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Abstract

The motivation for the work in this article is the setting in which a number of treat-
ments are available for evaluation in phase II clinical trials and where it may be infea-
sible to try them concurrently because the intended population is small. This paper
introduces an extension of previous work on decision-theoretic designs for a series of
phase II trials. The program encompasses a series of sequential phase II trials with
interim decision making and a single two-arm phase III trial. The design is based
on a hybrid approach where the final analysis of the phase III data is based on a
classical frequentist hypothesis test, whereas the trials are designed using a Bayesian
decision-theoretic approach in which the unknown treatment effect is assumed to fol-

low a known prior distribution. In addition, as treatments are intended for the same

population it is not unrealistic to consider treatment effects to be correlated. Thus,
the prior distribution will reflect this. Data from a randomized trial of severe arthritis
of the hip are used to test the application of the design. We show that the design on
average requires fewer patients in phase II than when the correlation is ignored. Cor-
respondingly, the time required to recommend an efficacious treatment for phase III

is quicker.
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1 | BACKGROUND

Before it is authorized by regulatory authorities, a new treatment is first tested for tolerability in phase I followed by an exploration
of therapeutic effects in phase II and finally, efficacy and safety are assessed in phase III (ICH, 1997). The objective for each
phase is different and traditionally each study is designed separately. For example, a phase I drug trial might be designed to
identify the maximally tolerated dose and use a group of participants (usually healthy volunteers) at each dose level of a new
drug whereas a nondrug trial may focus on safety assessments only. Once tolerability and safety are established, an exploratory
phase II trial is undertaken to test efficacy against a standard treatment. This may be a single-arm study where observed efficacy
for the test treatment is compared to a fixed and known control, usually a standard treatment. After the test treatment has been
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shown to be reasonably efficacious it is compared to a control (standard treatment or placebo) in a phase III trial. The phase III
trial is typically designed as a two-arm parallel group randomized controlled trial where patients are randomized to either the
test treatment or the control arm (Pocock, 1983).

There is often more than one new intervention (e.g., treatment or procedure) available for testing. This is problematic for
the conventional paradigm of fixed and distinct phases composed of simple two-arm comparisons. This difficulty is further
compounded where resources such as patients and money are limited. This is especially true in clinical contexts with small
research populations, for example, a rare disease or for a specifically targeted subpopulation. In such constrained settings, it is
necessary to design trials in the context of other treatments or trials such that the management and allocation of limited resources
may be optimized and research undertaken as efficiently as possible (Senn, 1996).

In this paper, we propose a design motivated by the scenario in which two or more treatments are available for clinical testing
with the intended study population sufficiently small, or resources sufficiently limited, that it is not feasible to test all treatments
concurrently. The proposed design is for a series of phase II run one after another and a single phase III trial using treatments
that have been previously tested for tolerability and safety. A decision is made at the end of each phase II trial whether to accept
the test treatment for further study (phase III) or to reject it. In making the latter decision, the decision maker may decide to start
a new phase II trial with a different treatment or abandon the entire development plan. As it is essentially a decision problem
whether or not to accept the test treatment for further study, statistical decision theory seems an obvious choice to model the
design of the phase II trial (Julious & Swank, 2005). We propose such an approach that allows the quantification of the reward
(or gain) from a future successful phase III trial, if the treatment is accepted for further study, and losses incurred in conducting
the trials. Note that the problem we are investigating is an elaboration of the well-known Secretary Problem where one could
only appoint one candidate from the known n candidates to the secretarial position, see, Ferguson (1989a) and commentaries
and responses therein (Ferguson, 1989b; Freeman, 1989; Robbins, 1989; Sakaguchi, 1989; Samuels, 1989) for a summary of
the problem, solutions, and extensions.

There is a relatively limited literature on methods for designing a program of phase II and III trials (see, e.g., Chen & Beckman,
2009; Ding, Rosner, & Miiller, 2008; Hee & Stallard, 2012; Pallay, 2001; Rossell, Miiller, & Rosner, 2007; Stallard, 2003, 2012;
Stallard & Thall, 2001; Wason, Jaki, & Stallard, 2013; Whitehead, 1986). Of these, eight designs are based on a decision-
theoretic approach, (see, Hee et al., 2015 for a summary of their methods) in which by considering the probable success of the
future of a recommended treatment in a phase III setting, the sample size for each phase II trial can be optimized. A working
group from the Drug Information Association (DIA) Adaptive Design Scientific Working Group has been working on similar
designs for a program of phase II and III trials in specific disease areas, namely, diabetes, oncology, and neuropathic pain (see,
Antonijevic et al., 2013; Marchenko et al., 2013; Patel et al., 2012).

The method proposed here extends that was proposed by Hee and Stallard (2012). They considered a program consisting of
a series of sequential phase II trials where at each interim stage a decision is made to continue with recruitment to the current
trial, stop and proceed to a phase III trial with the current treatment, stop and initiate a phase II trial with a new treatment or stop
and abandon the entire program. Unknown parameters were assumed to follow a specified prior distribution and were assumed
by Hee and Stallard to be independent. In reality, however, treatments targeting the same population may be related. In this
case, information from earlier treatments may inform our opinion of subsequent treatments, which in turn affects their optimal
decision schemes. Therefore, in this paper, we propose an extension which allows correlation between the efficacy parameters
for the test treatments.

2 | FRAMEWORK

2.1 | Setting

Following Hee and Stallard (2012), we assume at the design stage of a clinical research program that the size of the study
population and the number of treatments available for testing are known and fixed. We plan to conduct a series of single-arm
phase II trials followed by a single randomized controlled phase III trial. We assume that the primary endpoints for both phase
II and III trials are the same and that the responses follow a Bernoulli distribution.

The terms program and development plan are used interchangeably to represent this series of trials. The phase II trials are
conducted one after another with interim analyses. We also assume that treatments already tested in the current program will not
be evaluated further and patients previously recruited into the current program will not join future trials of the current program.

Within each phase II trial, a group of patients is treated in each interim stage and a decision is made based on their observed
responses from the following actions:
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Action A: Stop the current phase II trial and abandon the entire program;

Action P: Stop the current phase II trial and proceed to a two-arm phase III trial with this test treatment compared to the
standard treatment using all the remaining patients;

Action T: Stop the current phase II trial and initiate a new single-arm phase II trial for a different treatment; or

Action R: Continue the current phase II trial by recruiting additional patients.

Not all four actions are available for consideration at all interim stages; if all available treatments have been tried then action
T is not available at any interim stage of the trial of the final treatment. We also restrict the phase III trial to a minimum sample
size. Thus when only this minimum number of patients remain from the original research population, actions R and T are not
available.

Itis assumed that at the end of the phase Il trial, the observed data from the trial are analyzed based on a frequentist hypothesis
test. However, in the design stage of the whole development plan we will adopt a Bayesian approach in which the unknown
treatment efficacy parameters are assumed to be random and follow a known prior distribution. That is, the design is based on
a hybrid approach, a combination of classical and Bayesian frameworks.

2.2 | Model

Let N denote the total size of the population eligible for both phase II and III trials and K denote the number of test treat-
ments with N and K assumed fixed and known. Let nyp ., be the predetermined minimum number of patients required for
the phase III trial and m,; be the predetermined fixed number of patients recruited at the i-th stage of the k-th phase II trial,
k=1,..., K. The total number of patients recruited from the first stage up to and including the i-th stage of the k-th trial is
ng; = E;‘=1 my ;. Assuming patients’ responses to be independent Bernoulli random variables, let Y;; be the number of successes

out of the m,; patients in i-th stage of trial k and S}; = Z;zl Y be the accumulated total number of successes out of ny; patients

from the first i stages in trial k so that S; ~ Bin(ny;, p;) for p;, and similarly, Y;; ~ Bin(m,;, p,). Given p,, the density function
of Sy, and Y, are fg,(sy;|n. py) = (’S'Z'_')pi"f(l — p)™i=Ski and f(yy;|my;. py)s respectively.

Suppose n,, is the total number of Ipatients in trial k and .S, is the total number of successes from the n,, patients
when action T (stop the current phase II trial and start another with a new test treatment) is taken. During the con-
duct of the current k-th trial, there is no observation from future trials. Let ny; = (ny, ... s 4 n;, 0, ...,0) be the ran-
dom vector of the number of patients recruited from the preceding trials and from the first stage up to and including the
i-th stage of the k-th trial and Sy; = (S5, ..., Sk_1 4+, Sk 0, ..., 0) be the corresponding vector of successes observed. Let
Sio =S4, Skt 40 0, ..., 0) denote the vector of successes out of ngy = (n,, ... ] 4 0, ...,0) patients observed from
the preceding trials at the start of the k-th trial; this will be referred to as stage 0. The joint conditional distribution of
Ski = Sk given ny; and p = (py, ..., pg) at stage i in trial k is the product of density functions, hg, |,(Si; = 5i;|p) =

,1:,;11 T 51 ss b ) fs1p(Skil i pi)- Note that at stage i = 0, ny; = 0 and we take fg,(0]0, py) = 1.

In this proposed design, we assume that the parameters p follow some joint prior distribution denoted by the K-variate
joint density, h,(p). Upon observing the accumulated successes, sy;, information on p is updated and the joint posterior density
obtained using Bayes’ theoremis A, 5, (P|8k;) = hs,,|p(Sxi|P)hp(P)/hs, (sk;) where hg (si;) = [f hs,,1p(5kilP)hy(P) dp,
is the marginal joint density of Sy;.

We have noted earlier that patients’ responses are conditionally independent given parameters p. Therefore, suppose we have
observed Sy; = sy;, the posterior marginal density of Y} ;,; is

818 (Veist [Skis ki) =/"'/f(yk,i+1Imk,[+1,pk)hp|sk,~(P|ski)dP~ <)

3 | UTILITIES AND BACKWARD INDUCTION

3.1 | Utilities

At each stage of each trial, the desirability of each action is expressed by some gain or utility function capturing rewards and
costs which will be assumed to depend on the true parameters, p, the total number of patients, N, and the numbers of patients
recruited so far, ny;. The reward may be the monetary value of taking the action or it could be a value that has no obvious scale
of measurement, such as the value of treatment effectiveness. The cost of conducting a trial is separated into fixed and variable
costs (Patel & Ankolekar, 2007). The costs of phase II and III trials may be different due, in part at least, to longer follow-up and
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more comprehensive outcome assessment in studies of the latter type. The fixed costs are costs that are not dependent on the size
of the trial. Let I}, and /j; , denote the costs of setting up and conducting phase II and III trials for treatment k, respectively.
The variable cost, on the other hand, depends on the size of the trial and can be expressed as the cost per patient. Let ¢, and
¢y ¢ denote the cost per patient in a phase II and III trials, respectively, for treatment k.

Let G,(k, p,ny;, N) be the gain function for action a,a € {A, P,T, R}, in trial k given the sample sizes n;; and the true
value of p. The gain function for each action is described in detail in Sections 4.1 to 4.3. As the true parameters are unknown,
the expected utility function of action a can be obtained as the expectation over p. Having observed responses from the preced-
ing trials and from the first stage up to and including the i-th stage of trial k, the expected utility of action a is the expec-
tation over the joint posterior density of p given s;;. For a € { A, P}, the expected utility is given by G,(k, sy;, ny;, N) =
E(G,(k,p,ny;, N)|sg) = [+ [ G,(k,p,ny, N)hy,s,,(P|sk;) dp. The expected utility function for a € {T', R} depends on the
expected utility of subsequent actions and we show how they are calculated below (see Sections 4.2 and 4.3). The optimal action
at stage i of trial k is the one that maximizes the expected gain function, arg max,e( 4 p 7. g} Ga(ks Sgi> Niis N)-

4 | EXPECTED UTILITY FUNCTIONS

The utility function is defined relative to an arbitrary reference value (Hilden, 1990). A natural and convenient one is to fix it to
the initial stage of the current trial where no cost is spent. This is because the utility function within each trial does not need to
account for the costs incurred from previous treatments as these costs are common constants during the comparisons of actions
at each stage of the current treatment.

4.1 | Expected utility of action A (abandon the program) and action P (proceed to a phase III trial)

Following the design by Hee and Stallard (2012) the utility function we consider in this work is motivated from a commercial
perspective and the expected utility functions of actions A and P have similar forms to those described by them;

—Cr ki a=A,
Golkspme N) =4 /U (1 ~®(z1_4p ek\/Vk)) hpys,, (PlSk) dp + @)
k—1
—C Mk — Crnk (N - ijl nj, — nki) — ks a=P,

where U is the gain of identifying the experimental treatment as more effective than the control treatment correctly, 6, =
log{p,(1 = pc)/(pc(1 — py)) is the log odds ratio, ®(-) is the cumulative standard normal distribution function, z, is the upper
100y percentile of the standard normal density, and V is Fisher’s information. The gain U can be a fixed constant value or a
function of 6 where the gain depends on the level of efficacy of the experimental treatment (see, e.g., Berry & Ho, 1988). The
notable difference in our proposed design from Hee and Stallard (2012) is that the expected utility of action P is the expectation
over the joint posterior density.

4.2 | Expected utility of action T (start a new phase II trial)

If action T is taken after observation of ny; patients, the k-th trial is abandoned and a new phase II trial is initiated with the
remaining population of size N — Zj:ll n;, — ny;. The expected utility of action T depends on the expected utility of the new
trial and its resulting actions may be found by backward induction (as follows). The expected utility of action T is the expected

utility of the (k + 1)-th trial less the cost of patients recruited thus far to the k-th trial, that is

Gr (ks Sk s N) = Gropar (K + 1, Sg1,00 P00 N ) — Crphiy 3)

where  Gry(k + 1, 85410, Mkq1,0- N) is the expected utility of the (k+1)-th trial having observed Sj,;¢=

(S145--58k4,0,...,0) successes out of Nyi10 = (ny4,...,n4,0,...,0) patients from the first k trials and is calculated
as shown below (Section 4.4).
We set Gr(k, sg;, ny;, N) = —o0 if 25;11 njy +ng; = N — nypp i, 0 that action T will not be chosen as the optimum action

at stage i of trial k since this would leave fewer than the required minimum number of patients for a phase III trial at any point
in the future. Similarly, when k = K, action T is not available at any interim stage and G (k, sg;, ng;, N) = —oo for all i.
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4.3 | Expected utility of action R (continue the current phase II trial)

Action R is to continue the current single-arm phase II trial. The gain from action R after observation of n;; patients from
the preceding trials and from the first stage up to and including the i-th stage of trial k depends on the action taken based
on the observation from patients recruited in subsequent stages and trials. Consequently, the expected utility of action R is
also obtained by backward induction. Suppose we recruit an additional m, ;. patients to the current trial with Y} ;.1 = y; ;41
observed at the (i + 1)-th stage. The optimal action at this stage is then the action with the highest expected utility function,
max,e(a p7,R) {1 Ga(ks Ski + Vi 1> Mii + My ;15 N) 1. The expected utility of action R is the gain from recruiting the additional
my ;41 patients averaged over the possible responses given the observed successes from the preceding trials and from the first
stage up to and including the i-th stage of the current trial, that is

My i+l

Gr(k sgoms N) = Y . {ga(kvski + Vit Mg + My g1 N) } X
Yi,i+1=0 e

XngSk,-(yk,H—l |Ski’nki)’ @)

where gy s, (Vi41lSki-Rg;) is the posterior marginal density of Y., given Sj; =s;; as given in (1). We set

Gr(k, sgi i N) = —o0 if Zj:ll nj+ng; = N = nyp i, k =1, ..., K so that action R is not possible.

4.4 | Expected utility of the k-th trial

The k-th trial starts by recruiting m, patients to the first stage. The expected utility of the k-th trial is obtained by con-
sidering the desirability of sampling m,; patients and the possible resulting actions, namely, actions A, P, T and R. The
expected utilities of these actions are given, respectively, by Eqgs. (2)—(4) which in turn depend on the expected utilities
of subsequent actions. As there is a finite sequence of interim stages in the trial the expected utility of the k-th trial is
solved by computing the expected utilities of all actions at the ultimate stage for all possible responses. At this last stage,
the expected utilities of actions A and P are given by (2), whereas expected utilities of actions T and R are set to —co as
discussed in Sections 4.2 and 4.3. The expected utility functions for all actions at the penultimate stage are then solved
based on the values from the ultimate stage and for all possible responses prior to the penultimate stage. Working method-
ically in this iterative manner the expected utility of the k-th trial is obtained by backward induction. The computation
of the expected utility of the trial and optimum sequential scheme is similar to the one described in Hee and Stallard
(2012).

Suppose at the start of trial k, Sy = (S, ..., Sk_1’+, 0,...,0)successesoutof nyg = (1, ... g1 4 0, ...,0) patients were
observed from the preceding trials, the expected utility of the k-th trial is determined by maximizing the expected utility of each
possible action (i.e., averaging it over all possible values of Y} ) less the cost of conducting the k-th phase II trial. The expected
utility is written as

My
Grotat (ks Sk0s ko> N) = Z L. {Gu(ks 1> i1 N) } 8y (Vi1 150> Pro) = I
Yk1=0 o

where gy s, (VkilSko.Ngg) is the posterior marginal density of Y, given s, obtained as shown in (1), that is,
815 Vi1 15k0- Nko) = [ [ F g lmy s Piohp)s,, (Plsko) dp and the individual expected utilities, G, (k, syq, ngy, N), are given
above (Sections 4.1-4.3). At the first stage of trial k, S| = Y} and n;; = my,, therefore, S = (S, ..., Si—1.49Y150,...,0)
and ngy = (ny,, ... ,nk_1,+,mk1,0, ...,0).

The expected utility of the whole program Gr.1(S19, 119, IV ), 1s then obtained. If this is greater than O then it is worthwhile
to start the trial by recruiting the first m,, patients to the first trial. Otherwise, the optimal decision is not to start the program at
all.
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5 | PRIOR DISTRIBUTION

One possible form of the K-variate beta distribution is one that follows the multivariate distribution family introduced by Sar-
manov, described by Lee (1996). The joint density function is

K
hy(Pr e PK) = <Hf,,<pk)> (1+ Ray 1.0 ) )
k=1
with
K-1 K
Ro (pro-opi) =, D) @ 5,8(p;, )(p),) +
h=1jp=j+1
K- K- K K
Z Z Z Jl/2J3 p/1)¢(pjz)¢(pjs)+m+a)1’2,-~-’KH¢(pj)’
1=1ja=j1+1 jz3=jp+1 j=1

where ¢(p,) is a nonconstant mixing function bounded by /_°§o $(p)fp(pr)dp, =0 and the mixing parameter Qg =
{a) iy @iz s @12, K} Lee proposed ¢(p,) = p; — u; where y, is the expected value of p,. The elements of Qy are
chosen such that they satisfy the condition 1 + RQK (pl, s D K) > 0 for all p and when each element equals zero, then all K
treatments are independent.

The joint posterior density is

K ]+RQ (pl""’pK)
h s S) = K 6
o1 (p1 pkls; sk) {kE[lfms(PUSk)} { " +DQK(s1,...,sK) (6)

wherefp|S(pk|sk) pZ"H" l(1

bytn—sg—1 . . . .
- ) S /B(a; + i, by + ny — s;) is the marginal posterior density and

K-1 K
DQK(S]"" Z w]llzw W(Sj2)+
h1=l =i+l
K-2 K-1 K
+ Z @ ¥ (85 )W (s),)w(s),) + -+ @1 KHW
h1=l=h+1jz=j+

where y (s;) = (s, — ey )/ (ag + by + ny.).

6 | APPLICATION

6.1 | The Warwick arthroplasty trial (WAT)

In order to illustrate the characteristics of the development plan of a series of trials with correlated treatment efficacy we use data
from the Warwick arthroplasty trial (WAT) (Costa et al., 2012). This was a two-arm parallel group randomized controlled trial
that assessed function after either total hip arthroplasty or resurfacing arthroplasty in patients with severe arthritis of the hip. The
latter treatment group was the newer implant procedure (experimental) and the former the standard procedure (control). Patients
were recruited between May 2007 and February 2010 and 60 of the total 126 patients were randomized to the experimental
arm. One of the study endpoints was hip function at three months postsurgery assessed using the Oxford hip score (Dawson,
Fitzpatrick, Carr, & Murray, 1996); this is often categorized into either poor (score, 0-26), fair (score, 27-33), good (score,
34-41), or excellent (score, 42—48) function (Costa et al., 2012).

Although there was only one experimental treatment in WAT, it is not uncommon in surgical trials to have more than one
procedure that differ in the types of material and/or technical aspects of the operation. This design of a series of treatment where
their effects are correlated is ideal for such surgical trials where the intended research population is small and there are more
than one procedure available such that it is infeasible to try them concurrently.
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6.2 | Bivariate case

In our illustration, we assume that there are two (K = 2) newer resurfacing arthroplasty procedures that differ in the technical
aspects of the operation available for single-arm phase II clinical trial and only one can proceed to a phase III trial where the
control treatment would be total hip arthroplasty. We also assume that the primary endpoint is a binary outcome where a good
or excellent function of the Oxford hip score at three months postsurgery is considered as a success (represented numerically
as 1) whereas a poor or fair function is considered as a failure (0). The three-month hip function score provides a convenient
measure of the success or failure of the procedure in our hypothetical phase II trial.

For K = 2, the bivariate density function in Eq. (5) is h,(p;, p2) = f,(p1)f,(p2)(1 + 0gp(p;)¢(p,)) where ¢(p,) is taken to
be p, — i, k = 1,2, and y, is the expected value of p,. The correlation coefficient of p; and p, is given by p = wo,0, where

2

o, is the variance of p; and the mixing parameter, w, satisfies the condition

max{ _1, ml }Swﬁmin{ ! , ! }, @)
uipy (1= pu)A = uy) ui(1 = ) (1 = py)

so that p € [—1, 1] (Lee, 1996). A range of prior distributions of this form are considered below.

6.3 | Illustration of the bivariate case

From the published results (Costa et al., 2012), we assume for designing the series of trials that the probability of success
of the control treatment is p- = 0.5. We also assume that the probability of each treatment follows the same marginal prior
distribution, as we believe a priori that both treatments are equally effective. In order to understand the operating characteristics
of the design we consider the following prior density functions; Beta(1, 1) which is equivalent to obtaining information from a
uniform distribution, Beta(0.12,0.08), Beta(3,2), Beta(12, 8), and Beta(143.4,95.6) which have expected value 0.6, indicating
a prior belief that the experimental treatment efficacy is greater than p., but variances ranging from 0.20 to 0.001. We also
consider prior distributions with expected value less than p., namely, Beta(8, 12) and Beta(8.792, 11.65) which have the same
variance of 0.0114 but different expected values, 0.40 and 0.43, respectively, and Beta(2,3) and Beta(7,10.5) which have the
same expected value, 0.40, but different variances, 0.04 and 0.0130, respectively. Note that it is unlikely in practice to select
a highly informative prior such as Beta(12, 8) and Beta(143.4,95.6) or a U-shaped distribution such as Beta(0.12,0.08) and
Beta(0.84,0.56) but they are included here for illustration.

We also need to make some (albeit fairly crude) assumptions about the costs of different aspects of the design. For simplicity,
the fixed and variable costs for both treatments are assumed to be equal for the two experimental treatments. Assume that a
reward when the phase III trial is successful (new treatment is statistically significant better than the control treatment at two
sided @ = 0.05 level) is a gain of U = £3 million, and costs of setting up and the personnel needed for a phase II and III trials
are Iy, = £30000 and /yj; , = £300 000, respectively. The cost per patient in both phase II and III setting is set to be equal, that
is, ¢y = cpppx = £750.

We computed the optimal designs and strategies with the following values: a projected total size of the population, N =
350,m,; =5, for all k and i (the subscripts are suppressed from henceforth), and the minimum size of phase IIL, nyy ,;, = 300
for prior distributions stated above and different values of @ = 0 and 4 where the latter value is the maximum integer that satisfies
the condition shown in (7) and the former is when the treatment efficacy is independent.

Figure 1 shows the decision scheme for optimal actions for the first phase II trial for Beta(1, 1) and Beta(8.792, 11.65). As an
illustration, Fig. 1(b) shows that if there were at least one success out of the first five patients then the optimal action is action
R (continue recruitment to the current trial). If no success is observed then the optimal action is action T (to stop the current
trial and start a new phase II trial with the second treatment). The minimum number of patients needed to proceed to the phase
III trial (action P) is 10 (of which all must be successes) and the maximum number needed is 45 (of which at least 28 must be
successes).

Table 1 shows the operating characteristics of the development plan for various prior densities. We sampled data from a
Bernoulli distribution with p = 0.52, the proportion of patients from WAT resurfacing arthroplasty (experimental arm) with
good/excellent function at three months postsurgery, 1000 times for each scenario. For each simulation, batches (size m = 5)
were generated in turn and the optimum action, determined from the decision scheme, taken, for each of the 10 scenarios
(R code available as a web supplement). During the first trial, after accumulating data from each batch, the available actions
were to continue to accumulate data for treatment 1, to take action T, to take action P, or to stop the development program (action
A). During the trial for treatment 2, action T was not available. The number of occasions that various terminal actions were taken
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FIGURE 1 Decision rules for optimal actions for the first phase II trial based on (a) Beta(l, 1) and p = 0 (equivalently, w = 0), (b) Beta(1, 1)
and p = 0.33 (equivalently, @ = 4), (c) Beta(8.792,11.65) and p = 0 (equivalently, @ = 0), and (d) Beta(8.792,11.65) and p = 0.046 (equivalently,
w=4)

for the first and second treatments, the median and range of the number of participants needed are also summarized. The same
simulated data were used for each scenario, allowing us to make direct comparison between scenarios.

The estimated proportion of success from the WAT resurfacing arthroplasty arm was 0.52; slightly higher than the historical
control p- = 0.50 we assumed for the trial design but lower than 0.60, the expected value of some of the informative prior
densities shown in Table 1. The proportion of times action P was taken increased as the variance of the prior density decreases
(from 0.20 to 0.001) because the minimum threshold to take action P lowers accordingly. In the case of prior Beta(8, 12) whose
expected value (0.40) was less than p- the expected gain was —0.0022, that is, it was not worthwhile starting the program at all.

As we see from Fig. 1, the optimal decision schemes for treatment 1 do not differ much when both treatments have the same
positive prior and the correlation changes from zero to nonzero, and we observed similar operating characteristics in Table 1
where the proportions of actions T and P taken at treatment 1 were identical or very similar regardless of the correlation. The
correlation affects the expected utility of the second treatment because responses from treatment 1 inform the prior of treatment
2. In Fig. 1(c), the treatment effects are independent and so the expected utility of action T which depends on the number of
patients recruited to the first treatment is constant because it does not depend on the responses from treatment 1. Thus, there
is a straight cut-off between taking actions T and A. However, when there is some correlation between the treatment effects
(see, Fig. 1(d)), the expected utility of action T depends on the responses from the first treatment and so we observe a more
gradual shift in its value as the number of successes changes. Supporting Information Figs. S1-S3 show the decision schemes
for treatment 2 after observing responses from n,, = 10 patients from treatment 1 for marginal priors Beta(3, 2), Beta(1, 1), and
Beta(2,3) when the treatment effects are independent and correlated. The continuation region for treatment 2 changes subtly
depending on the number of successes, s;,., when the treatment effects are correlated.
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FIGURE 2 Decision rules for optimal actions for the first phase II trial based on (a) Beta(3,2),w;, = w3 = @,3 =4 and wy; = =3, (b)
Beta(1,1),w, = w3 = wy3 =4 and w3 = 0, and (c) Beta(2,3),w;, = w3 = w,3 =4 and w,,; = 3 when there are K = 3 treatments available

6.4 | Trivariate case

We also explore the feasibility and characteristics of the design when K = 3. Lee (1996) showed that any subvector
®ys-spp )1 < k,1 < k'2 <...< k;n < K has a joint density of the form (5). This implies that I + Rg , (p,/,....py ) 2 0.
1 m k 1 m

Therefore, we assume the pairwise mixing parameters, w;,, @;3, and @w,3 are bounded as in (7) and the lower and upper bounds
of w|,3 are given in Supporting Information Appendix A.

Following earlier illustrations, we consider all treatments’ efficacies to have the same marginal beta prior density,
py ~ Beta(ay,by), k=1,2,3, with a; =a and b, =b and w;, = w3 = w,3 = . As shown in the Supporting Information
Appendix A, the lower and upper bounds for w;,; are

. { —[1+ 3w — u?] —[1+wu? —20u1 — p)] }

(I=-p3 w1 — )
l+3wu* 1-2 1- 1 — pu)?
< w)p3 < min { +op 1= 2000 0 + ol 0 } . "
w u(l = )
Figure 2 shows the decision scheme for the first treatment for a = 3,5 = 2 with w = 4 and w3 = =3 (Fig. 2a),a=1,b=1

with @ = 4 and w,3 = 0 (Fig. 2b), and a = 2, b = 3 with @ = 4 and w,; = 3 (Fig. 2c). Analogous to the bivariate case, the
pairwise mixing parameter, o, takes the maximum integer that satisfies condition (7) and the trivariate mixing parameter, @3
takes the maximum integer that satisfies condition (8).

In the trivariate case, the continuation region (action C) shifts up suggesting that more successes are needed before stopping the
trial and proceeding to a phase III trial with the first treatment. Otherwise, the optimal action is to try subsequent treatments. The
expected utilities of the whole program, G, (819, 119, V) are 0.555, 0.454, and 0.203 for Beta(3,2), Beta(1, 1), and Beta(2, 3)
prior distributions, respectively. They are higher than the bivariate case which is expected as in this setting we have more
treatments to learn from.

7 | DISCUSSION

7.1 | Correlation and prior distributions

The predecessor of this design, proposed by Hee and Stallard (2012), does not consider the correlation between the efficacy of
the treatments. We showed here that because of the correlation, responses from the first treatment update the prior density of
the second treatment and consequently, the optimal decision scheme for the second treatment is more sensitive to an ineffective
treatment, that is, the action C region shifts higher when there is correlation, making it more difficult to proceed to a phase III
trial with the second treatment but easier to stop the second trial and abandon the whole program than when it is independent
(see, Supporting Information Figs. S1-S3).

The Sarmanov family of distributions is slightly more flexible than those of the Farlie-Gumbel-Morgenstern (FGM) distri-
butions; Lee (1996) showed that the correlation coefficients of the bivariate Sarmanov have wider ranges. However, when both
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marginal prior distributions are identical beta distributions with parameters a, b > 1, the correlation is limited to the interval
[—1/3,1/3], the same limitation as the FGM distributions. As the limit of the level of correlation is low there is little difference
in the operating characteristics between correlated and independent cases as seen in the expected gain of the whole development
program (Table 1). The bivariate beta distribution proposed by Olkin and Trikalinos (2015) is more flexible than the Sarmanov
form as it allows correlations over the full range [-1,1] has no closed form expression. Therefore, the posterior distribution
could only be calculated numerically. The number of terms in its joint density increases by order of 2% — 1 which may be more
computationally inconvenient than Sarmanov when K > 3.

In our illustrations the prior densities for both treatments are assumed to be the same. Nevertheless, the order in which the
treatments are entered into the study is important. For instance, the results from three prior densities that are more reasonable in
practice, that is, Beta(3,2), Beta(l, 1), and Beta(2, 3) indicate that the second treatment is more likely than the first treatment
to proceed to a phase III setting. This suggests that as the number of patients available for phase II becomes smaller there is a
higher probability of proceeding to a phase III trial than would have been the case, all other things being equal, earlier in the
program.

In some settings, such as a scenario where a large funding body is funding a series of clinical trials with treatments from
different drug classes for the same population, the prior densities may be different. It can be seen that again the ordering
of treatments to be tested in the program is important with similar characteristics as when both treatments have the same
marginal prior density, that is, the second treatment has a higher chance to proceed to a phase III setting (see Supporting
Information Table S1). Supporting Information Table S1 presents results from simulations under four scenarios; two of which
started with a treatment with a more informative prior followed by one with a less informative prior and the other two sce-
narios vice versa. Based on the expected utility of the whole program, treatments with less informative prior densities should
be selected as the first treatments for the program. We achieve higher expected utility because we learn more about treatment
efficacy.

The challenge in a Bayesian methodology is the specification of the prior distribution which should reflect one’s belief in the
values of parameters of the prior distribution of the treatment effect. In the specification of the prior distribution one may estimate
the mean of the treatment efficacy and its variance from previously conducted studies as suggested above. In the absence of data,
one may elicit the prior distributions and there is a considerable literature on this area (see, e.g., Chaloner, Church, Louis, &
Matts, 1993; O’Hagan, 1998) and case studies by Hampson, Whitehead, Eleftheriou, and Brogan (2014); Kinnersley and Day
(2013). In our illustration, the mixing parameters, o, o and equivalently, the correlation coefficients, p, were chosen in order to
compare highly correlated treatment effects with independent cases. We envisage that the elicitation of the correlation coefficient
to be conducted at the same time as the prior distributions. A possibility is to elicit from experts whether or not their beliefs of
the density of p, would change given the marginal of p; and responses from n, patients and the magnitude and direction of any
change.

7.2 | Expected utility

The utility functions we proposed here may be modified to represent similarly realistic alternatives in other settings. For example,
when action A taken the program is abandoned and patients yet to be recruited to the trial would continue with their standard
treatment. The utility of action A could include the gain that the remaining N — Zj:ll n;, — ny; patients could get from the

standard treatment less the cost of patients recruited to the k-th trial so far, that is, G4(k, p,ny;, N) = U(N — Zj:ll nj, —
ny;) — cp ;> Where Uy is the gain achieved from the standard treatment and may be set to a fixed value that is relative to U
or a function of the efficacy of the standard treatment. In principle, U, could be a function of the treatment efficacy and then
the expected gain of action A is obtained by taking expectation over all possible values of the true efficacy of the standard
treatment. We could also consider the loss incurred from taking a wrong decision, for example, abandoning the whole program
(action A) when one of the experimental treatments is actually better than the standard treatment by making U, a function of
all parameters. The utility function can also be defined as the benefit of health outcome such as quality of life, for example,
expressed in quality-adjusted life years (QALY).

7.3 | Computational time

It is undoubtedly more challenging to run a series of decision-theoretic trials such as we proposed than a fixed design as recruit-
ment may need to be suspended while patients’ responses are collected before a decision is made. However, the time taken to
stop the current treatment and try a new one is reduced if the decision-theoretic trial stops early. An additional challenge is
that the computation is complex and time consuming with dynamic programming. This complexity is compounded further by
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the correlation between the unknown parameters, p. The calculation of expected utilities of each action at each stage depends
on the posterior density of p which depends on responses from all preceding trials and stages within them. The computation
time increases rapidly with increasing number of trials and number of interim stages; the computation time is five times longer
when the number of stages increases from 10 to 20, and 42 times longer from 10 to 30. The expected utility of the program, as
expected, increases as m decreases. In a bivariate example with prior Beta(3,2) keeping all values to be same as above except
N =360 and for different values of m = 5, 10, 15, 20, that is, 12 to 3 interim stages, the expected utilities are 0.4963, 0.4950,
0.4932, and 0.4913 (results not shown). In our trivariate illustration, the computational time increases from a few minutes to a
few hours.

7.4 | Limitation

A limitation of our proposed design is that the primary endpoints for phase II and III trials are binary. This may not be true for
trials in other disease areas such as oncology where it is more common to have binary response in phase II but time-to-event
outcome in phase III. Similarly, other rare diseases may have continuous or time-to-event outcome as the primary endpoint in
the phase III trial. In these cases, the Sarmanov beta-binomial distribution is still applicable in modeling the correlation between
treatments but an additional joint model is necessary to indicate the association between the phase II endpoint and the phase III
endpoint. This is the topic of ongoing work. Another scenario is when the endpoints in phases II and III are the same but are not
binary. In such case, an alternative to the Sarmanov distribution would be necessary to model the correlation between endpoints
for different treatments.

7.5 | Further work

Although not limited to this case, as shown by the illustration of a surgical trial, the sequential design proposed in this paper is
motivated by the scenario of a small population such as a rare disease where although there is more than one treatment available
for a clinical trial only one can be evaluated at a time because of the limited resources. In a larger population, there is an option
to run experimental treatments concurrently. Designs proposed by, for example, Bretz, Schmidli, Konig, Racine, and Maurer
(2006); Hobbs, Chen, and Lee (2016); Rossell et al. (2007); Stallard and Thall (2001); and Stallard and Todd (2003), allow a
few treatments to be tested concurrently with treatment dropped at interim stages for futility. In particular, designs by Rossell
et al. (2007), and Stallard and Thall (2001) are based on optimal decision-theoretic framework. The Sarmanov multivariate
distribution is capable in accommodating concurrently run trials as the posterior joint distribution is obtained as shown in (6)
but the backward induction will be computationally complex.

An alternative to the proposed design is to assume that py, ..., px are conditionally independently and identically distributed
with Beta(a, b) and we assume an appropriate hyperprior distribution for the parameters (a, b). The interest is then to find the
joint posterior density of the hyperparameters (a, b) which then estimates the density function of p,. Designs proposed by Ding
et al. (2008) and Rossell et al. (2007) make use of this hierarchical model where one does not need to explicitly define the
correlation between probability of success to update the density function of another parameter.

One of the assumptions underlying this development plan is that treatments that have been tested and subsequently abandoned
cannot be evaluated further in the same program. A possible extension to this program is to allow the old treatments to rejoin
the program in the phase III evaluation. In this setting, one may have additional actions to choose in each interim stage, that is,
an action where the current phase II trial is stopped and a phase III trial is initiated with the rejoined treatment.

ACKNOWLEDGMENT

The first author is grateful to Roche Products Limited and to Warwick Medical School for the financial support during her
PhD studies, when part of this work was undertaken. The work has also received funding from the European Union’s Seventh
Framework Programme for research, technological development and demonstration under grant agreement number FP HEALTH
2013-602144 (InSPiRe - SWH and NS). The Warwick Arthroplasty Trial (WAT) was commissioned by the NIHR under its
Research for Patient Benefit (RfPB) Programme (grant reference number PB-PG-0706-10080). The views expressed are those
of the authors and not necessarily those of the NHS, the NIHR or the Department of Health.

CONFLICT OF INTEREST

The authors have declared no conflict of interest.



x4 | Biometrical Journal HEE ET AL.

»

REFERENCES

Antonijevic, Z., Kimber, M., Manner, D., Burman, C.-F., Pinheiro, J., & Bergenheim, K. (2013). Optimizing drug development programs: type 2
diabetes case study. Therapeutic Innovation and Regulatory Science, 47, 363-374.

Berry, D. A., & Ho, C. H. (1988). One-sided sequential stopping boundaries for clinical trials: a decision-theoretic approach. Biometrics, 44,219-227.

Bretz, F., Schmidli, H., Konig, F., Racine, A., & Maurer, W. (2006). Confirmatory seamless phase II/III clinical trials with hypotheses selection at
interim: general concepts. Biometrical Journal, 48, 623—634.

Chaloner, K., Church, T., Louis, T. A., & Matts, J. P. (1993). Graphical elicitation of a prior distribution for a clinical trial. Journal of the Royal
Statistical Society. Series D (The Statistician), 42, 341-353.

Chen, C., & Beckman, R. A. (2009). Optimal cost-effective designs of phase II proof of concept trials and associated go-no go decisions. Journal of
Biopharmaceutical Statistics, 19, 424-436.

Costa, M. L., Achten, J., Parsons, N. R., Edlin, R. P., Foguet, P., Prakash, U., & Griffin, D. R. (2012). Total hip arthroplasty versus resurfacing
arthroplasty in the treatment of patients with arthritis of the hip joint: single centre, parallel group, assessor blinded, randomised controlled trial.
BMJ, 344, €2147 https://doi: 10.1136/bmj.e2147.

Dawson, J., Fitzpatrick, R., Carr, A., & Murray, D. (1996). Questionnaire on the perceptions of patients about total hip replacement. Journal of Bone
and Joint Surgery, British Volume, 78-B, 185-190.

Ding, M., Rosner, G. L., & Miiller, P. (2008). Bayesian optimal design for phase II screening trials. Biometrics, 64, 886—-894.
Ferguson, T. S. (1989a). Who solved the secretary problem? Statistical Science, 4, 282-289.

Ferguson, T. S. (1989b). [Who solved the secretary problem?]: rejoinder. Statistical Science, 4, 294-296.

Freeman, P. R. (1989). [Who solved the secretary problem?]: comment. Statistical Science, 4, 294-294.

Hampson, L. V., Whitehead, J., Eleftheriou, D., & Brogan, P. (2014). Bayesian methods for the design and interpretation of clinical trials in very rare
diseases. Statistics in Medicine, 33, 4186—4201.

Hee, S. W., Hamborg, T., Day, S., Madan, J., Miller, F., Posch, M., ... Stallard, N. (2015). Decision-theoretic designs for small trials and pilot studies:
areview. Statistical Methods in Medical Research.

Hee, S. W., & Stallard, N. (2012). Designing a series of decision-theoretic phase II trials in a small population. Statistics in Medicine, 31, 4337-4351.
Hilden, J. (1990). Corrected loss calculation for phase Il trials. Biometrics, 46, 535-537.

Hobbs, B. P., Chen, N., & Lee, J. J. (2016). Controlled multi-arm platform design using predictive probability. Statistical Methods in Medical Research
In press https://doi: 10.1177/0962280215620696.

ICH (1997). ICH Harmonised Tripartite Guideline: general considerations for clinical trials E8. The International Conference on Har-
monisation of Technical Requirements for Registration of Pharmaceuticals for Human Use. Available at http://www.ich.org/products/
guidelines/efficacy/article/efficacy-guidelines.html. Accessed, 3 June 2015.

Julious, S. A., & Swank, D.J. (2005). Moving statistics beyond the individual clinical trial: applying decision science to optimize a clinical development
plan. Pharmaceutical Statistics, 4, 37—46.

Kinnersley, N., & Day, S. (2013). Structured approach to the elicitation of expert beliefs for a Bayesian-designed clinicala trial: a case study. Phar-
maceutical Statistics, 12, 104-113.

Lee, M.-L. T. (1996). Properties and applications of the Sarmanov family of bivariate distributions. Communications in Statistics - Theory and Methods,
25,1207-1222.

Marchenko, O., Miller, J., Parke, T., Perevozskaya, I., Qian, J., & Wang, Y. (2013). Improving oncology clinical programs by use of innovative designs
and comparing them via simulations. Therapeutic Innovation and Regulatory Science, 47, 602—612.

O’Hagan, A. (1998). Eliciting expert beliefs in substantial practical applications. Journal of the Royal Statistical Society: Series D (The Statistician),
47,21-35.

Olkin, 1., & Trikalinos, T. A. (2015). Constructions for a bivariate beta distribution. Statistics and Probability Letters, 96, 54—60.

Pallay, A. (2001). A decision analytic approach to a futility analysis of a phase II pharmaceutical study. Journal of Biopharmaceutical Statistics, 11,
209-225.

Patel, N., Bolognese, J., Chuang-Stein, C., Hewitt, D., Gammaitoni, A., & Pinheiro, J. (2012). Designing phase 2 trials based on program-level
considerations: A case study for neuropathic pain. Drug Information Journal, 46, 439-454.

Patel, N. R., & Ankolekar, S. (2007). A Bayesian approach for incorporating economic factors in sample size design for clinical trials of individual
drugs and portfolios of drugs. Statistics in Medicine, 26, 4976-4988.

Pocock, S. J. (1983). Clinical Trials: A Practical Approach. Wiley, Chichester, UK.

Robbins, H. (1989). [Who solved the secretary problem?]: comment. Statistical Science, 4, 291-291.

Rossell, D., Miiller, P., & Rosner, G. L. (2007). Screening designs for drug development. Biostatistics, 8, 595-608.
Sakaguchi, M. (1989). [Who solved the secretary problem?]: comment. Statistical Science, 4, 292-293.


https://doi: 10.1136/bmj.e2147
https://doi: 10.1177/0962280215620696
http://www.ich.org/products/guidelines/efficacy/article/efficacy-guidelines.html
http://www.ich.org/products/guidelines/efficacy/article/efficacy-guidelines.html

HEE T AL Biometrical Journal | s

>

Samuels, S. M. (1989). [Who solved the secretary problem?]: comment: Who will solve the secretary problem? Statistical Science, 4, 289-291.
Senn, S. (1996). Some statistical issues in project prioritization in the pharmaceutical industry. Statistics in Medicine, 15, 2689-2702.

Stallard, N. (2003). Decision-theoretic designs for phase II clinical trials allowing for competing studies. Biometrics, 59, 402—4009.

Stallard, N. (2012). Optimal sample sizes for phase II clinical trials and pilot studies. Statistics in Medicine, 31, 1031-1042.

Stallard, N., & Thall, P. F. (2001). Decision-theoretic designs for pre-phase II screening trials in oncology. Biometrics, 57, 1089—1095.

Stallard, N., & Todd, S. (2003). Sequential designs for phase III clinical trials incorporating treatment selection. Statistics in Medicine, 22, 689-703.

Wason, J. M. S., Jaki, T., & Stallard, N. (2013). Planning multi-arm screening studies within the context of a drug development program. Statistics in
Medicine, 32, 3424-3435.

Whitehead, J. (1986). Sample sizes for phase II and phase III clinical trials: An integrated approach. Statistics in Medicine, 5, 459-464.

SUPPORTING INFORMATION

Additional Supporting Information including source code to reproduce the results may be found online in the supporting infor-
mation tab for this article.
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