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Abstract

In drug development, when the drug class has a relatively well defined path to regulatory approval
and the enrollment is slow with certain patient populations, one may want to consider combining
studies of different phases. This paper considers combining a proof of concept (POC) study and a
dose finding (DF) study with a control treatment. Conventional DF study designs sometimes are
not efficient, or do not have a high probability to find the optimal dose(s) for phase Il trials. This
paper seeks more efficient DF strategies that allow economical testing of more doses. Hypothetical
examples are simulated to compare the proposed adaptive design versus the conventional design
based on different models of the overall quantitative representation of efficacy, safety and
tolerability. The results show that the proposed adaptive design tests more active doses with higher
power and comparable or smaller sample size in a shorter overall study duration for POC and DF,
compared to a conventional design.
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1. Introduction

Adaptive designs have often been considered in pharmaceutical industry to improve
efficiency, flexibility and the ethics of minimizing patient risks of exposure to ineffective
treatments. One of the most common adaptations is a two-stage seamless adaptive design,
which combines two separate trials into a single trial. This type of design is especially
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interesting when the drug class has a relatively well defined path to regulatory approval, and
the enrollment is slow with certain patient populations.

Most phase | studies are normally performed in healthy subjects, hence are less suitable for
combination with phase I1/111 patient studies. Exceptions occur in oncology where phase |
studies are commonly conducted with patients, see Gooley et al. (1994), Thall and Russel
(1998), Thall and Cook (2004), and Hoering et al. (2011). Therefore combination of phase |
with phase Il into a seamless adaptive design is uncommon in therapeutic areas other than
oncology. In the literature, seamless phase 1I/111 designs have been extensively discussed,
Bretz et al. (2006) reviewed the general concepts, Schmidli et al. (2006) reviewed various
applications, and Stallard and Todd (2010) compared various statistical approaches in a
unified framework. However, in many situations (especially in hon-oncology therapeutic
areas) there is reluctance to adopt seamless I1/111 design, as normally it is hard for health
authorities (HA’s) to accept adaptive designs in pivotal trials, and a gap between phase 11
and Il is also quite often necessary for a sponsor to make decisions as well as to get
feedback from HA’s.

Phase Il itself usually includes multiple studies in different stages, among them are a proof
of concept (POC) study (phase 11a) and a dose finding (DF) study (phase I1b). A POC study
is usually conducted to demonstrate clinical efficacy with a small number of patients, and
the primary endpoint is assessed at a relatively early time point post-dosing. If the POC
study provides proof of efficacy, a DF study is often conducted to assess the efficacy as well
as safety with a relatively larger number of patients to find the optimal dose(s) for phase Il
confirmatory trials, where the primary efficacy endpoint is assessed at a later time point
post-dosing. Conventionally, DF studies have a small, fixed number (3 or 4) of active doses,
and try to choose the most promising dose(s) among them. This approach works well with
an important assumption that conventional studies do not always meet: the doses assessed
include the optimal dose. The conventional approach also usually powers DF studies at the
same level for every dose, which may be unnecessary. The high cost of carrying all arms of a
phase |1 DF trial for the full duration of a study usually limits the number of doses tested.
Testing relatively few doses limits the acquisition of knowledge about the test drug, and also
increases the likelihood of selecting a dose for confirmatory trials that is not at the optimal
therapeutic level. This increases the risk of failure in the current phase or a more costly
failure in a subsequent study, and sub-optimal dose selection in phase 1l studies contributes
significantly to the failure in phase Il1. Thus, it is desirable to seek more efficient DF
approaches that allow economical testing of more doses to improve chances of correctly
identifying optimal doses for phase 111 trials (Rosenberg, 2010).

The first component of the proposed adaptive design is the combination of a POC study and
a DF study with a control treatment (which can be a placebo or background therapy). The
second component of the proposed adaptive design is the enhancement in dose finding. The
key features of the proposed design are to start with more dose levels, e.g. 6 or 7 doses, and
conduct the trial in two stages, where in the first stage establish proof of efficacy via
comparison of active drug to placebo using pooled groups excluding the worst performers,
then recycle the majority of placebo-treated patients into the second stage. In the second
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stage of dose finding, drop less promising doses sequentially, and in the end test the
superiority between the remaining individual active dose(s) and placebo.

In real situations at trial design stage, sample size or power is usually calculated based on
historical assumptions of efficacy endpoint(s), and safety is not considered because normally
it is not known and hard to make an appropriate quantitative assumption. This paper
introduces the concept of utility as an overall quantitative representation of efficacy, safety
and tolerability, and compares the proposed adaptive design with the conventional design
under several postulated utility models. The results show that the proposed adaptive design
tests more active doses with higher power and comparable or smaller sample size in a
shorter overall study duration for POC and DF, compared to a conventional design.

The rest of the paper is organized as follows. The concept of utility is introduced in Section
2, and the adaptive design with seamless phase I1a/llb transition and enhanced dose finding
approach is described in Section 3. In Section 4, the proposed adaptive design is compared
to the conventional design with simulations under several utility models. The paper
concludes in Section 5 with some discussions.

In normal situations, there is a minimum effective dose level, beyond which the therapeutic
effect (desired drug effect) starts to show, then the therapeutic effect rises with the increase
of dose levels, until a certain point after which the therapeutic effect reaches a plateau
despite the increase of dose levels. In addition to the desired drug effect, there are also side
effects, which usually occur with the increase of dose levels. Therefore, a higher dose with
worse side effects can in general make it less desirable. Utility is used to account for both
therapeutic effects (efficacy) and side effects (safety and tolerability). Usually the sample
size or power calculation is based on efficacy endpoint(s) only. When safety and tolerability
are also taken into consideration, the actual power may be lower than the nominal level as
planned. In the simulations that follow, utility is used to compare the power between the
suggested adaptive design and the conventional design, where utility is an overall
quantitative representation of efficacy, safety and tolerability.

In the following example, the mean values of different doses are hypothetical, i.e. not actual
values from studies, to show a postulated response model. The sample size of 50 per arm is
an arbitrarily picked number. The standard deviations (SDs) and residual values from
ANOVA models are from a psoriatic arthritis (PsA) study of Novartis, but with disguise (i.e.
with addition of non-zero constant values) to keep confidentiality of sensitive information.

Assume in a PsA study percent improvement in American College of Rheumatology
response (ACRn) is assessed for efficacy. ACRn is a continuous endpoint with higher value
indicating better efficacy. Utility is defined as follows,

U,.,=ACRn-10 x I[AE]—20 x I[SAE],

PsA
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where I[AE] and I[SAE] are indicator functions taking value of 1 if an event happens and 0

otherwise. If a patient has an AE but not an SAE, then ACRn will be penalized by 10 for the
utility, and for a patient with an SAE the ACRn will be penalized by 30 for the utility. Table
1 shows the summary of ACRn and utility results.

In the above example utility is a linear function of a continuous efficacy endpoint and
occurrence of AE and SAEs. In this paper, the interest is not to estimate the utility dose-
response curve or establish a mathematical model. Utility is generalized to be a function of
multiple discrete and/or continuous endpoints, and the utility function may or may not have
an explicit mathematic formula. The situation without a mathematic formula is actually
common and is routinely applied in practice — the dose is chosen based on overall
assessment of efficacy and safety results, although the primary variable(s) is most often an
efficacy endpoint(s).

In the simulations presented in Section 4, there is no specific formula for the utility function.
Although the utility function is unknown, in a wide range of postulated models, it is shown
that the proposed design has better performance. This is similar to what is often seen in the
existing literature.

Depending on how the desired drug effects and side effects are impacted by the increase of
dose levels, there can be different utility models. Table 2 shows 8 utility models that are
considered in simulations. For each model, two sets of utility numbers across 6 active doses
are displayed, one set for POC stage and the other for DF stage.

The utility dose-response curves at the DF stage of the 8 models are shown in Figure 1,
where the numbers indicate the indices of the corresponding models. The basic principles
for these models are as follows:

. The best dose at both the POC and the DF stage (may or may not be the
same dose level) has a utility of 100.

. For POC, as it is an earlier time point, safety and tolerability issues would
not negate much of the benefit, the worst dose at POC stage has a higher
utility than at the DF stage.

. The placebo is assumed to have a utility of 20 at POC time point, and 15 at
DF time point.
. SD, which is 126 for the POC utilities and 164 for the DF utilities, is

specified such that the power based on utility for the best dose is 95% of
the nominal power for POC and 90% of the nominal power for DF with
the conventional approach.

One could deem these models are based on normalized parameters from the hypothetical
examples with assumed dose-response trajectories.

Our proposed design is not limited to a specific indication, but non-oncology therapies in
general. Utility function would be different for different indications. When the design is used

J Biopharm Stat. Author manuscript; available in PMC 2017 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yuan et al.

Page 5

in a specific setting, the utility function would better be established with agreement from
clinicians and HA'’s.

The utility doesn’t have to be normally distributed, as there are corresponding statistical
methods in existence. The assumption of normality in the example in Section 4.2 is only for
ease to compare the operating characteristics. As shown later, the utility and the original
efficacy endpoint ACRn are similarly ‘non-normal’. In practice, it could be very well
accepted for ACRn to be analyzed as a normal variable. (If one is prudent enough to use non
parametric method then the same can be used for utility.) One may prefer the utility to be
unit free, that is the rationale for the generalization of utility. On the other hand, for a
specific indication in application, this should be an easy thing to handle, just a matter of
transformation.

3. Seamless phase lla/llb transition and enhanced dose finding approach

Similar to Chow et al. (2007) and Chow and Tu (2008), we assume the endpoints for phase
Ila and 11b studies are similar but different, e.g. a biomarker versus a clinical endpoint or the
same study endpoint evaluated at different time points. The primary endpoint is denoted for
the two stages with Epoc and Eg, respectively, which are correlated. Often two active dose
levels are kept in the phase 111 studies, and this is the scenario that will be focused on here.

To improve chances of correctly identifying optimal doses for phase 11 trials, m active dose
levels are initiated which are believed to include the optimal dose with a certain level of
confidence. Practically, m can be 6 or 7, which should be a reasonable number given that
toxicity and phase I research have already finished, otherwise the number of doses may
increase if there are good reasons. For each dose, the corresponding group has two
subgroups, immediate-treatment and delayed-treatment, where the half in immediate-
treatment subgroup are dosed with active treatment at the beginning, while the other half in
delayed-treatment subgroup are dosed with placebo at the beginning. One group can enroll
up to G patients at the maximum, and G is the per arm sample size that is adopted by a
conventional DF study.

The trial is conducted in two stages, where in the first stage proof of efficacy is established
via comparison of active drug to placebo using pooled groups excluding the worst
performers, then the majority of placebo-treated patients are recycled into the second stage.
In the second stage of dose finding, less promising doses (as decided by descriptive
statistics, e.g. mean of utility) are dropped sequentially. In the end superiority is tested
between the remaining individual active dose(s) and placebo. Let pa poc, Hp,poc b€ the mean
of utility for pooled active doses and placebo at POC stage, and i gf , Mp, of the mean of the
optimal dose and placebo at DF stage, then the tests for POC and DF are as follows.

Hl(]:,ua,poc_,up,poc < 0vs. Hla:#a,poc_ﬂp,poc>0 (|)
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Hoo:pra,ar—pip,ar < 0vs. Hoaiptaai—pp,ar>0 (i)

Figures 2 and 3 show the study process and flowchart of the adaptive design.

Let Gg and G denote per arm sample size for the POC and DF trials, respectively, in a
conventional design, where POC has 1 active arm and 1 placebo arm, and DF has 3 active
arms and 1 placebo arm. For an example where m = 6, B = 4, y = 0.2, with the suggested
adaptive design the sample size is 4.2G, while the sample size of the conventional design is
(2Gg+ 4G).

4. Operating characteristics

In this section we compare operating characteristics of the proposed adaptive design with
210 patients testing 6 doses, versus a POC study with 74 patients and a DF study with 200
patients under the conventional design that tests 4 doses (or 3 doses if the POC dose is one
of those in DF). Model 1 of the utility distribution is used as an example to explain in details
how the simulation is conducted, but results for all 8 models are presented in the end.

4.1. Correlations

In the discussed setting with comparisons of multiple doses versus placebo at more than one
time points, there are two types of correlations. One is the structural correlation of the test
statistics between doses, because of a common placebo as the comparator. The other is the
temporal correlation because some patients contribute to both the POC test and the DF test.
The structural correlation is accounted in Section 4.2, and the temporal correlation is
accounted in Section 4.3.

4.2. Conventional approach

Using the PsA example, if in the future a compound of the same class is to be developed,
information from this trial can be used as part of the assumptions needed for calculating the
sample size. As Upsp = ACRN — 10xI[AE] — 20xI[SAE], where ACRn is usually assumed to
be normally distributed, I[JAE] and I[SAE] are two binary variables, one would not think
Upsa is still normally distributed. However, in this example, probably due to relatively few
AEs and SAEs as well as the fact that ACRn is a composite endpoint with 7 components, the
utility is still approximately a normal random variable. Or in other words, Upga does not
seem to be more distant from normal distribution than ACRn. Figure 4 shows the histogram
of the residuals from ANOVA models with ACRn and Upgp, respectively, as the dependent
variable and treatment as the explanatory variable.

In this example, utility is a linear function of a continuous efficacy endpoint and occurrence
of AE and SAE, and it is assumed to follow normal distribution. The method can be
generalized to situations where the utility is a function of a discrete efficacy endpoint and
other safety endpoints, takes continuous values, but is not a normally distributed variable, in
which case, the hypothesis testing is conducted with different procedures, e.g. using
Wilcoxon rank sum test instead of t-test.
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In a conventional design, the POC study that assesses the ACRn at Week 4 as the primary
endpoint, with 1 active arm and 1 placebo arm would require 74 patients, i.e. 37 per arm, to
achieve 80% power (assuming the mean is 16.0 and -9.5, respectively, for the active and
placebo arm, with a common standard deviation of 38.5, and a significance level of 0.05 two
sided). For the DF study in a conventional style, 3 active arms and 1 placebo arm with ACRn
at Week 12 as the primary endpoint, without adjustment of multiplicity, the per arm size will
be 50 patients, to achieve 80% power (assuming the mean is 25.3 in an active arm, and —3.8
in the placebo arm, with a common standard deviation of 51.2, and a significance level of
0.05 two sided).

4.2.1. POC power in terms of utility—In terms of the utility specified in Table 1, if still
assume normal distribution for utility, then the power for the POC (test at Week 4) drops to
76%, assuming the mean is 14.0 and —14.5, respectively, for the active and placebo arm,
with a 1:1 randomization, a common standard deviation of 45, a significance level of 0.05
two sided, and a per arm sample size of 37.

Using numbers from Model 1 of utility in Table 2, the power of 76% for the POC study is
derived with the active mean of 100, the placebo mean of 20, a common standard deviation
of 126, assuming a 1:1 randomization, a significance level of 0.05 two sided, and a per arm
sample size of 37.

4.2.2. DF power in terms of utility—In terms of the utility specified in Table 1, for the
DF (test at Week 12), if only consider one active dose compared to placebo as has been a
routine in practice, the power is 72%, assuming the mean is 20.0 in an active arm, and —6.8
in the placebo arm, with a 1:1:1:1 randomization, a common standard deviation of 52, a
significance level of 0.05 two sided, and a per arm sample size of 50. Using numbers from
Model 1 of utility in Table 2, the power of 72% for the DF study is derived with the active
mean of 100, the placebo mean of 15, a common standard deviation of 164, assuming a
1:1:1:1 randomization, a significance level of 0.05 two sided, and a per arm sample size of
50. However, as to be discussed below, when there are multiple comparisons, it is more
complicated.

In practice, two testing procedures are not uncommon in DF studies with conventional
approach. One is to test the hypothesis for each dose the same way as if there were only one
dose, another is to test these doses in a pre-specified sequence, e.g. from high dose to low
dose (lower dose is tested only when the null hypothesis has been rejected for higher ones).
The former does not adjust for multiplicity, but the latter does and controls the family-wise
type | error. The R package gMCP is used to assess the operating characteristics for the
conventional approaches, see Bretz et al. (2009, 2011a, 2011b). The two testing procedures
are illustrated in Figure 5, where for Strategy 1 on the top each hypothesis is tested at a level
without propagation, and for Strategy 2 at the bottom Hj is tested first at a level (0 for H,
and H3 means they are not tested at the beginning) and H, will be tested if and only if Hy is
rejected, and the same from H, to Hs

Assuming the conventional approach randomly picks 3 out of the 6 doses to conduct the DF
study, gMCP is used to calculate the following operating characteristics:
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1. Power: the probability that the highest-utility dose (i.e. the optimal dose)
is included in the DF study and its superiority over placebo is established,
under the condition that the utility of the test drug is greater than placebo
(at all dose levels).

2. Type | error rate: the probability that superiority over placebo is
established for at least one dose, under the condition that the utility of the
test drug is the same as the placebo (at all dose levels).

Let H1, H2, H3 represent the null hypotheses associated with chosen doses from high to low,
the transition matrices for the two strategies are as follows:

Gi= , Go=

o OO
o O O
o OO
o O O
o O
(= -

All elements in G4 are 0 because there is no alpha propagation in this procedure. In Gy, the
full alpha is propagated from H; to Hy, and again from H, to Hs, and nowhere else,
therefore 1 in the cells (1, 2) and (2, 3), and 0 in all other cells.

Let the following matrix R represent the correlation coefficients between test statistics of
each two out of the three hypotheses.

&3
I
™ T o=
< =%
—T o

As the structural correlation induced by comparing two doses with a common control in a
balanced parallel group design is 0.5, see Bretz et al. (2011b), simulations are performed for
p=0.5,0.7,0.9, 1, and the results are shown in Table 3. With the increase of correlation
between doses, power is increased under Strategy 2 and type | error rate is decreased under
Strategy 1, such that when the doses are independent power is the lowest (under Strategy 2)
and type | error rate is the highest (under Strategy 1).

In theory, it is possible that the three doses assessed include the optimal one, and that all
three doses are superior to placebo; however, the optimal dose is not chosen for phase 111
(i.e. the other two doses perform better in the trial). Therefore, the power shown in Table 4
could be higher than the preferred situation — choosing the optimal dose for phase I1l. Given
that the goal is to show that the proposed adaptive design has higher power than the
conventional approach, this definition is used for the conventional approach (which allows
an ‘inflated’ power).

4.2.3. Overall operating characteristics for conventional approach—With the
conventional approach, DF power is a conditional probability conditioned on a successful
POC study. Therefore, the power of winning both is the product of the POC power and the
DF power. Under Model 1 utility distribution, (ignoring the alpha inflation with Strategy 1),
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the power for the conventional approach is in the range of 0.16 — 0.25 for winning both POC
and DF.

4.3. Proposed adaptive design

As shown in previous sections, when the results of different doses are independent (i.e. the
structural correlation is 0.5), the type | error rate (for Strategy 1) and power (for Strategy 2)
are the worst with the conventional approach. It should be similar for the adaptive design,
i.e. power and type I error are the worst when the results of different doses are independent.
In what follows, the situation is assessed where the results of different doses are
independent.

Among the patients that contribute to the active treatment of the final DF test, 20% that are
on active treatment from the beginning also contribute to POC test for the active treatment.
Likewise, among the patients that contribute to placebo treatment of the final DF test, 20%
that don’t have a dosing restart also contribute to POC test for the placebo treatment. The
simulations account for the correlation between the POC and DF endpoints, i.e. the temporal
correlation, for these patients. (There could also be patients who contribute to placebo at
POC but active treatment at DF. These correlations are ignored.) Different levels of temporal
correlation are evaluated. For each level of the correlation within the set of (0, 0.5, 0.7, 0.9,
1), 10,000 simulation runs are performed to calculate the following operating characteristics:

1. Power: under the condition that the utility of the test drug is greater than
the placebo (at all dose levels), the proportion of successes with
superiority established for both POC and DF, and the optimal dose is in
the two doses picked for phase Il

2. Type | error rate: under the condition that the utility of the test drug is the
same as the placebo (at all dose levels), the proportion of successes with
superiority established for both POC and DF

With the Model 1 utility distribution, the results are shown in Table 4. The impact of
correlation is negligible. (The situation is similar with other models.)

The type | error rate is well controlled for the proposed adaptive design. The power is in the
range of 0.31-0.32 for winning both POC and DF and the two doses selected for phase 111
include the optimal dose.

4.4. Comparison of power between the adaptive design and the conventional design

Under different scenarios of the utility model, the power for the proposed adaptive design
and the conventional design is shown in Table 5, where power is defined as follows:

. with the conventional design the probability of (1) a successful POC and
(2) the highest-utility dose is included in the DF study and its superiority
over placebo is established, under the condition that the utility of the test
drug is greater than the placebo.

. with the adaptive design the probability that superiority is established for
both POC and DF, and the optimal dose is in the two doses picked for
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phase I11, under the condition that the utility of the test drug is greater than
the placebo.

In all the 8 models, the proposed adaptive design has advantage over the conventional design
in terms of power. Specifically, in models where doses have relatively larger difference in
utilities (Models 2, 4, 7), the advantage is the most pronounced, while in models where
doses have similar utilities (Models 5, 8) the advantage is smaller. Other design elements of
the conventional approach and the proposed adaptive design are displayed in Table 6. The
results from Tables 5 and 6 have shown that the proposed adaptive design has the following
advantages compared to a conventional design:

. Tests more active doses

. Higher power

. Comparable/smaller sample size

. Shorter overall study duration for POC and DF

4.5. Control of type | error rate

From the above simulations, in the conventional design, the type | error rate of the DF study
may or may not be controlled depending on which testing procedure is adopted. (The POC
study controls the type | error rate as there is only one dose.) The adaptive design controls
the family-wise type I error rate at 0.003 level.

5. Discussion

5.1. Doses picked with DF assessment

When choosing 2 doses that will be used as the basis for regulatory approval, among several
doses where a monotonic dose response relationship exists, e.g. 10 mg, 20 mg, 40 mg, 80
mg, 160 mg, 320 mg, intuitively it makes sense to pick two adjacent doses (as it would be
counter-intuitive to approve 20 mg and 80 mg but omit 40 mg). However, since the 2 doses
picked from DF will be further evaluated in future phase 111 (adequate and well controlled)
studies, it could be acceptable to pick 2 doses that are not adjacent in the candidate pool of
doses. Actually, if the DF study results show that 20mg and 80mg are the best two
performers, it would be reasonable that one actually uses 20mg and 40mg (or 40mg and
80mg) for phase Il1.

5.2. Rationale to have half patients in a delayed-treatment subgroup of every dose level at
the beginning

Why not consider several active arms and one placebo arm in parallel with equal size? In the
design proposed, a POC test is conducted at an early stage, where the active doses are
combined excluding a couple of ‘losers’, and compared to the placebo group. To have a
balance between the pooled active patients and placebo patients, 6 or 7 groups are used at
the start of the POC, and each group is balanced between active and placebo (using a
stratified randomization). After POC criteria have been met, only two delayed-treatment
subgroups remain on placebo, and constitute the placebo group for the DF test later.
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5.3. Rationale to perform POC test with better-performing subgroups

If all active doses are included for POC test and ineffective active doses exist, the
comparison power will be diluted. Therefore the worst active doses are excluded. The worst
placebo subgroups are also excluded to mirror the algorithm for the active subgroups,
otherwise the type | error may be inflated because better values are ‘picked’ for actively-
treated patients.

5.4. Rationale for some patients to remain on placebo with a dosing restart in the second
stage

The end goal is to perform the final comparison between the placebo group and each of the
remaining active groups, where each active group has two types of patients, one type would
be those starting from the very beginning with the active dose, and another type would be
those converting to active dose from placebo who have a dosing restart. With the designed
handling, the placebo group will also have two similar types of patients, except that they are
on placebo.

5.5. Mathematical proof of the type | error control

Formal mathematical proof of type I error control would definitely be valuable in addition to
simulations that have been conducted, which would be a topic of interest for further
investigation.
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Figure 1.
Utility dose-response curves at the DF stage of the 8 models
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* Hi: Uapoc - Mppoc = 0 with a = 0.025

Fail

POC fails, terminate

rop the worst (m-B) active doses
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treatment subgroup remain on placebo but with a dosing restart )
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are assessed for Eg4f
> Drop the worst B-2 active arms

When G patients assessed for Eg4in every remaining arm
« Find the better dose

DF test: the better active dose versus placebo
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« Decide whether keep both active doses for future studies

Figure 2.
Study process of the adaptive design

The parameter G, per arm sample size adopted by a conventional DF study, is the maximum
number of patients that can be enrolled in a group in the adaptive design. Conditions for
other parametersarem=6,0<-y <0.5,and3<B<m- 2.
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Figure 3.

Study flowchart of the adaptive design
Although there are multiple placebo groups at the beginning, most of them switch to active
treatment after POC criteria have been met. The overall exposure time on placebo in this
design is comparable or sometimes less than that in a conventional design.
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Histogram of residuals from ANOVA model with ACRn and utility, respectively, as the

dependent variable, and treatment as the explanatory variable
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Two strategies in DF studies with conventional approach

J Bigpharm Stat. Author manuscript; available in PMC 2017 January 01.




Page 18

Yuan et al.

Author Manuscript

T alqeL

Author Manuscript

€19 | 89— §09 | 8°¢- 05 | ogsoerd
9¢S | 00C 6'1G | €G¢ 0S ubiy
ovs | LT SvS | 8'¢C 0§ | wnipaw
¢S5 | €¢- €15 | ¥v'T 0S MOJ | ZT %99W\
TGy | G¥T- | L'6€ | 96— 05 | ogsoerd
6vy | OVT €LE | 09T 0S ubiy
vy | €TT ey | v'ET 0§ | wnipaw
€6y | v'S- 9Ty | 8¢ 0S MO] ¥ 199N
ps uesw | ps uesw | u asod HSIA
vsdn udov

synsaJ Apnis siyue aneliosd [eansylodAy e jo Arewwng

Author Manuscript

Author Manuscript

J Biopharm Stat. Author manuscript; available in PMC 2017 January 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Yuan et al.

Different utility models considered in simulations

Utility distribution

Model

POC

DF

90, 92, 97, 100, 92, 80

82,93, 100, 92, 81, 65

90, 92, 97, 100, 85, 60

82,93, 100, 85, 66, 45

80, 92, 100, 97, 92, 90

65, 81, 92, 100, 93, 82

60, 85, 100, 97, 92, 90

45, 70, 85, 100, 93, 82

88, 95, 100, 97, 92, 87

86, 93, 100, 95, 90, 85

80, 92, 100, 95, 89, 81

65, 80, 94, 100, 84, 66

75, 89, 100, 94, 86, 77

45, 70, 85, 100, 75, 48

oI N|J]ojJloulh~|lw DN

92,97, 100, 98, 96, 93

90, 95, 100, 97, 94, 91
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Table 3

Impact of structural correlation on operating characteristics for the two strategies with conventional

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

approaches

Correlation of test statistic between doses | DF Power under Strategy 2 | DF Type | error rate under Strategy 1
0.5 0.21 0.13
0.7 0.22 0.11
0.9 0.24 0.08
1 0.24 0.05
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Power and type | error rate for adaptive design

Temporal Correlation | Power | Type I error rate
0 0.31 0.001
0.5 0.32 0.002
0.7 0.31 0.002
0.9 0.31 0.002
1 0.32 0.003
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Power of adaptive design and conventional design

Model | Conventional design | Adaptive design
1 0.16-0.25 0.30-0.32
2 0.11-0.22 0.32-0.34
3 0.18-0.25 0.31-0.32
4 0.16 -0.22 0.32-0.33
5 0.20-0.26 0.29-0.31
6 0.16 -0.26 0.31-0.33
7 0.12-0.22 0.32-0.35
8 0.23-0.28 0.27-0.29
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Table 6

Design elements of adaptive design and conventional design

Design elements Conventional design | Adaptive design
Total number of patients 274 210
Number of active doses 4or3” 6

Patient years of exposure to placebo 14.3 14.6

Gap between POC and DF Yes No

*
If POC dose is also one in the DF
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