.84
0.5 0.35 0.64 0.97 1.40

TABLE 3 Asymptotic one-sided H1 type 1 error using weighted
OLS: w = 0.5, r = 0.375, 𝛼 = 0.025 Placebo Response Rate

Variance Proportion Attributed to 0.3 0.5 0.7
Subject-by-treatment Interaction
0.05 0.043 0.053 0.061
0.1 0.069 0.102 0.130
0.2 0.158 0.282 0.386

Abbreviation: OLS, ordinary least squares.

3.4 Hypothesis testing and type 1 error control
Type 1 error control relates to a specific null hypothesis. In the initial paper by Fava et al,1 the null hypothesis is not
mentioned, which may have led to some confusion regarding a proper type 1 error control. As mentioned by 17. Tamura
et al17 and Chen et al,14 the null hypothesis to be tested is the intersection H1 ∩ H2 of the null hypothesis of a nonpositive
effect in phase 1 (H1) and that of nonpositive effect in phase 2 (H2). Hence, a significant result is indicative of a positive
effect either in the overall population or the enriched one, but not necessarily of a positive effect in the overall population,
which would refer to H1 only. Type 1 error control is therefore ensured only for the intersection hypothesis. However, the
type 1 error of the hypothesis test in the enriched population with respect to the null hypothesis in the overall population
(H1) corresponds to its power assuming an effect size that is equal to the bias compared with the treatment effect 𝛿 in all
patients. The type 1 error of the combined test can be approximated using the asymptotic power formula for the weighted
OLS test derived by Chen et al14 and using the effect sizes 0 for phase 1 and B for phase 2. Under the model given above, the
overall variance in phase 2 is even slightly reduced due to the involved truncated distributions leading to further inflation.
The one-sided type 1 error for a nominal alpha level of 2.5% is given in Table 3 for a total sample size of n = 300 choosing
weight and randomization by w = 0.5 and r = 0.375 as in the ADAPT-A Study.8 Even for a small treatment-by-subject
interaction q = 0.05, type 1 error would be doubled for a response probability of 50%.

Since the H1 type 1 error of the weighted OLS statistic corresponds to its power under the alternative hypothesis of an
effect size equal to its bias, it increases with the sample size. Table 4 gives the sample size that would result in a H1 type
1 error of the weighted OLS test of 0.3, 0.5, and 0.7. In other words, the lower part of Table 4 gives the patient number
needed to obtain a significant result in favor of the active drug with a power of 80%, if, in fact, it is, on average, not different
from placebo, which may be seen as the number needed to cheat with placebo nonresponder enrichment. For example, a
placebo response probability of 50% and a variance proportion of 20% attributed to the subject-by-treatment interaction
would lead to a sample size of about 1200. Although the variance proportion may be expected to be rather low leading to
larger sample sizes, this table illustrates that sole sample size increase would make an ineffective drug successful, which
is certainly an undesirable design property. Choosing a large response threshold, ie, a large responder probability, would
further facilitate “formal success.”

It follows from Lemma 2 that in the additive model (14), a test on the null hypothesis H1 ∶ 𝛿 = 0 will not be valid
if it is based on the effect estimate in phase 2 or on a linear combination the effect estimates in phases 1 and 2 and the
variance of the individual treatment effects is greater than 0; ie, any treatment-by-subject interaction would invalid a
conclusion from the second phase, also if the result from the second phase is combined with that of the first one using
a linear combination. On the other hand, in the absence of a treatment-by-subject interaction, the selection of placebo
nonresponders would be inefficient as shown in Section 3.3.
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BENDA AND HAENISCH 9

Placebo Response Rate
H1 Type 1 Error Variance Proportion Attributed to 0.3 0.5 0.7

Subject-by-treatment Interaction
0.2 0.1 1642 786 538

0.2 411 197 135
0.5 0.1 5042 2414 1653

0.2 1261 604 414
0.8 0.1 10302 4932 3377

0.2 2576 1233 845

Abbreviation: OLS, ordinary least squares.

TABLE 4 Sample size corresponding to a
given H1 type 1 error using weighted OLS:
w = 0.5, r = 0.375

3.5 Alternative models
Under the assumption of an additive model with a responder definition based on the outcome itself, the SPD design
was shown to be either invalid for a conclusion in the overall population or inefficient, depending on whether a
subject-by-treatment interaction is assumed or not. A multiplicative model with a relative responder definition would
usually be handled by a log-transformation leading to corresponding properties on the log scale as described above. Using
a relative responder definition or a combination of an absolute threshold and a relative change (eg, defined by a decrease
of at least 50% or below a given limit) together with an additive model (AN(C)OVA on original values) would lead however
to similar issues.

Two options may be considered that would justify the procedure, either by assuming two different subpopulations A
and B, where subjects in population A are expected to be unresponsive under both treatments with a treatment effect of 0,
and the outcome in subjects in population B are expected to follow the usual distributional assumptions with an unknown
treatment effect 𝛿. Since the used responder definitions are rather arbitrary without clear biologically plausible cutoff,
it appears unlikely that the patient population can indeed be divided into such kind of subpopulations. Furthermore,
the subpopulations may not fully be identified due to measurement errors, temporal within-subject fluctuations, and
regression-to-the-mean effects.

The second option would assume an additive model with a multiplicative subject-specific effect modulator, eg,

Y = 𝜇 + 𝛽(P − 1) + exp(a)𝛿(T − 1∕2) + b + 𝜖 (19)

with
a ∼  (0, 𝜎2

T). (20)

Clearly, this model would allow for a positive overall effect if the effect in the enriched population is positive, since the
algebraic sign of the treatment effect is the same for all subjects. Whatever subpopulation is targeted, a positive effect in
the enriched population would always allow to conclude on a positive effect in all patients. However, it appears highly
questionable whether the required mixture of additive and multiplicative effects is plausible. In any case, both models
(14) and (19) can hardly be discriminated unless the outcome is measured in more than two phases using a high sample
size and confounding effects, as crossover or treatment-by-phase interaction, can be excluded. The generation of such a
database appears highly unrealistic at least in the targeted indications, as depressive disorders.

4 DISCUSSION AND REGULATORY CONCLUSION

Enrichment designs that select patients to show a treatment benefit in the selected population are intended to either
identify a population of patients who benefit from the medicine under development or strengthen the sensitivity of the
trial by selecting the most sensitive part of the patient population. If a positive effect in the selected population can be
shown in a confirmatory way, marketing authorization can be granted for the new medicine in the selected population
provided the benefit is considered to outweigh the risks. However, placebo nonresponder enrichment inhibits the issue
that the selected patient population cannot be identified in advance.

In order to overcome high placebo response rates in clinical trials—especially for antidepressants—placebo nonrespon-
der enrichment was proposed using several but similar approaches. Treatment effect estimates as well as the statistical
hypothesis test were proposed to combine the effects from both phases of the study, whereas the first one is conducted
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10 BENDA AND HAENISCH

in the overall population, and in the second, the treatment effect is estimated in those patients that do not respond to
placebo. Since the statistical test is based on the null hypothesis of no effect in either of the two phases, it is not capable
to conclude on a positive effect in the overall population without further assumptions.

We showed that under a conventional additive model, the treatment effect estimate from the second phase is biased in
the presence of subject-by-treatment interaction. On the other hand, in the absence of such a bias, the proposal to select
placebo nonresponders is always less efficient with respect to the number of subjects to be recruited than continuing
all placebo patients and would not decrease the number of patients needed for a given power considerably as compared
with the conventional one-phase design in all subjects at the cost of a doubled study duration. Hence, the design would
be efficient only in the presence of a larger effect in placebo nonresponders. Consequently, the treatment effect estimate
either from phase 2 or from the combined estimate is biased with respect to the effect in the overall population and the
type 1 error of the corresponding hypothesis test is inflated with respect to the null hypothesis of no mean effect in the
overall population. Since this type 1 error corresponds to the power of the tests assuming a certain effect in phase 2 only,
the study could be made formally successful even in case of a mean effect of 0 in all patients if only a sufficient sample
size is chosen. In that sense, the SPD design and analysis can be considered as either inefficient or invalid.

Different models than a conventional additive model would have to be assumed to justify the design. We argue that
these models lack plausibility and that they can hardly be discriminated from the additive model proposed in the setting
of depression trials.

Showing a positive treatment effect only in a population that cannot be identified and well described in the drug labeling
is insufficient to grant marketing authorization since in the presence of a subject-by-treatment interaction (which is the
basis of the design's efficiency), a positive effect in one part of the population can be counterbalanced by a negative effect
in the complementary group. This means that in this case, the expected treatment effect would be zero or could even be
negative for a given randomly selected patient to be treated.

Provided that the drug effect at the first stage is significant, claiming the drug effect for the overall population would be
possible (if properly pre-specified) but based on the results of the first phase only. However, the results from the combina-
tion test and estimate that incorporates the second-stage results would be based on a mixture of the effect in the overall
population and that of the enriched population, where the latter could be enlarged due to the selection made.

The design is, however, certainly capable to show that either the drug is beneficial in all patients or the treatment effect
varies across subjects. This may indeed be of further interest in a phase II setting as a proof of concept and to further
define the precise indication and population, similar to a setting where a predictive biomarker is searched for to define a
suitable patient population. If placebo nonresponders can be described by their patient characteristics, which may further
be used to define the patient population to be treated, this group of patients may then be studied in a phase III trial that
could lead to an approval in the studied population.

If, on the other hand, a claim is intended for the enriched population and the trial is to predict the effect in the enriched
population (that may be enlarged as compared with that of the overall population), a corresponding restriction on pre-
scribing would be required implying that patients are given placebo first for a certain phase of time. In this case, the effect
estimate of the second phase only would be required. There are, however, many ethical and practical problems that may
impede this procedure.

Certainly, external validity of a clinical trial in terms of generalizability to the wider population may often be questioned
in the absence of a true random sampling. Still, prediction of the effect in the overall population could be exaggerated
even more by placebo nonresponse enrichment. On the other hand, if the purpose of the trial is to show any causal
relation between treatment and effect, one may argue that a positive effect in an enriched population already proofs such
a causal (positive) effect in at least some patients. Assuming, however, varying treatment effects between patients, placebo
nonresponse enrichment may falsely conclude or suggest a positive average treatment effect. It is acknowledged, though,
that the presence and the kind of modeling of a (random) subject-by-treatment interaction could be a matter of debate
similar to the long lasting and ongoing discussion about fixed versus random effects meta-analysis, see, eg, Senn. 26
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APPENDIX A

Let fY the pdf of a random variable Y, f be the pdf, and Φ the cdf of the standard normal distribution and

Cov0𝑗 ∶= Cov(Y1,Y2|T1 = 0,T2 = 𝑗), 𝑗 = 0, 1.

Proof of Lemma 1
Without loss of generality, we assume 𝜇i = 0, i = 1, 2. The bias is given by

B = A1 − A2 − 𝛿

with

A1 ∶= E(Y2|T1 = 0,T2 = 1,Y1 ≤ c)
A2 ∶= E(Y2|T1 = 0,T2 = 0,Y1 ≤ c).

Since for any bivariate normally distributed vector (X ,Y ) ∼ 
(
(𝜂1, 𝜂2)T ,Σ

)
, with positive semi-definite covariance matrix

Σ =
(
𝜎11 𝜎12
𝜎12 𝜎22

)
E(X|Y = 𝑦) = 𝜂1 +

𝜎12

𝜎22
(𝑦 − 𝜂2)

see Mukhopadhyay,27, theorem (3.2.7) it holds that

A1 = ∫ c
∞

E(Y2|T1=0,T2=1,Y1=𝑦)
P(Y1≤c)

𝑓Y1 (𝑦)d𝑦 = 1
P(Y1≤c)

∫ c
∞

Cov01

𝜎2 𝑦𝑓Y1(𝑦)d𝑦 + 𝛿

= Cov01

𝜎2 E(Y1|T1 = 0,Y1 ≤ c) + 𝛿 = −𝜌01
𝑓 (c∕𝜎)
Φ(c∕𝜎)

𝜎 + 𝛿

= −𝜌01
𝑓 (Φ−1(1−𝜋R))

1−𝜋R
𝜎 + 𝛿

using the expected value of a truncated normal distribution; see Johnson et al.28, page 156, (13.134) Accordingly,

A2 = −𝜌00
𝑓 (Φ−1(1 − 𝜋R))

1 − 𝜋R
𝜎

Hence,

B = (𝜌00 − 𝜌01)
𝑓 (Φ−1(1 − 𝜋R))

1 − 𝜋R
𝜎.

□

Proof of Lemma 2
Lemma 2 follows from Lemma 1, since a, b , 𝜖1, and 𝜖2 are independent and

Cov00 = Cov(−a∕2 + b + 𝜖1,−a∕2 + b + 𝜖2) = Var(b) + Var(a∕2)
Cov01 = Cov(−a∕2 + b + 𝜖1, a∕2 + b + 𝜖2) = Var(b) − Var(a∕2).

Hence,
𝜌00 − 𝜌01 = Cov00 − Cov01

𝜎2 =
2Var(a∕2)

𝜎2 = 2q
which completes the proof. □
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