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Abstract

Current practice for sample size computations in clinical trials is largely based
on frequentist or classical methods. These methods have the drawback of
requiring a point estimate of the variance of treatment effect and are based
on arbitrary settings of type I and II errors. They also do not directly
address the question of achieving the best balance between the costs of the
trial and the possible benefits by using a new medical treatment, and fail to
consider the important fact that the number of users depends on evidence
for improvement compared with the current treatment.

A novel Bayesian approach, Behavioral Bayes (or BeBay for short) (Gittins
and Pezeshk, 2000a,b, 2002a,b; Pezeshk, 2003), assumes that the number of
patients switching to the new treatment depends on the strength of the evi-
dence which is provided by clinical trials, and takes a value between zero and
the number of potential patients in the country. The better a new treatment,
the more patients switch to it and the more the resulting benefit. The model
defines the optimal sample size to be the sample size that maximises the
expected net benefit resulting from a clinical trial. Gittins and Pezeshk use a
simple form of benefit function for paired comparisons between two medical
treatments and assume that the variance of the efficacy is known.

The research in this thesis generalises these original conditions by introducing
a logistic benefit function to take account of differences in efficacy and safety
between two drugs. The model is also extended to the more general cases
of unpaired comparisons and unknown variance. The expected net benefit
defined by Gittins and Pezeshk is based on the efficacy of the new drug only.
It does not consider the incidence of adverse reactions and their effect on
patients’ preferences. Here we include the costs of treating adverse reactions
and calculate the total benefit in terms of how much the new drug can reduce
societal expenditure.

We describe how our model may be used for the design of phase III clinical
trials, cluster randomised clinical trials and bridging studies. This is done
in some detail and using illustrative examples based on published studies.
For phase III trials we allow the possibility of unequal treatment group sizes,
which often occur in practice. Bridging studies are those carried out to extend
the range of applicability of an established drug, for example to new ethnic
groups. Throughout the objective of our procedures is to optimise the cost-
benefit in terms of national health-care. BeBay is the leading methodology
for determining sample sizes on this basis. It explicitly takes account of the



roles of three decision makers, namely patients and doctors, pharmaceutical
companies and the health authority.
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Chapter 1

Introduction

1.1 THE TESTING AND EVALUATION OF
NEW DRUGS

1.1.1 Evaluation

The classical approach to statistical hypothesis testing is not well designed
for decision making. This is because any null hypothesis will be rejected
if the sample size is large enough. On the other hand, if the hypothesis is
not rejected all we know is that the sample size is too small to reject it. If
the sample size is large, even a small difference causes the hypothesis to be
rejected. Furthermore, the rejection depends on arbitrary settings of type I
and type II errors. This framework is not what is needed for decision making
in health policy but even so currently health service research is largely based
on this approach.

In practice budgetary restrictions limit the size of the sample. We define the
optimal sample size to be one which attains the right balance between the
cost and benefit of a clinical trial. This chapter briefly reviews the current
practices for clinical trials and points out several limitations. We shall present
a novel Bayesian approach, Behavioral Bayes, which avoids these limitations.
As we shall see our approach develops further the notion of the expected value
of sample information, which is playing an increasing role in the evaluation
of clinical trials.

The following chapters continue in this vein and are very close in content
to a series of published papers: Kikuchi et al. (2008); Kikuchi and Gittins



(2009, 2010a,b, 2011). These include some further review material.

Statistical methods for the analysis of data on cost-effectiveness have ex-
perienced rapid development over the past two decades. We shall review
the current standard practice of health service research for decision making
on the approval of new drugs. The main approaches are the incremental
cost-effectiveness ratio (ICER) (Black, 1990), the cost-effectiveness accept-
ability curve (CEAC) (Van Hout et al., 1994) and the incremental net benefit
(INB). Early development focused on the incremental cost-effectiveness ratio,
but more recently, due to the mathematical problems associated with ratio
statistics, health service researchers’ attention has shifted to INB.

Suppose we compare two treatments T1 and T2. If the mean economic costs
me and me and the mean clinical effectiveness m.; and m.o are given, we
define the incremental means of costs and effectivenesses by 6. = mes — me
and 0, = mey — m,1, respectively. The ICER is defined as

ICER = 6,/6..

O’Hagan et al. (2000) proposed a cost-effectiveness plane as shown in Figure
1.1. The plane is divided into four quadrants depending on four possible
combinations of signs of 6. and 6.. The slope K of the dashed line 6. = K¢,
is the maximum acceptable cost per unit of effectiveness and represents a
health-care agency’s “willingness to pay” (WTP) for a quality-adjusted life
year (QALY). The QALY value of a year in perfect health is assigned the
value of 1.0, with lower values for different levels of imperfect health.

Whilst the ICER is intuitively understandable, some difficulties arise in the
calculation and the interpretation of confidence intervals when the denomi-
nator is negative or zero. Furthermore, the interpretation of ICER itself can
be changed according to the sign of 6,; T2 is favored by small values of ICER
if 8. < 0, and by large values of ICER if 6, > 0. Therefore, we cannot judge
the cost-effectiveness only by the values of ICER and there is a risk of being
misled unless the sign of 6, is clearly specified.

The incremental net benefit (INB) was proposed as an alternative to the
ICER. It avoids the mathematical difficulties associated with ICER as above,

and is defined as

INB(K,0.,0.) = K6, — 0..
Thus INB = 0 when ICER= K, which in both cases means that the cost ef-
fectiveness is just acceptable. For given values of 6., 6., the function Q(K) =
P(INB(K) > 0) gives the cost-effectiveness acceptability curve (CEAC) that
is depicted by plotting (K, Q(K)).



The figure originally located here has been removed from this version of the thesis for copyright reasons.

Figure 1.1: Interpretation of different segments of the ICER plane.
(© Spiegelhalter, Abrams and Myles, Bayesian Approaches to Clinical Trials and Health-Care Evaluation,
Wiley.

Let us consider a joint distribution (a bivariate normal distribution) for 6 =
(0.,0.) and denote E(6.) = p.,V(0.) = 72,E(0.) = pe,V(6.) = 72, and
Corr(f.,0.) = p. For INB(#) = K. — 6. if K is fixed we have

E(INB) = Kp, — . and (1.1)
V(INB) = K*72 — 2K pr.70 + 72. (1.2)

Suppose 6, ~ N(p, 72) and 6, given 6, follows a normal distribution with the
mean E[0.] = p.+ p7e(0. — pe) /7. and variance V[0.] = 72(1— p?). If we carry
out Monte Carlo simulation for 6, followed by 6. given 6., we can simulate a
large number of points for § = (0., 0.) and draw dots as shown in Figure 1.2.
Note that each dot in the figure shows a sample for 6 from the distributions.
In the figure dots above the WTP line have INB> 0 and those below the
line have INB< 0. Thus if we count the number of dots locating above and
below the line, we can approximately estimate Q(K)=P(INB> 0)=Number
of dots above the WTP line/Total number of dots.

Koerkamp et al. (2007) point out that the CEAC is unable to distinguish

3



dramatically different joint distributions of incremental cost and effect. This
limitation is demonstrated graphically in Figure 1.2. The cause of the lim-
itation is that the CEAC is not sensitive to any change of the incremental
joint distribution in the upper left and lower right quadrants of the cost-
effectiveness plane, nor is it sensitive to radial shift of the incremental joint
distribution in the upper right and lower left quadrants.

Consider the cost-effectiveness plane (CE-plane) shown in Figure 1.2A. It
reflects a dense distribution for small values of the expected incremental
costs and effects and some uncertainty. The arrows represent (hypotheti-
cal) changes in the distribution that would not modify the cost-effectiveness
acceptability curve (CEAC). Points in the upper left or lower right quad-
rant can move anywhere else within the same quadrant, without changing
the CEAC. Points in the two other quadrants can move radially toward or
away from the origin, again without changing the CEAC. Figure 1.2B shows
a plot which might result from moves of this kind. The result is a sparse
distribution with large expected incremental costs and effects and more un-
certainty. However, the CEACs of the two plots are identical. As Koerkamp
et al. (2007) say “It is not clear why CEACs are so popular in light of these
limitations”.

The figure originally located here has been removed from this version of the thesis for copyright reasons.

Figure 1.2: Limitations of CEACs. © Koerkamp et al,Medical Decision Making, Sage
journals

The CEAC provides the posterior probability that incremental cost effective-
ness is positive (see equations (1.1) and (1.2)). However, if there are several
options for treatments we cannot make the best choice by considering this
probability only. Instead, the expected net benefit should be used for evalu-
ation and the uncertainties of parameters values need to be incorporated.

The value of information is emerging as the preferred alternative for CEACs.
This is shown by, for example, Pratt et al. (1994); Claxton (1999a); Claxton
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et al. (2002); Ades et al. (2004); Assessment Health Technology (2004). The
value of information is the amount that a decision maker would be willing to
pay for information prior to making a decision. Suppose that we are deciding
between treatments T1 or T2 and the true incremental cost and effectiveness
are denoted by 6 = (0., 0.). Recall that 6, = mes — m. and 0, = mey — M.
Based on perfect information, if INB(#) = K6, — 6. > 0 for given K then
T2 would be preferred, or if INB(#) < 0 then T1 would be preferred. If 6
is unknown, but we know its probability distribution, then we can calculate
E[INB(0)]. If E[INB(#)] > 0 then we choose T2, and if it is also true that
INB(#) > 0, it means that we made the right decision and there is no gain in
knowing the exact value of 6. However, if in fact INB(#) < 0 and we choose
T2, it means that we made the wrong decision and lose —INB(6). The value
of perfect information VOI(#) is the value that we would gain by knowing 6
exactly and may be written as

VOI(#) = max(—INB(#),0).

The expected value of perfect information, EVPI if T2 is currently preferred
may be written as

EVPI, = E[max(—INB(#),0)].

This expresses that EVPI, = 0 if INB(#) > 0 or EVPI, = —INB(#) if
INB(#) < 0. Similarly, if T1 is preferred, we have E[INB(f)] < 0 and the
EVPI is written as

EVPI, = E[max(INB(0), 0)].

The EVPI is valuable to policy makers as a means of evaluating the need for
more research. The same principle can be extended to define the expected
net-benefit of sample information (EVSI), which may be compared with the
expected cost of sampling. This is equivalent to maximising the expected net
benefit, which is the approach developed in this thesis, both for evaluating
treatments and for determining sample sizes.

1.1.2 Sample size determination, earlier approaches

Current practice for sample size computations in Phase III clinical trials is
largely based on frequentist or classical methods to test the null hypothesis
that a new treatment is no better than a standard treatment. Classical
methods define the sample size of clinical trials by controlling both the size
and the power of the test: typical requirements are, at most a 5% chance of
incorrectly accepting that the new treatment is better, and at least an 80%



chance of detecting a clinically relevant difference when it is actually present
Desu and Raghavarao (1990); Lemeshow et al. (1990).

The determination of sample size is an important aspect of the design of
clinical trials. There is an extensive literature from both the frequentist and
Bayesian perspectives and in this section we briefly review some representa-
tive examples.

Frequentist method

The classical frequentist method poses the question of what sample size is
needed to detect a particular difference with an hypothesis test with specified
probabilities of type I and type II errors. The approach is very straightfor-
ward. Let A, o and 8 be the difference of effect to be detected, and the
required probabilities of types I and II errors, respectively. If the variance o2
is known, the sample size n is given by

_ 9zt 21-5) 2
n_{TB}a

where ®(2) = [*_exp(—w?/2)/v2r dw and the values for A, a and 3 are
arbitrary. Note that ®(z,) = a and ®(z1_5) = 1 — /5 and we usually use 0.05
and 0.8 for a and 1 — 3, respectively. This indicates that the smaller the
difference A we want to detect, the larger the sample size we need, and that
the size depends on these arbitrary values.

Bayesian methods

This subsection is based on Pezeshk (2003) and reviews the main Bayesian
methods for sample size determination. Bayesian methods may be classified
into two groups: inferential and decision theoretic rules (or fully Bayesian
rules). Adcock (1987), Spiegelhalter et al. (1994), and Joseph et al. (1997)
have all written papers on Bayesian inference. Adcock (1997) reviews both
the inferential and the fully Bayesian approaches. The first paper on sample
size determination by the fully Bayesian approach was written by Grundy
et al. (1956). Raiffa and Schlaifer (1961) describe decision theoretic rules for
sample size determination in detail.

Let # € © denote the parameter of interest and 7 () the prior density of 6.
Suppose that the experimental data are @ = (x1, 22, -+ ,2,) , where n is the
sample size and the components of & are exchangeable and belong to the data



space x. Adcock (1987) introduced the average coverage criterion (ACC) that
allows the coverage probability 1 —a to vary with & whilst holding the length
[ of highest posterior density (HPD) region. If the parameter # of interest is
contained in the interval of length [ with a probability 1 — «, we write

a(x,n)+l
/ m(0|lx)dd =1 — a, (1.3)

a(x,n)

where a(x,n) is the lower limit of the HPD interval. The posterior density
7(0)x) depends on & and n and before sampling equation (1.3) is required
to hold on average over all possible samples. Therefore, we need to choose n

to be such that
a(x,n)+
/{/ (0|2)d0} f(z)dz = 1 — o,
(x,n)

where f(x) = [, (x|0)7(0)df and I(z|f) is the likelihood of the data.

Joseph et al. (1995) introduced the average length criterion (ALC). For this
the coverage probability is fixed and the HPD interval length varies depend-
ing on the data. For € x and a HPD length I'(x, n), we write

a(z,n)+U' (x,n)
/ r(0lz)do = 1 — a.
(

a(x,n)

The average length L of fixed coverage HPD intervals by the predictive den-
sity f(x) is

L= /Xl/(a:,n)f(a:) de.

The sample size is the minimum integer n that satisfies L < [, where [ is a
prespecified length.

ACC and ALC are based on averages over all possible samples. However,
inferences are conditional on the observed sample and the ACC and ALC
can lead to lengths that are undesirably small or large, respectively. We
need to ensure a maximum length [ and a minimum coverage probability
1 — a, regardless of the data . Thus the sample size is the minimum value
of n to satisfy

a(x,n)+l
inf/ w(0lz)do > 1 — a.

*EX Ja(x,n)

This is the worst outcome criterion that was described by Pham-Gia and
Turkkan (1992) and developed by Joseph et al. (1995).

7



If we have a utility function for the cost of a clinical trial and the potential
benefit of the treatment, the optimal sample size is the size which maximises
the expected utility. This standpoint is fully Bayesian and is strongly advo-
cated by Lindley (1997). We define the utility u(n,x,a, ) to be the benefit
of choosing n with the outcome x followed by the action a when the param-
eter has the value . Taking expectations over the random quantities # and
x, and maximizing over the deterministic quantities a and n, the expected
utility is

mgx[/x mgx{/eu(n,a:,a, N (0|a, x) dO} f(x|n) dz]. (1.4)

If we assume that the utility does not depend on & and includes an additive
cost of experimentation proportional to sample size we have u(n,x,a,0) =
u(a, @) — en. The expected utility (1.4) becomes

max r(n) = mgx[/ mgx{/@u(n, a)m(0|x) do} f(x|n) de — cn).

Thus, we need the optimal sample size to maximise r(n). Note that the
inference for 6 depends on & and not on a and thus we have 7(0|a,x) =
7(0|x). This approach is called maximization of expected utility (MEU).

1.1.3 Bayesian decision theory in clinical trials

A major advantage of Bayesian, as opposed to classical frequentist, inference
is that it provides a natural process for including information from different
sources. This is just what is needed in clinical trials. Bayesian inference also
lies at the heart of statistical decision theory, which provides the methodology
needed for taking decisions which maximise expected net benefit. This is an
important consideration in view of the inevitable pressure on health-care
budgets.

Bayesian methods of inference are of course firmly established in clinical
trials. The book by Spiegelhalter et al. (2003) is a valuable source in this
area. It includes:

e An account of how to select suitable prior distributions and of the
importance of doing this carefully, as stressed also by Lambert et al.
(2005) and Sambucini (2010).

e A discussion of meta-analysis, which brings together results from dif-
ferent study centres, and is therefore relevant to bridging studies, see
also, for example Ades et al. (2005).
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e A section on the determination of sample size, though not from a de-
cision theoretic standpoint.

Even so classical methods are still the norm in determining the size of clinical
trials.

The use of statistical decision theory for this purpose was advocated by
Anscombe (1963). This methodology was based on earlier work by Grundy
et al. (1956) and by Raiffa and Schlaifer (1961). Anscombe’s case was that
in this way the expected net benefit could be maximised, thus avoiding the
artificiality of a classical hypothesis-testing criterion based on fairly arbi-
trary conventional probabilities of type 1 and type 2 errors and an ill-defined
’smallest clinically important difference’. The case was and remains strong,
so it is a bit surprising that 47 years later the classical methodology remains
by far the most widely used. It is true that the data and computing capacity
requirements are greater in the decision theoretic approach, but neither issue
is any longer prohibitive.

In fact a number of authors have described applications of statistical decision
theory to sample size determination in clinical trials. These include Berry and
Ho (1988); Cheng et al. (2003), Claxton et al (Claxton and Posnett, 1996a;
Claxton, 1999b; Claxton and Thompson, 2001; Claxton et al., 2002), Ecker-
mann and Willan (Eckermann and Willan, 2007, 2008a,b, 2009; Willan and
Eckermann, 2010), Hornberger et al (Hornberger et al., 1995, 1998; Halpern
et al., 2001), Lindley (Lindley, 1997), and Willan et al (Willan, 2001; Willan
and Pinto, 2005; Willan, 2007; Willan and Kowgier, 2008). A key concept in
this development (see in particular Willan and Pinto (2005)) is the expected
value of sample information (EVSI). The optimal sample size maximises the
difference between EVSI and expected total cost. However, unlike BeBay,
there is no explicit modelling of the number of subsequent users as a function
of the efficacy and the frequency of adverse reactions revealed by the trial.

The implications of this criterion are worked out in the following contexts:
possible delays with associated option values (Eckermann and Willan, 2007,
2008a,b); applications across multiple jurisdictions (Eckermann and Willan,
2009); multi-stage trials (Willan and Kowgier, 2008); and trials followed by
decisions depending on the strength of the evidence (Willan and Eckermann,
2010). These papers include instructive practical examples.

Recent years have also seen substantial developments in the design of adap-
tive clinical trials, mainly not from a decision theoretic standpoint. This work
is reviewed by Chang (2007). The aim is to allow modifications to some as-
pects of the trial as it proceeds without prejudice to its validity. A good



example is provided by Miiller and Schéfer (2001) who discuss how group
sequential trials may be carried out adaptively. Sample size is noted as being
one of the main features in phase III clinical trials which it is desirable to
treat adaptively.

1.1.4 Sample size determination, a behavioral Bayes
approach

Gittins and Pezeshk (2000a,b, 2002a,b) proposed a decision theoretic ap-
proach which they describe as Behavioral Bayes (BeBay) for deciding the
optimal sample size in clinical trials. The way BeBay works is as follows.
Suppose that the new drug is expected to perform better in terms of effi-
cacy and safety than the current drug. If the sample size is increased, the
precision of the estimation of performance after the trial will increase. Thus
the evidence for an improved performance is increased in expectation with a
large sample size. This means that doctors and their patients will be more
likely to be convinced that the new drug is better than the current one.
Consequently more patients will want to use the new drug. If more patients
switch to the better drug more of them will be cured and the costs of treat-
ing those patients are consequently saved. Thus as sample size is increased
the expected benefit also increases, as does the cost of the trial. For some
sample size the incremental costs and benefits are equal. This is the sample
size which maximises the expected net benefit. BeBay can find this sample
size and the corresponding expected net benefit.

1.2 THE SCOPE OF THIS RESEARCH

The original BeBay made the restrictive assumptions of paired comparison
between two equally sized treatment groups and known effectiveness variance,
with no consideration of safety. The weight function expressing patients’ pref-
erence was crude, and expectations were evaluated by numerical integration,
which led to computational difficulties. There was also no detailed account
of how to choose the sample size for a bridging trial for extending application
of an established drug to a new class of patients.

The motivation for this thesis is to relax these limitations in the original
BeBay and to produce a more flexible and practical tool for planning clin-
ical trials. The structure of the thesis is as follows. Following this chapter
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of introduction, Chapter 2 describes the extension of the behavioral Bayes
approach for finding the optimal sample size to allow unknown variance and
a more flexible weight function. Chapter 3 takes account of the fact that
patients’ choices for their treatments depend not only on efficacy but also
on safety, with a suitable redefinition of the weight function. Chapter 4 dis-
cusses optimal sample size determination, allowing unequally sized treatment
groups. Chapter 5 illustrates the application of BeBay to determine sample
size for a cluster randomised clinical trial with the interventions allocated to
groups rather than to individual patients. Chapter 6 presents a methodol-
ogy for the evaluation of a new drug in a bridging trial, with procedures to
synthesise efficacy and safety data observed in foreign studies into those of
the domestic study. Chapter 7 concludes this thesis with a brief summary of
the progress reported in Chapters 2, 3, 4, 5 and 6. These chapters are based,
respectively, on the following publications: Kikuchi et al. (2008); Kikuchi
and Gittins (2009, 2010b, 2011, 2010a).
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Chapter 2

A cost-benefit approach to the
determination of sample size

2.1 ABSTRACT

Current practice for sample size computations in clinical trials is largely
based on frequentist or classical methods. These methods have the drawback
of requiring a point estimate of the variance of the treatment effect and
are based on arbitrary settings of type I and II errors. They also do not
directly address the question of achieving the best balance between the cost
of the trial and the possible benefits from using the new treatment, and
fail to consider the important fact that the number of users depends on
the evidence for improvement compared with the current treatment. Our
approach, Behavioral Bayes (or BeBay for short), assumes that the number
of patients switching to the new medical treatment depends on the strength
of the evidence which is provided by clinical trials, and takes a value between
zero and the number of potential patients. The better a new treatment, the
more patients want to switch to it and the more benefit is obtained. We define
the optimal sample size to be the sample size that maximises the expected net
benefit resulting from a clinical trial. Gittins and Pezeshk (2000a,b) used a
simple form of benefit function and assumed paired comparisons between two
medical treatments and that the variance of the treatment effect is known.
We generalise this setting, by introducing a logistic benefit function, and by
extending to the more usual unpaired case, without assuming the variance
to be known.

This chapter is based on Kikuchi et al. (2008).
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2.2 INTRODUCTION

Current practice for sample size computations in Phase III clinical trials is
largely based on frequentist or classical methods to test the null hypothesis
that a new treatment is no better than a standard treatment. Classical
methods define the sample size of clinical trials by controlling both the size
and the power of the test: typical requirements are, at most a 5% chance of
incorrectly accepting (not rejecting) that the new treatment is better, and
at least an 80% chance of detecting a clinically relevant difference when it is
actually present (Desu and Raghavarao, 1990; Lemeshow et al., 1990).

We take our stand with Lindley, who insists that the choice of sample size
is clearly a decision and the key ideas of decision analysis are therefore rel-
evant (Lindley, 1997). Although a trial based on frequentist methods has
some scientific validity, there is no reason other than conventional practice
for believing that a clinical trial should actually be carried out at the cal-
culated sample size. This is because the frequentist methodology does not
explicitly balance the cost of the trial against the possible benefits of a new
treatment. For example, the condition that a new drug is intended to test
may be so rare that there is no realistic prospect of sales revenue covering
the cost of further development; in that case it is not in the pharmaceutical
company’s interests to carry out any trial. On the other hand, if the cost per
patient in the trial is low, a trial large enough to achieve more than an 80%
chance of detecting a difference which is too small to be normally thought
of as clinically relevant may be appropriate; the large meta-analyses which
led to the acceptance of aspirin as helpful to the survival chances of stroke
victims provide an example (van Gijn, 1999). The frequentist methods also
fail to consider the important fact that the number of users, by which we
mean primarily medical practitioners, depends on the extent to which they
are convinced by the evidence of improvement compared with a standard
drug. The increase over several years in the routine use of aspirin to treat
actual and potential stroke victims as the evidence for its beneficial effect
accumulated provides a striking example of this effect (Gaspoz et al., 2002).
In contrast, Bayesian approaches can overcome these defects of the frequen-
tist methodology and also take account of the costs and benefits of medical
treatments.

There is a considerable literature on Bayesian methods for sample size de-
termination in clinical trials (Spiegelhalter and Freedman, 1986; Hutton and
Owens, 1993; Claxton and Posnett, 1996b; Joseph et al., 1997; Lee and Ze-
len, 2000). The first Bayesian analysis of the choice of sample size for a
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clinical trial to assess cost-effectiveness may be a paper by O’Hagan and
Stevens (2001). There is also Bayesian literature based on a more traditional
hypothesis testing point of view. For example Spiegelhalter et al. (2003) cal-
culate the sample size for which the posterior probability of efficacy exceeds
a decision value, 0.80 say. In another recent similar paper, Tan and Machin
(2002) calculate sample sizes by using non-informative prior distributions for
phase II clinical trials, and show that the methodology has similar properties
to the classic Simon design (Simon, 1989). The approach of Tan and Machin
(2002) is extended by Gajewski and Mayo (2006), using a range of more or
less optimistic informative prior distributions.

The assessment of costs and benefits is an important question, the answer to
which depends on the agency for whom the sample size calculation is being
carried out. Pharmaceutical companies are mainly interested in sales profits
and development costs and it is therefore natural to use these definitions for
cost and benefit to determine sample size. However, health authorities de-
mand that pharmaceutical companies provide evidence that their new drugs
are beneficial to public health as a whole. Since the purpose of clinical trials
for pharmaceutical companies is to obtain licences, it is also necessary to
plan clinical trials to meet the health authorities’ requirements. O’Hagan
and Stevens (1991) present a novel Bayesian procedure from this standpoint
and this type of analysis is increasingly important. The health authorities
in Australia (Department of Health and Aging (Australian Government).,
2002) and Canada (Canadian Coordinating Office for Health Technology As-
sessment., 1997) actually demand information about the costs and benefits
of a new treatment. Norway stresses the importance of this kind of informa-
tion (Norwegian Medicines Agency., 2004). In the UK, the National Institute
for Clinical Excellence (NICE) carries out technology appraisals that include
analysis of the cost-benefit of interventions including medicines, medical de-
vices, and medical procedures (National Institute for Clinical Excellence,
2004). These cost-benefit appraisals have been used to issue guidance to the
UK national health service.

We shall call our approach Behavioral Bayes (or BeBay for short). It involves
making plausible assumptions about the possible decisions of the regulator
and of potential users or patients, and the expected net benefit resulting from
the clinical trial is maximised. Some of the key principles of BeBay are as
follows.

e The total expected benefit of a clinical trial minus the cost is max-
imised.

e Benefits can be realised only if potential users are convinced that the
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new treatment has sufficient efficacy.

e The number of patients switching to the new treatment depends on the
strength of the evidence provided by clinical trials, and takes a value
between zero and the total number of sufferers from the condition to
be treated.

e The total benefit is assessed as a function of the number of patients
who switch to the new treatment.

e If the expected net benefit is non-positive for all sample sizes, it is
concluded that it is not worth carrying out the clinical trial.

The structure of this chapter is as follows. In section 2.3, the mathematical
preliminaries are explained for the sample size determination in cases where
the mean and variance of the efficacy difference between two treatments are
unknown. In section 2.4, the benefits and their dependence on the behaviour
of subsequent users are modelled. Section 2.5 describes the calculation of
expected net benefit using Monte Carlo simulation. Section 2.6 describes
and comments on some examples of such calculations. Section 2.7 concludes
this chapter with some discussion.

The purpose of the chapter is to set out an extended and much more flexible
version of the new methodology which we have described in earlier papers
(Gittins and Pezeshk, 2000a,b). It is widely applicable in phase III trials:
in the main trials for a new drug, or in extending the range of a drug, for
example to the extrapolation of adult results to juveniles, or in a bridging
study designed to achieve registration in a new region. For simplicity our
discussion refers to sample size determination in a single trial. However the
methodology may also be applied when the total sample is split over several
trials, for example in a multi-centre clinical trial.

2.3 DISTRIBUTION THEORY

Suppose that X and Y are a new treatment and a standard treatment, re-
spectively, and that the treatment groups have the same sample size n(> 1).
Let two continuous variables, X; and Y; for « = 1,2,--- ,n, be the clinical
outcomes on some appropriate scale such as blood pressure. The subscript ¢
refers to patient ¢ in each treatment group, and X; and Y; are unpaired.

If X; ~N(0+ 6,02 and Y; ~ N(0,02), for i = 1,2,--- ,n, then, writing
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X, =20 X)/n, Y, = (X120 Yi) /n, and Z, = X,, — Y, it follows that

Zn ~ N(6,20%/n). (2.1)

By standard statistical theory, S7/0* and S7/0?, where S2 = SIEX X, )
and S2 = Y7 71(Y; — Y,,)%, both have chi-squared distributions with n — 1
degrees of freedom, and thus S%/0* = S2/0® + 57 /0 follows X3, ,. Let
f(s2, sz,%w, 0?) denote the likelihood function for S SZ and Z,, which is
proportional to

(02) 5 explogg {5+ 53+ 2 (72— 07)]. (2.2

Following O’Hagan and Forster (1994), the conjugate joint prior density func-
tion for § and o2 has the form

7(8,0%) = k(a, g, w)(0?) "% exp™ 2 {or 0w/}, (2.3)

where " )
k(a,g,w) =a22""2 (mw) "2 {T'(g/2)} ",

and a, g and w are hyper-parameters assigned on the basis of prior informa-
tion. Note that (8, 0%) = m(0?)7(§|0?), where 7(0?) is an inverse chi-squared
density function with parameters ¢g/2 and a/2, and 7(d|0?) is N(u, 0?w). In
terms of the mean and variance of the prior distribution for o2,

g =4+ 2E(c?)?/var(c?), and (2.4)
a=E(c®)(g —2), and (2.5)
w=T12/E(c?), (2.6)

where 72 is the variance of the prior distribution for 6. Note that we must

have g > 4 since Var(c?) = 2E(0?)?/(g — 4).
Applying Bayes theorem and using (2.2) and (2.3), the posterior density for
d and o2 may be written,

43

W(n)((;, 02 | x, y) = k(a') g’7 w’)(g2)_gT exp—#{a’—l—(é—u’)Q/w’} '

Here the function k(d’, ¢',w’) isasin (2.3), z = (z1, 22, ,Zn), ¥y = (Y1, Y2, - - -

2 _ 2 2
5% = s, + 5,

- 2w , 20+ nwzy,
24+ nw’ a 2+ nw
— )2
Jd=g+2n-1, a':a—l—SQ—i-M.

2+ nw
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The mean and variance of the prior distribution for § are p and wa/(g —
2) (= 72), respectively. The marginal posterior density function of ¢ can be
obtained by integrating the joint posterior density over o. This gives

g +1
1

n _ ronN—% (5—//)2 7
71-()(5|x,y)_w(aw) {1—}-7&@/ } :

Therefore, (0 — p')/+/w'a’ /¢’ has a t-distribution with ¢" degrees of freedom.
Thus, the mean of the posterior distribution for § is ' and its variance is
7 =w'd’ /(g — 2). We can also make inferences about o2 using

/ i , /

(n)( -2 _(d)2)7 o5 g a

(o | z,y) = ———(0 2 exp(——

These expressions provide the basis for the calculation of expected net benefit

functions in this chapter. Minor changes suffice to deal with the case of paired
comparisons.

).

The values of the parameters for the prior distributions are based on previous
experience. This always includes the results of phase II trials, For a range
extension study results from widespread earlier use of the drug will also be
available.

2.4 COST AND BENEFIT FUNCTIONS

2.4.1 The net benefit function

An essential feature in our model is that the number of new users depends,
among other things, on the posterior distribution for ¢, the mean efficacy
difference between two treatments. The model assumes that the number
of patients who want to use the new treatment is greater if their medical
advisers are convinced that it is more effective. The net benefit of a new
treatment is estimated by subtraction of the cost for a clinical trial from the
total benefit. The cost and the benefit may be defined as follows.

e The cost of a trial with n patients is cn + [.

e The benefit per patient switching to the new treatment is by + k in
monetary terms.

Notes.
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e The cost ¢ includes the expected cost per patient of adverse reactions
during the trial.

e The cost [ includes an estimate for all the subsequent costs of bringing
the drug to market, as well as the fixed cost incurred by running the
trial.

e The benefit bd + k is the appropriately discounted aggregate net benefit
for one patient over the period for which the new treatment remains in
use.

The constants b and ¢ are supposed to be known, or capable of being esti-
mated. To keep our discussion simple we shall set £ = 0 and [ = 0, so that
the benefit and the cost per patient are by and c, respectively.

Let us turn our attention to the question of how big a clinical trial should be.
We define the optimal sample size to be the one for which the expected net
benefit from a clinical trial is maximised. It is necessary for the optimisation
to formulate the expected net benefit function r(n) and then to maximise
it. Suppose the unit benefit by per patient is weighted by a weight function
m. A weight function estimates the number of subsequent users of the new
treatment and is a function of the sufficient statistics for 6 and o2, 7z, and s2.
For the calculation of 7(n), the joint density function f(d,02,%,, s?) is used.
The expected net benefit may be written as

:/ / / /bméf((S,JQ,z_n,52)d(5d02dzd52—cn
// bm i f(Z,, s%) dz, ds* — cn (2.7)

= bE[my'] — en,

the expectation being with respect to the prior distribution for z, and s2. To
evaluate this expression, the following identity can be used,

f(Zn, s // (6,0°)f(Zn | 6,0%) f(s* | 9,07) dé do?,

noting that z, and s? are conditionally independent if 02 and § are given.

If the costs and benefits under consideration are all direct financial conse-
quences for the company carrying out the trial, then the expected net benefit
is the expected net present value to the company of the cash flows associated
with the trial and subsequent production and marketing of the drug. The
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need for regulatory approval can be modelled by assuming that a minimum
performance level is required for approval, expressed either in Bayesian or in
frequentist terms. Several specific examples are discussed in paper (Gittins
and Pezeshk, 2000a).

There may also be regulatory requirements for the conduct of the trial, in
particular for its size. If these mean that the trial has to be larger than BeBay
suggests, compliance with the requirements and therefore a larger trial will
normally be necessary. If the expected net benefit from the larger trial is
negative then no trial should be carried out. On the other hand it is less
likely that the regulator will insist on reducing the suggested trial size.

A different perspective arises if the trial is being commissioned by a national
health authority. The price of the drug is now part of the costs. The benefit
per patient requires some monetary measure for different states of well-being.
And the change, which could be positive or negative, in the cost of treatment
per patient resulting from switching to the new drug needs to be evaluated.
This information can be input to BeBay, which again produces an expected
net benefit function and a suggested sample size.

2.4.2 Simple weight function

We assume that the number of subsequent users of the new treatment de-
pends on the posterior distribution for §. The function defining this relation-
ship is called a weight function and has many plausible forms. One of the
simplest weight functions is proposed in Gittins and Pezeshk (2000a):

0 w < A
m=q g -Al A<y<B, (2.8)
M B <,

where A’ = A+ 1.57", B' = B+ 1.57', ¢/ and 7’ are the posterior mean and
standard deviation for ¢, and M is the total number of potential users. Let
us call it the Pezeshk-Gittins weight function. The two parameters, A and
B, are the lower and the upper critical points between which the number of
subsequent users would vary linearly with ¢ if its value was known.

This function is based on the assumptions that after the clinical trial

e some patients will switch to the new treatment from the current treat-
ment if the difference in efficacy exceeds the lower threshold A with a
probability of at least 0.87, and
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A B’
Figure 2.1: Pezeshk-Gittins weight function

e all patients switch to the new therapy if the difference exceeds the
upper threshold B with a probability of at least 0.87.

The values of A and B need to be estimated. They depend on the severity of
the condition to be treated, and on any differences in convenience in use or
in expected cost between the new treatment and the current treatment. The
principles involved are discussed in Gittins and Pezeshk (2000b), and there
are several practical examples in Gittins and Pezeshk (2000a). The choice
of the multiplier 1.5 is of course arbitrary. For example, we could replace it
with 1.96, in which case the required probability is at least 0.95.

Using this weight function and (2.7), the expected net benefit function (for
n > 2) may be written as

// A 15, () deds
A</ <B’ B A H ' g, -2 " " "
+Mb// u f(Zn, %) dz, ds* — cn.

W>B'

2.4.3 Logistic weight function

The Pezeshk-Gittins weight function is rational and easy to interpret. How-
ever, the derivative does not exist at the points A" and B’, which is unrealistic.
Fortunately, Monte Carlo simulation allows any form of weight function to
be used to calculate the expected net benefit. Let us introduce a smooth
weight function m; as follows. This function is a simple logistic function,

M

1+¢exp{2>\157— )}’ (29)

where ¢ = exp{ (A+B }, A > 0, and the number of subsequent users is M /2

if W/ = (A+ B)/2+ 1.57". This logistic function approximates the Pezeshk-
Gittins weight function for the same values of A and B. Figure 2.2 is for the
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case A = 1. The two weight functions would agree more closely with a larger
value of A. With a benefit per patient of bd, the total expected benefit is thus

Mby/
1+ gexp{ 2L}

by =

Figure 2.2: Pezeshk-Gittins and logistic weight functions

2.5 MONTE CARLO SIMULATION

Monte Carlo simulation is a more efficient and flexible method of calculation
than the quadrature procedures used by Gittins and Pezeshk (2000a,b); these
run into problems with accuracy, and are difficult to generalise to non-normal
efficacy distributions and other weight functions. The main idea of Monte
Carlo simulation is that the integral fab g(x)p(x) dz may be approximated by,
or &, % Z?Zl g(z;), where the points x1, x5 - - - , ), are chosen as independent
pseudo-random samples with density p(x) on the interval (a, b). Expectations
over more complex sample spaces may be evaluated in similar fashion.

If Monte Carlo simulation is used in our model, any form of weight functions
can be used to calculate the optimal sample size and the maximised expected
net benefit. This section discusses the calculation procedure. The posterior
expected benefit bmy/ is a function of s? and Z,. Thus, Monte Carlo calcu-
lation of bE[mu/] (see (2.7)) may be carried out by using a large number of
random samples for s? and z,.

From (2.3), we have

m(8,0%) = k(a, g,w)(0%)~F expm2 Lot}
=T

(o*)m(d]®),
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where 7(0?) is an inverse chi-squared density function with parameters g/2
and a/2,

9 a.g 1 gy _gt2 a
= (=)2 2 —_ 2.1
and 7(8|0?) is N(p, 0%w), so that
1 1(5—w?
m(8|o?) = expfﬁ(éo%) : (2.11)

owi\2r
Thus, given 02, § can be sampled from a normal distribution. For 7z, and s,
we use (2.1) and a chi-squared distribution with 2n — 2 degrees of freedom,
respectively, noting that z, and s? are conditionally independent given o2
and 6. Note that s? is conditionally independent of § given o2. Figure 2.3
summarises the mutual dependence of these parameters and statistics and
indicates a possible algorithm for generating Monte Carlo random samples of
Z, and s2. The stepwise procedure is as follows; n is the number of patients

Figure 2.3: Monte Carlo sampling

in each group and N is the number of repeat simulations.

1. Set n = 2.

2. Draw samples 0(2].) forj =1,2---, N from the probability density func-
tion (2.10).

3. Draw a sequence of samples for (§(1),d(2) - - - , ) for § from N(p, o*w),
(see (2.11)), using the values (07,00, -+, oyy) for 0.

4. Sample N corresponding values (s%n’l),s%na),---27 s%n’N)) of s%n) with
these sample values of o2, using the fact that s(—’;) has a chi-squared

distribution with 2n — 2 degrees of freedom. ’

5. Sample values (Z(n.1), Z(n2), - - - Zm.N)) of Z by sampling from N(§, 202 /n),
(see(g.l)), with values ((1),0(2) -+, d()) for § and (0fy), 0% -+, o(n)
for o“.
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6. Calculate N samples ¢, j), 7 = 1,2,---, N, of the total benefit, using
the formula

9 _
lng) = MU(Z0)s Sty ) (Zng):
The estimated expected net benefit is given by

N
A P
r(n) b% .

7. Set n =n + 1 and repeat steps 2 to 7.

8. Find the optimal sample size and the maximised expected net benefit
from the estimated values for r(n).

2.6 SIMULATION RESULTS

2.6.1 Behaviour of the expected net benefit function

The mean and variance of the marginal prior distribution for ¢ are
pand wa/(g —2).

respectively. The mean, variance and mode for the marginal prior density
of 0% are a/(g — 2), % and a/(g + 2), respectively. All the available
information about the treatment effect is thus expressed via a, g, w and pu.
Note that inverse chi-squared distributions are positively skewed, so that the
mean is larger than the mode. This seems a reasonable property to require

for m(a?).

Let us consider as an illustration the following artificial parameter values for
which the mean and variance of the prior distribution for o2 are 4 and 1.07?,
respectively, and the prior variance for ¢ is equal to 1.

A=15 B=25 a=120, g =32, w=0.25 Mb=>5 x 10° and ¢ = 6000.
(2.12)
These values are within the range of the case studies discussed in Gittins
and Pezeshk (2000b). The number N of Monte Carlo samples is 2.5 x 10%
throughout this section, and we shall write R(n) for r(n)/Mb.

The values of the hyper-parameters a, g and w are fixed by the prior variance
72 of § and the prior mean E(0?) and variance Var(c?) of o2. Equations (2.4),
(2.5) and (2.6) are used. These quantities are themselves determined by the
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extent of the availability of data from previous similar trials. There would
be a lot of relevant data, for example, if the trial is for a new class of patients
with an established drug. For the values in our example the prior uncertainty
about § is comparable to B — A, so there is considerable uncertainty as to
the number of patients who would use the new treatment. The high prior
probability of a value of o2 close to 4 means that we expect the responses of
individual patients to vary very significantly.

The logistic weight function (2.9) is used in this section with A = 1. Simulated
values of R(n) plotted against n are shown for p = 0.0,0.5,1.0,2.0,3.0 and
4.0 in Figure 2.4. Estimates of the maximising values of n and the maximised
R(n) are shown in Table 2.1. The curves in the figures are smoothed by using
the S-Plus generic function, smooth.spline with the default degree of freedom.
The properties of the expected net benefit function which emerge from these
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Figure 2.4: The expected net benefit by simulation (top panels from left
to right, © = 0.0,0.5, and 1.0; bottom panels from left to right, u =
2.0,3.0, and 4.0.)

calculations may be summarised as follows.

o [f the prospects of the new drug are poor, which is true, for example,
for large negative values of u, R(n) is negative for all values of n. It
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follows that no clinical trial is worth carrying out.

e If the value of u is large, any trial simply confirms that the new drug
is very promising, and only a small clinical trial is necessary.

e The optimal sample size is greatest for intermediate values of p.

e If a drug is promising, the range of sample sizes which give positive
expected net benefit is broad.

Table 2.1: Optimal sample sizes and R(n) for various pu

p | n_ Rn)
00 0 0.00
0.5 | 41  0.04
1.0 62 0.18
2.0 | 98 0091
3.0 | 97 218
40 | 81 359

Now let us suppose that the regulator takes the standard classical viewpoint
and requires a trial of a size which ensures that the probabilities of type I
and type II errors are at most a and [ respectively, for a clinically relevant
difference in outcome of A. This means (see for example Dobson (1984)),
using the conventional known variance normal theory, that

n = 20"(2a/2 + 25)"/ A%,

where z,, denotes the 100(1 —w)% point of the standard normal distribution.
For our example we might estimate o2 to be 4.0, follow convention by putting
a = 0.05 and § = 0.2, and set A = 1.0(= B — A), leading to a required
sample size of at least 63. For a pharmaceutical company using BeBay this
would suggest a sample size of

e 0 for u < 0.5 (since R(63) < 0),
e 63 for 0.5 < < 1.0 and for x> p* (to satisfy the regulator),
e the value derived from BeBay for 1.0 < pu < p*.
Here, p* > 4.0 and is such that the optimal n calculated by BeBay is 63.
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2.6.2 Sensitivity analysis

It is of interest to explore the dependence of the expected net benefit and
optimal sample size on the prior variance 72 for 6 and the prior variance
Var(o?) for o%. To increase 72 we need to increase w, and to increase Var(o?)
we need to decrease a and g without changing the value of a/(g — 2), so
that 72 and E(0?) do not change. Tables 2.2 and 2.3 show how the optimal
sample size n and the maximised expected net benefit R(n) change when each
of these variances is increased. The subscript b indicates values calculated
for the base parameter values listed in (2.12) with g = 2.0. For the other
tabulated values of n, R(n) etc. the parameter values remain the same
except for the indicated changes in w and in a and g. Note that 72 — oo as
w — oo and Var(c?) — oo as ¢ | 4, so that both tables show what happens
as the prior distribution approximates more closely to an ignorance prior
distribution.

From Table 2.2 we can see that the maximal R(n) increases strongly as 72
increases, while the optimising value of n decreases sharply. This is because
a vague prior allows the possibility of very large values of §, and therefore
very large benefits, while on the other hand only a small sample is required
to determine whether the new treatment should be used or not, except in the
unlikely event that ¢ is close to A and B. This means that it is important to
take realistic account of prior information in determining the value of 72.

Table 2.2: Effect on n and R(n) of increasing values of 72

w | T/ | T/ | nfmy  R(n)/R(m)
025 | 1 |05 10 1.0
0.75 | 3 | 087 087 1.4
125 | 6 | 112 0.70 1.7
25 | 10 | 158 0.51 2.2

25 | 100 | 5.00 | 0.60 5.3
250 | 1,000 | 15.8 | 0.02 14.7
2500 | 10,000 | 50 | 0.02 44.5

In contrast, Table 2.3 shows that the optimising n and maximal R(n), while
they do vary with Var(o?), do not do so very markedly.
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Table 2.3: Effect on n and R(n) of increasing values of Var(o?)

a g var(o?)/var(o?) | n/n, R(n)/R(ny)
120 32 1.0 1.0 1.0
8.4 4.1 280 0.824 0.991
8.04 4.01 2800 0.765 0.991
8.004  4.001 2,8000 0.866 0.995
8.0004 4.0001 280,000 0.992 0.977

2.6.3 Comparisons between the two weight functions

To compare the behaviour of a logistic weight function (A = 1) with the
Pezeshk-Gittins weight function (sec Section 2.4.2), let us consider the fol-
lowing values,

A=17 B=25 a=480, g =122, w= 0.3, Mb="5 x 10° and ¢ = 4000.

These values of a, g and w mean that the prior variance 72 for § is 1.2 and the
prior mean E(0?) and the variance Var(c?) for o2 are 4 and 0.521%, respec-
tively. Figure 2.5 shows the results of calculations with p = 0.5,1.0,2.0,3.0
and 4.0. Note that the horizontal and vertical scales are all different in these
figures. The optimal sample sizes and the maximised expected net benefits
are summarised in Table 2.4.

The behaviour of the expected net benefit function is similar for the two
weight functions (Figure 2.5). Optimal sample sizes are almost identical
(Table 2.4) but the values of R(n) diverge as p is decreased toward zero.
In general, since we have the possibility of using the more plausible logistic
weight function it is sensible to do so, and it is likely that the Pezeshk-Gittins
weight function may provide an adequate alternative in some cases.

Table 2.4: Comparison of the optimal values of n and R(n)
1 Logistic Pezeshk-Gittins
n  R(n) n  R(n)

05| 69 0.057 | 69 0.019

1.0 | 102 0.21 104 0.16

2.0 143 096 | 143 0.96

3.0 | 169 2.22 170 2.35

40| 93 3.62 92 3.75
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Figure 2.5: The behaviour of the Pezeshk-Gittins weight function (thin lines)
and logistic weight function (thick lines) : top panels from left to right,
pw=0.5 =10 and g = 2.0; bottom panels from left to right, u = 3.0 and
w=4.0.

2.7 CONCLUDING REMARKS

Frequentist methods for sample size calculation have the drawbacks of being
based on a point estimate for the variance of the treatment effect, and on
arbitrary settings of type I and II errors. They also fail to balance cost against
the benefit expected from the trials, and take no explicit account of previous
knowledge. They do not in particular provide direct guidance as to whether
a clinical trial is actually worth carrying out. In contrast, BeBay uses a
Bayesian approach which remedies these deficiencies. BeBay methodology is
applicable under a great variety of distributional assumptions (Gittins and
Pezeshk, 2000b), and with any weight function. It does, of course, require
all costs and benefits to be converted into monetary values. This could mean
straight-forward income and expenditure for the company carrying out the
trial.

We note that our results support the view that the simple Pezeshk-Gittins
weight function may give sufficient accuracy to determine the optimal sample
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size in a clinical trial. This tentative conclusion warrants further investiga-
tion.

There are also potential applications in which monetary costs and benefits
are assigned to health outcomes, including the costs of negative adverse reac-
tions. A more detailed consideration of how to allow for the costs of adverse
reactions, both during the trial and in later use, is desirable. In this extended
model, the costs of adverse reactions express the degree of safety for a new
drug. The costs of adverse reactions are considered in chapters 3, 4 and 6.

Another important benefit to consider is the saving to the national health
budget in the case of a new treatment for a chronic condition. Calculations
along these lines influence the decisions of regulatory authorities on whether
to grant licences to new drugs. Chapters 3, 4, 5 and 6 take this standpoint.
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Chapter 3

Sample size considering efficacy
and safety

3.1 ABSTRACT

It is necessary for the calculation of sample size to achieve the best bal-
ance between the cost of a clinical trial and the possible benefits from a
new treatment. Gittins and Pezeshk (2000b) have developed a decision the-
oretic approach which they describe as behavioral Bayes. This assumes that
the number of users is an increasing function of the difference in perfor-
mance between the new treatment and the standard treatment. The better
a new treatment, the more the number of patients who want to switch to
it. The optimal sample size is calculated in this framework. This BeBay ap-
proach takes account of three decision-makers, a pharmaceutical company,
the health authority and medical advisers. Kikuchi et al. (2008) generalised
this approach by introducing a logistic benefit function, and by extending
to the more usual unpaired case, and with unknown variance. The expected
net benefit in this model is based on the efficacy of the new drug but does
not take account of the incidence of adverse reactions. The present chap-
ter extends the model to include the costs of treating adverse reactions and
focuses on societal cost-effectiveness as the criterion for determining sample
size. The main application is likely to be to phase III clinical trials, for which
the primary outcome is to compare the costs and benefits of a new drug with
a standard drug in relation to national health-care.

This chapter is based on Kikuchi and Gittins (2009).
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3.2 INTRODUCTION

Current practice for sample size computations in clinical trials is largely based
on frequentist or classical methods. These methods have the drawbacks that
they require a point estimate of the variance of the treatment effect, are based
on arbitrary settings of type I and II errors and make no explicit use of prior
information. They also do not directly address the question of achieving the
best balance between the cost of the trial and the possible benefits from using
the new treatment, and fail to consider the important fact that the number
of subsequent users depends on the evidence for improvement compared with
the current treatment. These issues are addressed by Gittins and Pezeshk
(2000a,b, 2002a,b) in their behavioral Bayes (BeBay) methodology for sample
size determination. The classical methodology is set out, for example, in
references (Briggs and Gray, 1998; Laska et al., 1999; Willan and O’Brien,
1999; Garduber et al., 2000).

BeBay considers the roles of three distinct decision-makers. These are the
agency carrying out the trial, often a pharmaceutical company, the regulatory
authority, which decides whether to give a licence for any new drug, and
the ultimate consumer, or more realistically his or her medical adviser, who
chooses whether or not to use the new drug if it is ultimately marketed. The
examples discussed in a paper (Gittins and Pezeshk, 2000b) show that BeBay
can lead to very different sample sizes, either higher or lower, compared with
those derived from classical frequentist criteria. These criteria are not always
appropriate and can lead to seriously sub-optimal outcomes.

In a recent paper (Kikuchi et al., 2008), Kikuchi et al. describe extensions
to BeBay which allow the treatment effect to have unknown variance and a
wider range of functions for the number of subsequent users. This paper also
includes an account of the substantial contributions to Bayesian methods by
other authors (Spiegelhalter and Freedman, 1986; Hutton and Owens, 1993;
Claxton and Posnett, 1996b; Joseph et al., 1997; Lee and Zelen, 2000).

Two further interesting papers are those by Brutti et al. (2008) and by Wang
and Gelfand (2002). They address the problems of how to select a sample
size to achieve specified performance with regard to one or more features
of a model, and how to select a sample size to achieve specified separation
of two models. However, neither paper considers the optimisation of net
expected benefit, an approach which may be described as decision analytic.
The same is true of papers (Spiegelhalter and Freedman, 1986; Hutton and
Owens, 1993; Joseph et al., 1997; Lee and Zelen, 2000).
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There have been relatively few papers setting out a decision analytical frame-
work for sample size determination for clinical trials. Two which do are those
by Claxton and Posnett (1996b) and by Patel and Ankolekar (2007). Their
models incorporate relevant economic factors in interesting ways. However,
unlike BeBay, there is no explicit modelling of the number of subsequent
users as a function of the efficacy and the frequency of adverse reactions
revealed by the trial.

In paper (Kikuchi et al., 2008) our model assumed that patients would decide
whether to switch to a new drug on the basis of efficacy alone. This leaves
out of account the important influence of safety considerations. The present
chapter further expands the scope of BeBay with a discussion of the effect
of adverse reactions, and of national medical-care costs and benefits. This
chapter is structured as follows. First we describe the distribution theory
needed for a Bayesian analysis of the evidence for efficacy and for adverse
reactions provided both before and during a phase III trial, assuming that
there is exchangeability among patients in phases II and III, and proceed
to explain how BeBay calculates expected costs and benefits per patient.
Then a weight function is introduced to calculate the number of subsequent
users and the resulting benefit, and an algorithm is described which carries
out Monte Carlo simulation to evaluate the total expected net benefit, and
hence the optimal sample size. All this is illustrated by a practical example.

The agency carrying out the trial and deciding the sample size is likely to be
the pharmaceutical company which is planning to produce the new drug. In
this chapter the costs and benefits which we consider are those which affect
a national health authority, excluding the cost of the drug itself in use after
the trial. This means that the expected net benefit, which our model allows
us to calculate, may in turn be used to calculate the maximum price per
patient year which it would be cost-effective for the authority to pay for the
drug. The drug company must decide on this basis whether it is worth con-
ducting the trial. This means assessing likely production costs, and making
a judgment on the price which it is likely to be able to negotiate with the
health authority. The chapter concludes with a discussion of applications of
the BeBay approach to issues other than sample size determination, followed
by final comments.
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3.3 THE MODEL

3.3.1 Assumptions

Throughout our discussion we assume that prior information on the param-
eters of probability distributions is expressible by means of conjugate prior
distributions. Frequently this is a realistic assumption. The reasons for mak-
ing it are that it simplifies what is in any case a complex presentation and
ensures that the calculations which we need to make are computationally
feasible (see for example Bernardo and Smith (1994)).

We shall also assume that the prior distributions for the difference in efficacy
between the new and standard treatments, and for the incidence of adverse
reactions with each of the treatments, are independent. Again this is to
simplify our presentation. In general there may be a tendency for more
active drugs to be both more efficacious and to cause more adverse reactions,
leading to dependent prior distributions. However, there are also many cases
for which an assumption of independence is reasonable; published examples
include calcineurin inhibitors for immunosuppression in liver transplantation
(Perry and Neuberger, 2005), rosuvastatin to reduce low-density lipoprotein
cholesterol (Olsson et al., 2001; Davidson et al., 2002; Saito et al., 2003),
and infliximab (a monoclonal antibody against Tumor Necrosis Factor) for
Crohn’s disease (Targan et al., 1997).

The values of the prior distribution hyperparameters, both for efficacy and
for the incidence of adverse reactions, are based on previous experience. This
always includes the results of phase II trials. For a range extension study
results from widespread earlier use of the drug will also be available. Exactly
how to estimate these prior hyperparameters is a matter for case by case
judgment. In the example in this chapter we estimate the mean value for
efficacy by the mean value of phase II efficacy, but assume substantial uncer-
tainty about this estimate to reflect the differences between the conditions
for phases II and III. For adverse reactions, and to simplify the presentation,
we throughout make the assumption of exchangeability between patients in
phases IT and III.

3.3.2 Distribution theory (efficacy)

Suppose that X and Y are a new treatment and a standard treatment, re-
spectively, and that the treatment groups have the same sample size n (> 1).
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Let two independent continuous variables, X; and Y; for ¢ = 1,2,--- ,n, be
the clinical outcomes on some appropriate scale. The subscript ¢ refers to
patient ¢ in each treatment group, and X; and Y; are unpaired and indepen-
dent. If X; ~ N(0+6,0%) and Y; ~ N(0,0?), fori =1,2,--- ,n, then, writing
X, = (X2 X))/, Y, = (N2 Ya)/n, and Z, = X, — Y, it follows that
Zn ~ N(8,20%/n). Thus § is the mean improvement in efficacy achieved by
the new treatment.

Also, writing S2 = 31 (X, — X)2, S2 = S 1Y, — V)% and S? = S2 + S2,
since S2/0° ~ xi_; and S}/0? ~ x2_, we have, by standard statistical
theory, S?/0? ~ X3, 5. Let f(s2,52,%,]0,0?) denote the likelihood function

7 x? y7
for S%, SZ and Z,, which is proportional to

_ (2n—1)

1
(0?)” 2 exp[—ﬁ{si + sz +

n,
5(,2” —0)%}. (3.1)
Following O’Hagan and Forster (1994), the conjugate joint prior density func-
tion for § and o2 has the form

7(6,0%) = k(a, 9,w) (%)% exp a2 lr -/} (3:2)

g+1

where k(a, g,w) = a22™" (7w)~2 {I'(g/2)}"", and a, g and w are hyperpa-
rameters assigned on the basis of prior information. Note that m(d,0?) =
m(0?)m(8|0?), where the distribution of a/o? is chi-squared with g degrees of
freedom, and 7(8|0?) is N(p, o’w).

In terms of the Expectation and Variance of the prior distribution for o we
have

g = 4+ 2E(0?)?/Var(c?), (3.3)
a=E(c?)(g — 2), and (3.4)
w = 72/E(c?), (3.5)

where 72 is the variance of the prior distribution for ¢. Applying Bayes the-
orem and using (3.1) and (3.2), the posterior density for § and ¢ may be
written,

1™(8,0% | 2,y) = k(d, ¢, ) (0%) "5 exp e {0 HE) (3.6)
Here
, 2w , 20+ nwz,
w = ) ="
24+ nw 2 4+ nw
— N2
Jd=g+2n-1, a':a—l—SQ—i-M.
2+ nw
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The mean and variance of the prior distribution for ¢ are p and wa/(g—2) (=
72), respectively.

The marginal posterior density function of § can be obtained by integrating
the joint posterior density (3.6) over 0% and we have

LEVin i

a'w’

g1 ) {1 "

— [(g'—1)/2]!
where 1/B(¢'/2,1/2) = m. Therefore, (6 — p')/v/w'a’/g" has a
t-distribution with ¢’ degrees of freedom and the mean and variance of the
posterior distribution for § are u/ and 7% = w'a’/(g' — 2), respectively.

w6 2.9) = 5

If the outcomes are binary responses (success or failure) for each patient,

with success probabilities Px, and Py, for ¢ = 1,2,--- ,n, we may convert
the outcome to a continuous scale by assuming X; = log:;;_ ~ N(0+9,0?)
and Y; = logliy;? ~N(0,0?%), fori=1,2,--- n.

3.3.3 Distribution theory (adverse reactions)

There are costs associated with adverse reactions both within the clinical
trial and in later use, and for users of both the current and the new drugs.
Their frequency also influences the take-up of the new drug. We shall assume
that these frequencies for both drugs are estimated from experience during
phase II trials, and that patients are exchangeable across phases II and III
as regards the incidence of adverse reactions.

Assume that adverse reactions occur at the unknown Poisson rate (incidence
rate) ¢ for each patient. We distinguish the new and the current drugs by the
subscripts ¢ = 1 and 2, respectively. Suppose that before the phase II trials
&; has a prior distribution which is I'(k;o, z;0), and that during phase II there
are 1;o adverse reactions over a total of t;y patient-years. By Bayes theorem
it follows that the posterior density for &; after phase II is proportional to

['(kio0, z40) density x P(a Poisson(&;t;o) random variable = )
_ gl gl oxpy—&ii0 (&tio)Ti©
(kiO — 1)' TiO!

o é‘kiOJrriO*l epri(Iiothio) ]

exp—fitio

Thus the posterior distribution for &; after phase II is I'(kig + 70, Zio + tio)-
This can be used as the prior distribution for £ before phase III, and we write
ki = kiO + Ti0 and T = Ti0 + tiO‘
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Let r; and 75 denote the numbers of adverse reactions in phase III, for the

new and current drugs, respectively, during a total of ¢ patient-years. It

follows in similar fashion that the posterior distribution of &; (i = 1,2) is
U(k;, x;) where k; = k; + r; and z; = 2; + t. (3.7)

(R

Our posterior distributions for & remain within the gamma family because
this is the family of conjugate prior distributions for the parameter of a
Poisson process. Note that a I'(k, z) distribution has mean kx~! and variance
ka2

We shall denote by « and 3% the prior (before phase III) mean and variance
for &1 — &9, the difference in the rates of occurrence of adverse reactions, and
the posterior mean and variance by o and 2, respectively. Thus we have

o =ky/x; — ky/roand 5% = ky /] + ko /3. (3.8)
Before phase III the joint (continuous/discrete) density for &; and r; may be
written as N
& & (&it)" &t
f(EZ, Ti) = m exXp T—Z‘ exp . (39)

To obtain the marginal, or predictive, density for r; we integrate this joint
density over &; giving

(k'z +7r; — 1)' l‘fit”

It follows that r; has the negative binomial distribution
r; ~ Neg-bin(k;, t/(x; + 1)), (3.11)

and therefore E(r;) = k;(1 — p;)/p; and Var(r;) = k;(1 — p;)/p?, where p; =
t/(x; +t); r; can be interpreted as the number of Bernoulli failures obtained
before the k;th success, where the probability of success is p;. Thus following
(3.7) we can write the posterior mean o’ and variance ' for & — & as

o = (r+ky)/(x1+1) — (ro+ ko) /(22 + t) and (3.12)
B2 = (r + k1)) (x1 + )% + (ro + k2)/(z2 + 1)?, respectively. (3.13)
3.3.4 Expected net benefit function

The expected net benefit is calculated by subtracting the costs for the clin-
ical trial and the expected incremental costs for subsequent users from the
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expected total benefit. The costs for the clinical trial consist of adminis-
tration costs and expenditure for the treatment of adverse reactions within
the trial. The expected incremental costs include the change in the cost of
adverse reactions when a patient switches to the new drug, which could be
positive or negative depending on the particular case.

We define b to be a monetary benefit per unit improvement of efficacy, and
the optimal sample size to be the sample size n for which the expected net
benefit w(n) from the clinical trial is maximised. The benefit b0 per patient is
multiplied by m, the number of users who switch to the new treatment. The
definition of b depends on the purpose of the trial, for example a reduction
of direct and indirect societal losses. In this chapter, we define the benefit to
be reduced expenditure on the treatment. Note that the financial saving per
patient and per unit improvement in efficacy is aggregated over the period
T for which the drug will be used.

The expected net benefit w(n) for a sample size n includes items proportional
to n, which are the administration cost of the trial and the incremental cost
of adverse reactions within the trial, and items proportional to 7', the number
of patient-years of subsequent use, namely the benefit of improved efficacy
and the incremental cost of adverse reactions, in both cases in subsequent use
of the drug. If 7" is large, it may be necessary to use discounting. With a dis-
count parameter of 7, a short interval A at time ¢ becomes A exp™* +0(A),
and the total discounted time 77 is fOT exp 7 ds = (1 —exp 1) /.

We shall assume that m depends on the posterior distributions of the param-
eters 0, 02 and & — &, which measure the difference between the new and the
current drugs. For each subsequent patient switching to the new drug we as-
sume an expected net benefit rate E[bd —d(&; —&2)], where b is suitably chosen
and d is the expected cost of the treatment for an adverse event. Thus the
m-~dependent contribution to w(n) is the expectation of mT"{bd —d(&; —&2)}
with respect to the joint distributions of 4, 02, & and &, and of the relevant
statistics, namely Z,, s2, r; and 7,. If they are assumed to be independent
we consider separately the joint densities of 6, 02, 7%, and s2, and of &, & ,
r1 and 7o.

We have f(0, 02,7z,,5%) = 7(0, 0%) f(Z,|9, o) f(s*|d, 0%), which we can also
write as f(Z,, s2)7™ (6, 0%|Z,, %), the product of a predictive (or marginal)
density and a posterior density. For the parameters and statistics asso-
ciated with adverse reactions we have the joint density f(&1,71,&2,72) =
f(&,m1)f(&,m2). As we did for the efficacy parameters and statistics we
write f(&;,7;) as the product of a predictive density and a posterior density.
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Here we use (3.7) and (3.10) giving

kiar:
l'iztrz k—1 —fac/
i) = 7 s © o
f(&,ri) ST 1)15 Xp
N (3.14)
E-1 X P
= p(r)&;" exp &%

(k; —1)!

It follows that the m-dependent contribution to w(n) may be written as

E[mT' (b6 — d(&; — &))] = T'E{E[m(b6 — d(&1 — &))|Zn, 8%, 71, 72)}
= T'E{m(by’ — do/ )}

= T’/ /Z —dd) p(ry,m3) (3.15)

noorq

x f(z,, s )dznds ,
where p(ry,re) = p1(r1)p2(rs), the joint predictive distribution for r; and .

The expected net benefit is calculated by subtracting the cost for the clinical
trial. Thus
w(n) = T'E{m(by’ — da’)} — n(2c + dan). (3.16)

Here c is the administration cost per patient, dan is the expected incremental
cost of the treatment of adverse reactions for each patient who takes the new
drug in the trial, and 7 is the duration in years of the trial. In the second
term the incremental cost for adverse reactions is needed if we reckon that
without the trial all 2n patients would be on the conventional treatment.
The n patients in the trial on the conventional treatment may be assumed to
suffer the same adverse reactions as they would have suffered with no trial.
Note that if w(n) < 0 for all n > 0 the trial is not worth carrying out.

3.3.5 Logistic weight function

The more effective and safe a new treatment, the more the number of patients
who want to switch to it, and the higher the resulting benefit. Let M denote
the total number of patients who receive the current treatment and who
might switch to the new treatment. The number of subsequent users m is a
fraction of M and our model assumes that m is calculated by using a logistic
weight function as follows.

m = M/[1 4+ exp{L}], where L = u(v — /') + za' +1.5A, \? = u?7'% + 2252,
(3.17)
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and u, v and z are suitably chosen constants.

Our rationale for this expression is as follows. For known J, and &; and &
known to be equal, [1 + exp{u(v — §)}]~! is the probability that a patient
switches to the new treatment. We define v to be the value of ¢ for which
half of all users switch; it is likely to represent a fairly small increment in
the treatment effect, and to be positive because of the reluctance of users
to try something new except for good reason. The value of u should be
chosen so that [1 + exp{u(v —§)}]~ = 0.75 for the value of ¢ for which 75%
of users would switch to the new treatment if § was known and & and &
were known to be equal. The value of z (> 0) should be selected so that
1+ exp{z(& — &)}t = 0.75 for the value (< 0) of & — & for which 75%
of users would switch to the new treatment if 9 was known to equal v and &;
and & were known.

Thus when ¢, § and & are all known L = u(v — §) + 2z(&; — &). Note that
K =ud — z(& — &) is a measure of users’ preference for the new treatment
and A2 is the posterior variance of K.

In practice 0, & and & are not known and are replaced by their posterior
expectations in the expression (3.17) for L. The additional term 1.5\ repre-
sents the fact that in order to switch a user is likely to require a statistically
significant estimated increase in K. Other similar multiples of A, such as
1.96, are equally plausible.

3.3.6 Monte Carlo simulation

The purpose of this Monte Carlo simulation is to generate a large number
of sample values of m(bu' — da’), and then to calculate the sample mean as
an estimate of E{m(by’ — da’)} given n. Note that m, ¢/, o’ and 3’ are all
functions of z,, s2, 71 and ry. Figure 3.1 summarises the mutual dependence
of the key parameters and statistics and also indicates our algorithm for
generating Monte Carlo random samples of Z,, s, r; and r,.

From (3.2), we have m(d,0%) = w(c?)m(§|0*) and 7(c?) is an inverse chi-
squared density function with parameters ¢g/2 and a/2,

2 (Mg b ey @
and m(d]0o?) is N(u, 0?w),
m(8|o?) = #exp_%(éa_i‘u) . (3.19)



Thus ¢ can be sampled from a normal distribution given o2. Note that 7z, and
s? are conditionally independent given o2 and §, and that s? is conditionally

independent of § given o°.

2

m(b// - do/)

VG
@@@e‘g

Figure 3.1: Monte Carlo sampling

To find the optimal sample size and the maximised expected net benefit we
proceed as follows; n is the number of patients in each group and N is the
iteration number of the simulation.

1.
2.

Set n = 2.

Draw samples 0(2].) forj =1,2--- N from the probability density func-
tion (3.18).

. Draw a sequence of samples for (d1), d2) - - - , dw)) for § from N(p, o*w),

(see (3.19)), given the values (07,00 -, 0yy) for o°.

Sample Ncorresponding values (s%ml), % ) s%n’N)) of 32) given
these samples of o2, using the fact that S(— has a chi-squared dis-
tribution with 2n — 2 degrees of freedom.

Sample values (Z.1), Zn.2): - - - Zmv)) Of Zn by sampling from N(6, 202 /n),
with values (1), d2) - -+, d()) for 0 and (0(21), 0(22) e ,O'(QN)) for o2.

. Draw samples 7y and ry(;) for j = 1,2--- | N by using the probability

density function (3.11) and calculate o/(j) and ,ng) by (3.12) and (3.13),
respectively.

Calculate N samples h, ), 7 = 1,2,--- , N, of the total benefit, using
the formula

h(”aj) - (Z(” i) S(n] B(J )( ( ) d&(J )

where m is defined by (3.17). The estimated expected net benefit (3.16)
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is given by
N
Zj:l hn,)

=
w(n) 5

B n(QC + dOd??),

8. Set n = n + 1 and repeat steps 2 to 7.

9. Find the optimal sample size and the maximised expected net benefit
from the estimated values for w(n).

3.4 AN ILLUSTRATIVE EXAMPLE

3.4.1 Background

Cost-benefit analysis is not a standard procedure in clinical trials, though our
view is that it should become a standard part of the phase III study. The
aim of this example is solely to provide an illustration of how the calculations
might proceed if the primary outcome is the evaluation of costs and benefits
for a new drug. In our example we consider the situation that multi-centre
phase II trials provide prior distributions and w(n) is calculated for a phase
1T trial. The following example is based on published data. This, together
with some further assumptions, gives us the necessary inputs. Note that the
definition of benefit depends on the purpose of the study and our model can
incorporate any kind of reasonable definition for benefit. The reduction of
health-care costs by the new treatment is considered as the benefit in the
following example.

Crohn’s disease was discovered in 1932 by Crohn et al. and is a chronic
inflammatory disease causing stomach pains, diarrhoea, and weight loss. The
lower part of the small intestine (ileum) or the large intestine (colon) are
typically affected and any part of the digestive system can also be affected.
The disease is characterised by periods of activity and remissions and has no
cure, though the symptoms can be controlled. A cytokine, tumor necrosis
factor (TNF), is a key mediator of the inflammation associated with Crohn’s
disease, and an anti-TNF monoclonal antibody, infliximab, shows efficacy
and tolerability in managing the symptoms of patients not responding to
conventional treatments (Rutgeerts et al., 1999).
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3.4.2 Application of the method

Targan et al. (1997) conducted a short term phase II study of infliximab with
a small number of Crohn’s disease patients who had scores on the Crohn’s
Disease Activity Index (CDAI) between 220 and 400. The CDAI scores
can range from zero to 600. Higher scores indicate more severe illness and
efficacy is measured by the change of the CDAI score. Patients were randomly
assigned to a single dose of either placebo or infliximab at 5 mg/kg, 10 mg/kg
or 20 mg/kg, and the sample sizes were 25, 27, 28 and 28, respectively in their
study. Targan et al. defined the primary endpoint (a clinical response) as
the percentage of patients with a reduction of 70 points or more in the CDAI
scores at week four, as compared with the baseline scores. At four weeks, 81
percent of the patients given 5 mg/kg of infliximab, 50 percent of those given
10 mg/kg, and 64 percent of those given 20 mg/kg had a clinical response, as
compared with 17 percent of patients in the placebo group. The difference
in the clinical response between infliximab and the placebo group remained
significant through the 12 weeks of follow-up. In the following calculations
the CDAI scores for the group with 5 mg/kg of infliximab and the placebo
group are converted into a utility between 0 and 1 and the difference of utility
is evaluated on a continuous scale.

The means + standard deviation of the CDAI scores at week 4 for the placebo
group and the group with 5 mg/kg of infliximab are 271 £ 82 and 166 + 76,
respectively. On the basis of Targan’s result we choose the hyperparameters
for the prior distributions for § and o2 so that p = E(§) = 271 — 166 = 105
and E(0?) = (822+476%)/2 = 6250. The prior variances of § and o2 we assume
to be fairly large, with 72 = Var(d) = 2u? and Var(o?) = 2[E(0?)]%. Tt follows
that @ = 18750, g = 5 and w = 3.5, using equations (3.3), (3.4) and (3.5).
Since there is no specific information about the values of the parameters in
the weight function, we assume that v = 0.0366 and v = 40. These figures
imply that 75% of patients would choose infliximab if 4 was known to be 70
and & and & were known to be equal.

Bassi et al. (2004) estimate that the cost is 20 pounds per medical consul-
tation for primary care, which gives d = 20 in equation (3.16). Clark et al.
(2001) estimate the number of patients with Crohn’s disease to be 3.3 x 10*
in England and Wales. According to a report by Abbot, over the course of
their disease, as many as 75 percent of patients with Crohn’s disease will
undergo surgery at least once for complications or disease resistant to treat-
ment (Press Release, 2007). Following these references we use the size of the
target population M = 3.3 x 10* x 0.75 in the expected net benefit function.
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Now we suppose that the next clinical trial (phase III) for infliximab exam-
ines the efficacy and safety at week 12 after a single dose of either 5 mg/kg
of infliximab or placebo at week 0, and the evaluation of cost and benefit is
the primary endpoint, and thus we set n = 12/52 in equation (3.16).

It is necessary for our calculations to convert the CDAI scores into a con-
tinuous scale for which each year in perfect health is assigned the value 1.0,
and a year in imperfect health has a value between 0 and 1. Suppose that
the health-care budget is 30,000 pounds for every lost unit of the scale for a
patient with a chronic disease. For a patient with Crohn’s disease and quality
of life € (0 < e < 1), the annual health care cost is (1 — €)30,000 pounds,
and in general we may use € = 1 — CDAI/600. Thus, if there is a reduction
of 1 in CDAI the annual health care cost is reduced by b = 30,000/600 = 50
pounds, assuming that CDAIL, (1 — ¢) and the annual budget are all propor-
tional to each other. Note that to evaluate w(n) we need to multiply b by 7",
the expected total discounted time for infliximab usage. Suppose the annual
discount rate v and the time for use 7" are 3.5% and 10 years, respectively.
This leads to T" = 8.44 years, which is used in this example.

The cost per patient of running Phase III clinical studies of new pharmaceu-
tical products exceeds $ 17,167 (£12,350), on average, according to a recent
benchmarking report (Cutting Edge Information, 2006). On this basis we
have used alternative values of the cost ¢ per patient in the clinical trial of
12,350, 18,525 and 24,700 pounds in our calculations.

As a guide to our treatment of adverse reactions we use articles by Targan
et al. (1997) and Present et al. (1999). Targan et al. report that adverse
reactions were experienced by 76 of 102 patients and 15 of 25 patients who
received 5 mg/kg of infliximab and placebo, respectively, over 12 weeks.
Present et al. report that adverse reactions were experienced by 10 and 12 out
of 31 patients who received bmg/kg of infliximab and placebo, respectively,
over 18 weeks. Thus using ignorance prior distributions with kg = x;0 =
0 (i = 1,2), and using these two sets of data to fill the role of phase II trials as
described in section 3.3.3 of providing a prior distribution for a phase III trial,
we have k1 = 119 = 10+ 76 = 86, x1 = t10 = (31 x 18 + 102 x 12) /52 = 34.3,
ko =190 = 12415 = 27, 29 = ty9 = (31 X 18 + 25 x 12)/52 = 16.5. For phase
IIT we have set t = n x 12/52, assuming that the trial lasts for 12 weeks. It
follows that o = 86/34.2 — 27/16.5 = 0.88, r; ~ Neg-bin(86,n/(148.3 + n))
and 79 ~ Neg-bin(27,n/(71.5 + n)). To estimate z we assume that 75% of
potential users would switch to the new drug with ¢ known to equal v = 40,
and & — & known to equal the fraction ¢ of our prior estimate 27/16.5 for
&5. The value of z may then be calculated as described in section 3.3.5. For
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example z = 1.02 when ¢ = 2/3, which means that adverse reactions occur
with the new drug at approximately 1/3 of the rate at which they occur with
the placebo.

3.4.3 Results

Figure 3.2 shows the result of calculations with N = 1, 000 (see section 3.3.6).
For each of the three curves w(n) was evaluated for n = 2,3,4, - --,3000. The
curves were then smoothed using the S-Plus generic function, spline. The
optimal sample sizes and the maximised expected net societal benefits are
calculated to be 1,207, 1,144 and 1,091 patients and 1.20 x 10°, 1.19 x 1.0°
and 1.17 x 10, respectively, for the three alternative values of c. The power
of a classical test to detect an improvement of 105 (the prior expectation
of 9) in the CDAI scores is very close to 1.0 for these sample sizes, with
a type I error of 0.001. This very high power and the insensitivity of the
maximised expected net benefit to the cost ¢ per patient included in the
trial are both due to the fact that the total cost of the trial is much smaller
than the expected net benefit. It is worth noting that these results are very
different from what we would have found by classical frequentist methods
for determining sample size. Note too that these very low probabilities of
type I and type II error mean that the samples are almost certainly large
enough for regulatory requirements. When this is not true the sponsor is
likely to need to increase the size of the trial, as we have described in an
earlier paper (Kikuchi et al., 2008). The value of ¢ is a measure of users’
sensitivity to the occurrence of adverse reactions, a low value indicating high
sensitivity. Values of optimal sample size and maximised expected net benefit
were calculated with ¢ = 18,525 and different value of (, as shown in Table
3.1. The optimal sample size decreases as ( increases, while the maximised
expected net benefit is almost constant.

Table 3.1: Sensitivity to adverse reactions ( = 1/()

¢ z Optimal sample size | Maximised expected net benefit (pounds)
0.90 | 0.75 1,096 1.19 x 10°
0.67 | 1.02 1,144 1.19 x 10°
0.50 | 1.36 1,185 1.19 x 10°
0.33 | 1.83 1,247 1.19 x 10?
0.25 | 2.71 1,319 1.18 x 10?
0.12 | 5.42 1,560 1.15 x 10°
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Figure 3.2: The expected net benefit against size of trial

To explore the sensitivity of our calculations to changes in the prior variance
72 for § we now investigate the consequences of varying the prior hyperpa-
rameter w, while leaving E(c?) unchanged. As we can see from equation
(3.5), 7% is proportional to w. Table 3.2 shows the optimal sample size n
and the maximised expected net benefit w(n) for different values of w. Here
¢ = 0.9, so that z = 0.75, ¢ = 18, 525, and all other parameter values are the
same as for the calculations illustrated in Figure 3.2.

Clearly the optimal sample size is a decreasing function of the prior variance
and the optimised expected net benefit is an increasing function of the prior
variance. Moreover the relationships are in both cases strong ones. The rea-
son for this is that with vague prior knowledge about the efficacy of a new
drug there is a real possibility that it is very much better than the existing
treatment. If this is so it will not take a large sample to establish an improve-
ment, and the resulting profitability will also be very large. It follows that
it is important to take care in estimating the prior hyperparameters, partic-
ularly those relating to d. It is advisable to carry out a sensitivity analysis
with different prior distributions covering the range of plausible possibilities.
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Table 3.2: Effect on n and w(n) of increasing values of 72.

w Optimal sample size | Maximised expected net benefit (pounds)
3.5 1,096 1.19 x 10°
35 977 2.35 x 10°

350 753 6.19 x 10°

3,500 387 18.52 x 10°

3.5 FURTHER APPLICATIONS

Cost-benefit analysis along the lines of this chapter is applicable to determi-
nation of the best medical treatment for a given condition, and to finding the
optimal therapeutic dose for a new drug. It is also likely that governments
will increasingly require pharmaceutical companies to evaluate the societal
costs and benefits for subsequent users when a clinical trial has been com-
pleted. If the BeBay procedure is used, it is straightforward to evaluate the
posterior expected net benefit conditional upon the results of the trial and
hence to comply with this demand. The data of the completed clinical trial
provide values for s?, Z,, o’ and ’. The expected net benefit Q for subsequent
users may be written

Q(n, 7z, 5%, a, B)) = mT'(by' — do).

If the national health authority can purchase the drug for substantially less
than ) then it may well decide that it should do so, and the value of () can
be used as a criterion for the health authority in deciding a suitable price so
that a positive net benefit can be assured.

The BeBay procedure may also be used to define a stopping rule for se-
quential clinical trials, as follows. Suppose that an interim analysis has been
conducted with a sample size ny. If the clinical trial is continued, then BeBay
can be used to determine the optimal sample size nq starting from the point
already reached. Let us define the expected value of sample information
using BeBay (EVSIB) to be w(ny) — Q(ny, Zn;, 53, ay, 31), where the second
term is the expected benefit calculated without a further clinical trial, which
for brevity we shall write as (J;. We propose the stopping rule that if either
EVSIB or w(ng) is negative we stop the clinical trial, and otherwise we con-
tinue it. If ); > 0 and EVSIB < 0 we can conclude that the new drug has
positive net societal benefit and further sampling is unnecessary. If ¢ > 0
and EVSIB > 0, the pharmaceutical company may be willing to continue the
clinical trial to attain the higher expected net societal benefit, and possibly
justify a higher price for the new drug. The other decisions are summarised
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in Table 3.3, where ny is the optimal sample size for the next stage of the
clinical trial.

Table 3.3: Decision table

@1 EVSIB | Decision
- Stop. Reject the new drug.

+ - Stop. Accept the new drug.
- + If w(ns2) < 0, stop and reject the new drug. Otherwise continue.
+ + Continue.

3.6 FINAL COMMENTS

Current practice is for cost-effectiveness analysis to be carried out as a sec-
ondary analysis in clinical trials. It is our firm conviction that instead cost-
effectiveness needs to be a primary endpoint if sample sizes are to achieve
the appropriate balance between information gained and cost.

If national health expenditures are to be planned on the basis of their ex-
pected net benefit, there needs to be a careful accounting of the various costs
and benefits. This need has been marked by the growth of the relatively new
subject of pharmacoeconomics. BeBay is a contribution to the methodology
of this field. Some of the data requirements will need to be supplied by im-
precise estimates. However it is surely better to use imprecise estimates of
the relevant quantities than to ignore them.

If clinical trials are carried out in more than one country, it is sometimes
possible to incorporate the results of foreign studies in the evaluation of
domestic studies. This issue is linked with the design of bridging studies,
and is discussed in chapter 6 based on Kikuchi and Gittins (2010a).
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Chapter 4

Sample size considering efficacy
and safety: imbalanced sample
size in treatment groups

4.1 ABSTRACT

The purpose of this chapter is to provide a rationale for experimental designs
which allocate more patients to the new treatment than to the control group.
The model uses a logistic weight function, including an interaction term
linking efficacy and safety, which determines the number of patients choosing
the new drug, and hence the resulting benefit. A Monte Carlo simulation is
employed for the calculation. Having a larger group of patients on the new
drug in general makes it easier to recruit patients to the trial and may also
be ethically desirable. Our results show that this can be done with very little
if any reduction in expected net benefit.

This chapter is based on Kikuchi and Gittins (2010b).

4.2 INTRODUCTION

The purpose of BeBay research is to provide a statistical methodology which
may be used for phase III clinical trials and bridging studies. Phase I1I studies
are randomized controlled multicentre trials on large patient groups and are
aimed at assessment of the effectiveness of the new drug, in comparison
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with the current treatment. They follow phase I and phase II trials which
are designed to establish safe and effective dose levels. Bridging studies
extrapolate clinical trial data arising in one region to a new region. A suitable
bridging study reduces the need for additional clinical trials in the new region,
thus reducing costs and making the new treatment available earlier.

The better the drug, the more patients want to use it, and the more the
resulting benefit. This approach has been extended to take account of un-
paired comparisons, unknown variance, safety as well as efficacy, together
with a more flexible function relating efficacy and safety and the number
of users (Kikuchi et al., 2008; Kikuchi and Gittins, 2009). These papers
provided a methodology to calculate sample size with equal numbers in the
active and control arms.

There are several proposals for sample size determination by Bayesian ap-
proaches. For example Brutti et al. (2008) say an experiment is successful
if it yields a large posterior probability that an unknown parameter of in-
terest is greater than a chosen threshold. In this context, a straightforward
sample size criterion is to select the minimal number of observations so that
the predictive probability of a successful trial is sufficiently large. However,
their paper does not consider the optimisation of expected net benefit, an
approach which may be described as decision analytic. The same is true of
papers (Spiegelhalter and Freedman, 1986; Hutton and Owens, 1993; Joseph
et al., 1997; Lee and Zelen, 2000).

There have been relatively few papers setting out a decision analytical frame-
work for sample size determination for clinical trials. Three which do are
those by Claxton and Posnett (1996b), Patel and Ankolekar (2007) and
Willan (2008). Their models incorporate relevant economic factors in in-
teresting ways. However, unlike BeBay, there is no explicit modelling of the
number of subsequent users as a function of the efficacy and the frequency
of adverse reactions revealed by the trial.

Frequently there is evidence from the Phase II trial that the new drug is
superior to the current standard drug. This creates an incentive for choosing
a sample size for the new drug in Phase III which is greater than for the
control group taking the standard drug. In the first place the higher the
chance of being given the new drug the more likely it is that a patient will
wish to join the trial, and the less likely it becomes that enrolment rates are
inadequate. There is also an ethical argument for allocating more patients
to the drug which is likely to prove superior. However, currently imbalanced
randomisation designs are rarely employed (see Dumville et al. (2006)), and
there appears to be no published methodology on this subject which takes a
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decision analytic approach.

Relevant papers taking the classical frequentist approach are those by Peto
et al. (1976) and Peto (1978), who propose assignment in a 3:2 or 2:1 ratio
for Phase II trials, and by Pocock (1979) who showed that the power of the
hypothesis test in a Phase III trial of a given size is not very sensitive to the
proportions of the total sample allocated to the new drug and to the control.

The purpose of the present chapter is to show how the BeBay approach may
be used to explore the cost-benefit consequences of having imbalanced sample
sizes in a Phase III clinical trial. Our illustrative example shows that very
different sample sizes are compatible with relatively small reductions in the
expected net benefit from a trial. This conclusion is in line with Pocock’s
results and is likely to apply more generally.

The structure of this chapter is as follows. First we describe the distribution
theory needed for a Bayesian analysis of the evidence for efficacy and safety,
and proceed to explain how BeBay calculates expected costs and benefits
per patient. Then a weight function is introduced to calculate the number
of subsequent users and the resulting benefit. An illustrative example shows
how Monte Carlo simulation may be used to explore the dependence of ex-
pected net benefit on the sample sizes for the new treatment group and the
control group. Finally we conclude with a short discussion.

Our illustrative example uses realistic values and supplemental assumptions
due to a lack of individual patient data. It is not intended to be used directly
for planning the clinical trials for the new statin for hypercholesterolemia
which we discuss.

Throughout our discussion we assume that prior information on the param-
eters of probability distributions is expressible by means of conjugate prior
distributions. Frequently this is a realistic assumption. The reasons for mak-
ing it are that it simplifies what is in any case a complex presentation and
ensures that the calculations which we need to make are computationally
feasible (see for example Bernardo and Smith (1994)).
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4.3 THE MODEL

4.3.1 Distribution theory(efficacy)

Let X and Y be a new drug and a standard drug or placebo, respectively,
which is to be used in the trial. Suppose that the new and standard drug
groups have sample sizes n (> 1) and yn (0 < v < 1,yn > 1), respectively.
Let X; (i1 =1,2,--- ,n)and Y; (i = 1,2,--- ,yn) be the clinical outcomes on
some continuous scale. The subscript ¢ refers to patient 7. Note that X; and
Y; are unpaired and independent.

Let X; ~ N( + 6,0%) and Y; ~ N(6,02). Writing X,, = (30—} X;)/n, Yo, =
(ZZ 1"Y;)/yn and Zn’y =X, Ym, it follows that

Zom ~ NG, (14 4.1

e NE ) (11)
Thus ¢ is the mean incremental efficacy achieved by the new drug. To simplify
our exposition o2 is assumed to be known. We assume that ¢ has the prior
density N (u,72) where p and 72 are based on previous clinical trials. Note
that if n is sufficiently large then Z, , follows a normal distribution for any
distributions for X; and Y; by the Central Limit Theorem.

By Bayes theorem, the mean 1/ and variance 7/? of the posterior distribution
for ¢ are as follows.

7y + 2 (1 + =L
T2+%(1+;)
T2 (14 1)

M/(nv 7) = ) (4.2)

n

7'2—1-‘;—2(1—1-%)'

% (n,y) =

4.3.2 Distribution theory (safety)

The incidence of adverse reactions can be modelled in a similar way. Let
X{ and Y, denote the numbers of adverse reactions for the ¢th patient in
groups X and Y, respectively, and ¢ be the treatment duration in the trial.
Suppose X and Y,* have independent Poisson distributions with parameters
Axi and Ay;, and that these Poisson parameters are independently drawn
from distributions with mean values 6 + 6 a1 and 0, respectively, both with
variance p?. Writing X¢ = Y X2/n and Y. ZY“/ (vyn), by standard
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theory it follows that X2 and Y%, have means 6* + §* and 6, and variances
(0°+6%+p*)/n, (0°+p?)/(yn). Unless yn is small, it follows from the central
limit theorem that X¢ and m are approximately normally distributed. Thus
writing % = Xo — @ it follows that

W+W+ﬁ+m+ﬁ
n yn '

Z: ~N (5a,

The unbiased estimators
s /(n—=1) = Y (X =X3)*/(n—1)and si>/(yn—1) = Y _(V;"=Y5,)?/(yn—1)

(4.4)
are available for (0% + §% + p*) and (0* + p?), respectively. We shall simplify
our discussion by replacing these variances by their estimates. Thus if we
write n® = (0* + 6* + p?)/n + (0* + p®)/yn, then n* is regarded as known

522 + 852
n=1) = yn(yn-1)"

and equal to o

Suppose that 6 has a N(u?, 7%%) prior distribution based on previous clinical
trials. Using the above approximation and Bayes theorem for the normal
distribution with known variance, it follows that the posterior distribution
for 6% after the clinical trial is normal with the mean and variance as follows.

7_(12 Z;—fﬁ + 77(12lua

o = d 4.5
n(n, ) 3 an (4.5)
a2,,a2

al2 T 77
) = —————. 4.6
209) = s (16)

4.3.3 Expected net benefit function

The expected net benefit is calculated by subtracting the costs for the clinical
trial from the expected total benefit. The costs for the clinical trial consist of
administration costs and expenditure for the treatment of adverse reactions.

Let b be the monetary benefit per unit improvement of efficacy. The definition
of b depends on the purpose of the trial. In this chapter we define the
benefit to be reduced societal expenditure on the disease in the country. Let
M denote the number of patients who receive the current treatment in the
country and might switch to the new treatment by considering the results
of the clinical trial. The total benefit from improved efficacy is calculated
by multiplying the benefit per patient b by the number m (0 < m < M) of
patients switching to the new treatment.
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The expected net benefit w(n, ) includes items proportional to n and ~, the
main one being the administration cost of the trial. It also includes items pro-
portional to T', the number of patient-years of subsequent use, which relates
with the calculation of the benefit of improved efficacy and the incremental
cost of adverse reactions in subsequent use of the drug. Note that the finan-
cial saving per patient and per unit improvement in efficacy is aggregated
over the period T for which the drug will be used. If T is large, it may be
necessary to use discounting. With a discount parameter of £, a short inter-
val A at time ¢t becomes A exp™ +0(A), and the total discounted time 7" is

fOT exp~®® ds = (1 —exp~¢T) /€.

Note that the financial saving per patient depends on the time at which
the drug becomes available, which in turn depends upon the size of the
trial. Delays in availability attributable to the length of a bridging study can
cause a serious social problem and are therefore an important factor in the
calculation of the total benefit. These effects may be modelled by subtracting
a suitable amount from 7", depending on the particular case.

For each patient who switches to the new drug after the trial, there is a
contribution E(bd —ed®/t) to the expected net benefit rate per patient, where
e is the expected cost of the treatment for an adverse event and t is the
duration of the clinical trial. We must also estimate the change in prescription
costs. Let k1 and ko be the expected costs per patient per day, for the new
and standard drugs, respectively. Note that the exact value of k; is unknown
until the clinical trials have been completed and the health authority has
approved the price.

The posterior expectation of this contribution after the trial is
T'E[m(bd — 6 /t))[Zngn, 25 5] = T'm(bp’ — ep /1),
where 1/ and p/* are the posterior expectations of 6 and §¢.

We shall assume that m depends on the posterior distributions of § and §¢,
the mean differences in efficacy and safety between the new and comparative
drugs. Thus the m-dependent contribution to w(n,y) is the expectation of

T'm(bd — ed®/t — 365(k1 — ks)). (4.7)

To calculate w(n,vy) we need to take the expectation with respect to the

predictive distributions for Z, , and Z1 | and to subtract the expected cost
of the clinical trial and the incremental drug costs. Thus,

w(n,v) = T'E[m{by’ — ep'* /t — 365(k1 — ko) }] — n{(1 +v)c+ eu}. (4.8)
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Here c is the administration cost per patient, eu® is the expected incremental
cost of the treatment of adverse reactions for each patient in the clinical trial
and receiving the new drug, and the duration of the trial is . We assume
that without the trial all n(y 4+ 1) patients would be on the conventional
treatment. The n patients in the trial on the conventional treatment may
be assumed to suffer the same adverse reactions as they would have suffered
with no trial.

Note that as well as helping to decide on an appropriate sample size the
calculations leading to equation (4.7) provide useful information when the
trial has been completed. The health authority should negotiate the price
which it pays for the new drug to make T"m(by’ — ep'®/t — 365(k1 — k2))
positive. This will ensure that the new drug produces a positive net benefit
compared with the current treatment.

4.3.4 Logistic weight function

The more effective and safe a new treatment, the more patients want to
switch to it, and the higher the resulting total benefit. Let M denote the
number of patients who receive the current treatment in the country and
might switch to the new treatment by considering the results of the clinical
trial. There may well be more than one current treatment. We can allow for
this by accounting separately for the patients receiving each treatment, and
by adding the corresponding contributions to the net benefit.

Note that the preferences of patients in the trial do not form part of the
model. The preferences of subsequent patients when the drug is approved
and available, on the other hand, are modelled to estimate the number of
patients switching to the new drug, with the assumption that they vary from
patient to patient.

Also note that the preferences of patients are strongly influenced by the
advice which they receive from their medical adviser. There is also the pos-
sibility that health care authorities, such as NICE in the UK, may restrict
prescription of a drug. When we refer to patients’ preferences it should be
understood that this refers to the choices made after taking account of these
influences.

The number m of subsequent users who want to switch from the current
treatment to the new treatment is a fraction of M and is calculated by using
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a logistic weight function as follows.

m = M/[1 + exp{L}], where (4.9)
L=u(v—p') 4z + 't/ + 1.5, (4.10)
)\2 — (uQ + wQIu/aQ)T/Q 4 (22 + wQMIQ)T/GQ 4 ¢2T/2T/a2. (4'11)

Here ¢/ p/* is an interaction term linking efficacy and safety, and u, v, z and
1 are suitably chosen constants.

If §, 6* were known, L could be replaced with u(v — §) 4+ 20* + 1§§°. Note
that K = ud — 20 — 1d0® is a measure of patients’ preference for the new
treatment, E[K] = up — zu® — ¥uu®, and A\? is the posterior variance of K.
In practice § and 6 are not known and are replaced by their posterior expec-
tations in the expression (4.10) for L. The additional term 1.5\ represents
the fact that in order to switch a user is likely to require a statistically sig-
nificant estimated increase in K. Other similar multiples of A, such as 1.96,
are equally plausible.

Our rationale for this logistic weight function is as follows. If § was known and
5% was known to be zero, then [1+exp{u(v—3)}]~! would be the probability
ps that a patient would switch to the new treatment. We define v to be the
value of § for which half of all users would switch to the new drug. The value
of u should be chosen so that

[1 + exp{u(v —§)}]~" = 0.75, (4.12)

for which the value of ¢ is such that 75% of users would switch to the
new treatment if 0 = 0. The value of z should be selected so that [1 +
exp{z0°}]™t = 0.75(z > 0) for which the value of ¢* is such that 75% of
users would switch to the new treatment.

If we write p; = 1/[1 4 exp{u(v — 9) + 20 + ¥60*}] conditional on u,v and
z as above, then for § # 0 and 6% # 0 we have

_ log(1/ps — 1) —u(v —6) — 26
B §oe '

(G (4.13)

The values of u, v,z and ¥ need to be estimated on the basis of empirical
data. Since our interest is in the preferences of patients after they have
received medical advice, it would be best to gather this from a survey of the
views of the patients and their medical practitioners by using previous trial
results and simulated results, and then to estimate the relationship between
the drug performance and preference by using standard statistical methods.
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If the rate of adverse reactions of the new drug is similar to that of the
comparative drug, it may be sufficient to calculate m in terms of efficacy
only, leading to a simplified weight function with L = u(v — g/) + 1.5\ and

)\2 — u2 7_/2

4.4 AN ILLUSTRATIVE EXAMPLE

4.4.1 Background

Our example is a real one but we have made plausible assumptions to fill gaps
since some of the required data have not been published. Therefore, our ex-
ample illustrates the statistical methodology and the calculation procedures
rather than offering practical guidance for the case of rosuvastatin.

Cholesterol is transported into the cells of arteries in the form of low-density
lipoprotein cholesterol (LDL-C). This can build up in the inner walls of the
arteries that feed the heart and brain to form plaque, a thick, hard deposit
that can narrow the arteries and make them less flexible resulting in coronary
heart disease (CHD), leading to a heart attack or stroke. For this reason low-
density lipoprotein cholesterol (LDL-C) is called “bad cholesterol”.

4.4.2 Application of the method

Rosuvastatin is a new, synthetic, oral drug that reduces LDL-C and is in-
tended for the treatment of patients suffering from hypercholesterolemia.
Atorvastatin is a statin that was already known to be more efficacious than
pravastatin, simvastatin, fluvastatin, or lovastatin in reducing LDL-C (An-
drews et al., 2001). Schwartz et al. (2004) carried out a randomised controlled
trial to compare efficacy and safety for rosuvastatin and atorvastatin in pa-
tients with hypercholesterolemia. The patients were randomly assigned to
take 24 week-treatment in one of the following three groups, each with forced
dose titration at 12 and 18 weeks; the starting and titrated doses for each
group were rosuvastatin 5, 20 and 80 mg (group 1, 127 patients enrolled);
rosuvastatin 10, 40 and 80 mg (group 2, 129 patients enrolled); and atorvas-
tatin 10, 40 and 80 mg (group 3, 128 patients enrolled).

This study showed that LDL-C at 24 weeks was reduced significantly more
with rosuvastatin (groups 1 and 2) than with atorvastatin. In this illustrative
example, we assume that we wish to calculate the optimal sample size for a
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further clinical trial (phase III) based on these results for combined groups
1 and 2 versus group 3.

The mean (standard error, SE) percent decreases from baseline in LDL-C at
24 weeks were 59.6 (1.0) and 52.0 (1.4) with rosuvastatin (combining groups
1 and 2, with data missing for one of 256 patients) and atorvastatin (group 3,
with data missing for one of the 128 patients), respectively. The concentra-
tions of LDL-C at baseline were 187 mg/dl and 188 mg/dl for rosuvastatin
and atorvastatin, respectively, giving p = 187 x 0.596 — 188 x 0.520 = 13.7
mg/dl. To give a vague prior distribution we assume 72 = (u/2)? = 46.9.
The standard errors of 1.0 % and 1.4% are converted to 1.87 mg/dl and 2.63
mg/dl, so the usual unbiased esitmate for o2 is (255 x 254 x 1.87% 4+ 127 X
126 x 2.63%)/(254 + 126) = 887.3.

Based on the occurrence of drug-related adverse reactions caused by rosu-
vastatin (256 patients evaluated for safety) and atorvastatin (126 out of 127
patients evaluated due to the data missing) in this study, we calculate pu* =
74/256—35/126 = 0.0113 and a vague prior with 7% = (u/2)? = 3.18 x 1075
is used. Individual patient data for adverse reactions are not reported by
Schwartz et al. (2004) and any other papers, so the calculations (4.4) for
sufficient statistics are not feasible without a further assumption. In order
to be able to proceed we shall assume that the adverse reactions which oc-
curred all involved different patients. Thus our estimates for the variances
(0 + 6%+ p?) and (0% + p?) are {74(1—74/256)?+182(74/256)?} /255 = 0.206
and {35(1 — 35/125)% + 90(35/125)?} /124 = 0.203, respectively.

Adult Treatment Panel (ATP) II and III guidelines by the National Choles-
terol Education Program (NCEP) specified that the LDL-C concentration
should be < 100 mg/dl (Expert Panel on Detection, Evaluation and Treat-
ment of High Blood Cholesterol in Adults, 2002). Liu et al. (2002) estimated
that the cost of illness associated with CHD is £7.06 billion per annum and
the total patient population is 2.55 million (= M) in the UK, which means
that £2,780 per patient was expended on average. To provide a first approxi-
mation to the benefit b per unit reduction in LDL-C concentration we assume
that this cost is entirely attributable to patients with more than the target
maximum of 100 mg/dl. We also assume that without treatment the mean
concentration of LDL-C is 187.3 mg/dl, which is the mean of baseline con-
centration for patients entering the trial, and that the mean cost of treatment
is proportional to the extent to which the concentration exceeds 100 mg/dl.
This gives b = 2780/87.3 = £31.8 [mg/dl - patient™']. Thus our assumption
means that a reduction of 1.0 mg/dl in the concentration of LDL-C for a pa-
tient reduces the required expenditure on medicare for hypercholesterolemia
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by £31.8 on average.

Since no survey on patients’ preferences for rosuvastatin and atorvastatin
has been carried out, we need to set values for w,v,z and @ on general
grounds. If patients and their medical consultants are told that the new
drug is more effective and equally safe compared with the current drug, it
is likely that they will be reluctant to switch to the new drug, especially if
the current drug is reasonably effective. This behavior shows a kind of status
quo bias, a phenomenon discussed by two behavioural economists, Samuelson
and Zeckhauser (1988). With this in mind we assume that 50% of patients
would switch to the new drug if 6 was known to be 15 mg/dl, and 75% would
switch with § = 30 mg/dl. From our discussion in section 4.3.4 it follows
that v = 15 and v = 0.073. We assume that z = 32.4 and ¢ = —0.001.

The cost e for the treatment of an adverse event is estimated to be £12.74
by Liu et al. (2002). Schwartz et al. (2004) enrolled 1,233 patients with
hypercholesterolemia in about 11 months, which means 3.7 patients per day
on average. Assuming this rate of enrolment and a time horizon of 50 years
for the new drug we have T'= 50 — n(1 +v)/(3.7 x 365). This means that a
longer recruitment period causes loss of the total benefit.

The cost per patient of running Phase III clinical studies of new pharmaceu-
tical products is $ 26,000 (£16,242), on average, according to a new bench-
marking report (Cutting Edge Information, 2006), so we set ¢ = 16, 242.
According to Bazalo (2001), the mean and standard deviation of the cost
per dose for statin treatment in the 10 largest health maintenance organiza-
tions (HMO) in the USA was $ 2.31 and $ 0.17, respectively, and the cost
ko per dose of atrovastatin was $2.31, all in year 2000. It is reasonable to
suppose that a new drug will be priced near the top of the current range,
so we estimate k; by adding two standard deviations to the mean, giving an
estimated value of $ 2.65. The incremental cost was thus $ 0.34 (£0.21) per
dose. Note that this illustration assumes that M patients use atorvastatin
and we calculate the benefit on the basis of those who switch to rosuvastatin.

4.4.3 Results

Values of the expected net benefit for different values of n and v were cal-
culated and are shown in Figure 4.1. Table 4.1 shows the values of n which
produce the maximised expected net benefit (MENB) for fixed values of ~.
There is a small difference in MENB and a gradual decrease as v decreases,
which of course means that the sample is becoming more imbalanced.
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Table 4.1: Optimal n and maximised expected net benefits for fixed ~.

v n (1+7)n | MENB (£ x 10') | T (years)
1.0 | 964 1,928.0 1.722 48.6
0.9 | 859 1,632.1 1.721 48.8
0.7 | 1,090 1,853.0 1.719 48.7
0.5 | 1,275 1,912.3 1.717 48.6
0.3 | 1,526 1,983.8 1.705 48.5
0.1 | 2,601 2,861.1 1.651 47.9

The largest calculated value of MENB is £1.722 x 101 for T years (see Table
4.1) and with v = 1.0. However, the variation with v is not strong, with very
little reduction of MENB when « = 0.3. A research planner might very well
regard this small loss in the calculated expected net benefit as being more
than offset by an improved patient recruitment rate as a result of choosing
v less than 1.0.

1.6*10"M10

1.4*107M10

w(n)

T i —— gamma=1.0
gamma=0.9

- gamma=0.7
———  gamma=0.5
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L
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Sample size n

Figure 4.1: Expected net benefit for different n and ~.

It is interesting to compare these results with those which follow from the
classical frequentist procedure for determining sample size. With equal num-
bers on each arm of the trial the standard formula for the sample size n which
ensures that the probabilities of type I and type II errors are at most o and
B respectively, for a clinically relevant difference in outcome of A is (see for
example Dobson (1984)) n = 202(z4/2 + 25)?/A?. This is based on a normal
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approximation; o2 is the estimated variance, and z,, denotes the 100(1—z,,)%
point of the standard normal distribution. Let us now follow convention by
putting a = 0.05 and 3 = 0.2, and set o2 equal to the unbiased estimate
887.3. Reasonable values for A are 15 or 30 mg/dl, which lead to required
sample sizes of at least 14.08 or 35.2 per group, respectively. These sizes are
far smaller than those calculated by BeBay. They also lead to very much
lower values for the expected net benefit, namely 1.16 x 101 and 1.31 x 10*°,
which is only 67% and 76%, respectively, of the MENB for v = 1 from Table
4.1.

4.5 CONCLUDING REMARKS

Our BeBay methodology has the distinct advantage as compared with current
practice that it provides a means for taking patient preferences into account
in modelling the likely usage of a new drug. There is an important need for
empirical studies on what these preferences are.

In this chapter we have shown how the BeBay approach may be used in the
determination of sample size for studies with a control group smaller than
the group taking the new drug. It may also be used as a basis for calculating
the maximum price that a health authority should be prepared to pay for a
drug.

Our modelling of potential responses has been restricted to efficacy and safety
and their interaction. In our example we have not modelled the relationship
between recruitment rate and experimental design, nor have we modelled the
ethical acceptability of a design. The quantification of the ethical acceptabil-
ity is a topic which needs further extensive discussion. For the moment it
seems best to deal with these issues separately from the formal model. Fur-
ther modelling at some stage would be possible, given the necessary data on
which to build it.
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Chapter 5

Sample size determination for
cluster randomised clinical
trials

5.1 ABSTRACT

Cluster randomised clinical trials (CRCTs) are increasingly popular to evalu-
ate disease control interventions for communities. In these trials health inter-
ventions are allocated randomly to complete clusters or groups rather than
to individual subjects. Sample size calculation for CRCTs has been largely
based on classical theory, taking account of between-cluster variation, and
of type I and II errors. It is desirable to use an approach which maximises
the expected net benefit, but there is as yet no established methodology
along these lines. Gittins and Pezeshk (2000b) present an expected net ben-
efit approach to sample size determination. In this chapter we extend that
approach to CRCTs.

This chapter is based on Kikuchi and Gittins (2011).

5.2 INTRODUCTION

Randomised controlled trials are the gold standard for the evaluation of new
medical interventions. The interventions are generally allocated randomly
to individual subjects. In some trials, however, the medical interventions

61



are randomised not to individuals but to complete groups or clusters that
might be clinics, families, villages, cities or other geographical areas. Trials
like this are called “cluster randomised clinical trials (CRCTs).” They have
recently been used in sociological and epidemiological studies such as the
evaluation of nutrition interventions for infants in Nepal (Christian et al.,
2003). Frequently the subjects in CRCT's are not patients and the purpose
of the study is to evaluate the effect of preventive interventions.

The possible reasons for adopting CRCTs were cited by Smith and Morrow
(1996) as follows: (1) the evaluation of interventions have to be implemented
on a community basis because of the nature of the intervention, e.g. san-
itation schemes, some educational, environmental interventions and group
therapies; (2) logistical convenience, or to avoid contamination between in-
terventions that might happen if they are allocated to individual subjects;
(3) it is desired to capture the mass effect on the prevention of disease in a
large proportion of the community members, e.g. vaccination; (4) although
efficacy occurs at the individual level, it is measured on a community-basis,
e.g. a decrease of mortality rate or of incidence rate.

Statistical methods for design and analysis of CRCTs are not as fully de-
veloped as those for individually randomised clinical trials (IRCTs). The
majority of existing work on CRCTs depends on classical theory. There is
the complication of the likely existence of between-cluster variability in addi-
tion to the usual between individual variability. This means that for a given
sample size a CRCT may provide less information than an IRCT.

Sample size calculations using classical theory are based on the definition of a
minimum clinical difference between two interventions which is to be detected
with given type I and II errors. A number of papers discuss sample size cal-
culations for CRCTs using classical theory, for example Donner et al. (1981),
Shipley et al. (1989), Kocpsell et al. (1991), Shoukri and Martin (1992), Gail
et al. (1992), Donner (1992) and Hayes and Bennett (1999). We will follow
the terminology of Thompson et al. (1997) who derive a sample size for-
mula for the matched-pair design that takes into account two components of
variance: the within-cluster variance and the between-clusters-within strata
variance. There are also articles describing Bayesian methods for analysis of
binary outcomes for CRCTs, for example by Turner et al. (2001) and Thomp-
son et al. (2004), and of continuous outcomes by Spiegelhalter (2001). None
of these papers uses cost-benefit analysis for sample size determination.

Financial resources are inevitably restricted in public health. Thus decision
makers have to trade off the anticipated benefits against the costs for intro-
ducing a particular implementation strategy. Therefore, decision makers and
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funding bodies increasingly need information not only on the effectiveness of
the intervention but also on its economic efficiency relative to other inter-
ventions. This means that economic evaluation needs to be standard prac-
tice alongside the evaluation of effectiveness for each intervention. However,
there is not yet an established methodology for sample size determination
and evaluation from a cost-benefit point of view in the literature on CRCTs.
The closest approach, using a classical framework, is an article by Connelly
(2003) that illustrates how researchers can minimise the cost of producing a
given level of statistical power, other things being equal, or how power can
be maximised given a specified budget.

The behavioural Bayes (BeBay) methodology was developed by Gittins and
Pezeshk (2000a,b, 2002a,b). This approach was developed for individually
randomised clinical trials and has been extended by Kikuchi et al. (2008)
to take account of unpaired comparisons and unknown variance. Kikuchi
and Gittins have further extended the approach: allowing the number of
subsequent users to depend on both efficacy and safety (2009), to match the
specific requirements of a bridging trial (2010a), and to allow different sample
sizes for the new and control treatments (2010b).

The purpose of this chapter is to extend the BeBay approach to sample size
determination for CRCTs. The structure of the chapter is as follows. First
we describe the distribution theory needed for a Bayesian analysis of the effi-
cacy in CRCTs and proceed to explain how BeBay calculates expected costs
and benefits. Then a weight function is introduced to calculate the number
of subsequent users and the resulting benefit. An illustrative example follows
for a nurse-led lifestyle intervention in general practice to reduce cholesterol
levels. The calculation uses Monte Carlo simulation to explore the depen-
dence of expected net benefit on the sample sizes for the new intervention
cluster and the control cluster. Graphical results are given in the last section
of this chapter. We conclude with a short discussion.

Note that our purpose is to demonstrate a statistical methodology rather
than to recommend a sample size in this case. Our illustrative example uses
realistic values and supplemental assumptions due to a lack of individual
patient data.

Throughout our discussion we assume that prior information on the param-
eters of probability distributions is expressible by means of conjugate prior
distributions. Frequently this is a realistic assumption. The reasons for mak-
ing it are that it simplifies what is in any case a complex presentation and
ensures that the calculations which we need to make are computationally
feasible (see for example Bernardo and Smith (1994)).
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5.3 THE MODEL

5.3.1 Distribution theory

We here follow the notation used by Thompson et al. (1997). Let Y
be the continuous outcome variable for subject & = 1,---,n;; in stratum
j=1,---, N, and for intervention ¢. Within each stratum there are separate
clusters for the new intervention (i = 1) and control intervention (i = 2). To
illustrate this notation suppose that N towns (strata) are randomly chosen
from England, and two general practitioners (GPs) and corresponding clus-
ters per town are selected. One of the two GPs in the town is assigned to the
new intervention and the other GP to the control intervention. The number
of subjects is n;; for intervention ¢ in town j.

In this imaginary example many patient factors may affect the results of the
interventions and the patient factors are not identically distributed across
England. We therefore need to include a town (stratum) effect. We also
have to take account of a possible GP effect.

In this chapter we determine the optimal values of N and n;; to maximise the
expected net benefit of the clinical trial. Following Thompson et al. (1997),
for a cluster randomised clinical trial we write

Yij = i + 95 + nij + €, (5.1)

where ay — g = 4 is the incremental effect of the new intervention, and v; is
the stratum effect, for example a regional effect. For an experimental design
with no strata the term +; is removed from equation (5.1) and the analysis
is otherwise unchanged; this would be the situation, for example, if in our
above illustration every GP selected for inclusion were to be from a different
town. We assume that n;; and ¢, are the random effects of cluster within
strata and of the individual, respectively, and that these effects are normally
distributed with E(n;;) = 0 and E(e;;,) = 0. With no strata n;; is simply a
random cluster effect - in our illustration a random GP effect, including any

. . . o 2 s 2
random variation between towns. We write var(n;;) = o3 and var(e;ji) = o).

Let Z; = Yy;. — Ya;., where Yy, = >k Yije/n1; and Yo, = >k Ygﬁ/n%. Note
that «; in equation (5.1) is canceled out for the calculation of Z;. We have
E(Z;) = ¢ and var(Z;) = 20% + (a%j/nlj + a%j/ngj).

For our sample size calculation we suppose for simplicity that the between-

individual variability is homogeneous across strata and clusters, so that Ufj
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can be represented by a single variance o2. We also assume that equal num-
bers n and nr of subjects are recruited in each cluster of subjects receiving
intervention 1 and intervention 2, respectively. Thus a simple average over
strata Z = Zjvzl Z;/N has a normal distribution with the mean § and the

variance )
1+1
M} for N > 1andn > 1. (5.2)
n

= %{20% +
We assume a N(p, 72) prior distribution for § and that reasonable estimates
are available for 0% and o2, so that p? is effectively known. Thompson et al.
(1997) explain that whereas sufficient information is likely to provide a good
estimate for o2, it is usually much more difficult to estimate 0% accurately.
However, they managed to find rough estimates of 0% for a number of coro-
nary risk factors by using a previous study by Shaper et al. (1981). From
standard Bayesian theory it follows that the posterior distribution for ¢ is
N(/, 7'%), where

, T u+p?Z
24 P2
™= (r"+p )L (5.4)

: (5.3)

Notes:

1. The random effects may not in practice be normally distributed. How-
ever, our normal theory calculations remain approximately valid for
reasonably large values of NV, e.g. N > 10.

2. Our analysis could be carried out without assuming the variance p?
to be known, along the lines described by Kikuchi et al. (2008). This
would mean having a joint prior distribution for § and p?, leading to
a posterior t-distribution for §. This is often a more realistic model,
although it does lead to more complex calculations.

3. If necessary, it is of course possible to use separate estimates 0% and o3
for o7; and 03;, respectively, instead of the single value ¢. In this case
the equation (5.2) becomes

1
¢ = A20% + ot n+ o3/ ()}

No other changes are required.

65



5.3.2 Expected net benefit function

The expected net benefit is calculated by subtracting the costs for the clinical
trial from the expected total benefit. Let b be the monetary benefit per unit
improvement of efficacy. The definition of b depends on the purpose of the
trial. In this chapter we define the benefit to be reduced expenditure on
treatment of the disease under investigation in the clinical trial. To calculate
the total benefit, the benefit per person bd is multiplied by the number m of
subsequent users receiving the new intervention after the trial.

The expected net benefit w(n, N, r) includes items proportional to n, N and
r, the main one being the administration cost of the trial. It also includes
the benefit of improved efficacy, which is proportional to 7', the number of
person-years of subsequent use of the new intervention.

The number m of subsequent users of the new intervention is assumed to
depend on the posterior distribution of 9§, the mean difference in effect be-
tween the new and comparative interventions. The expected net benefit rate
is E(bd) per person who receives the new intervention and the m-dependent
contribution to w(n, N, r) is the expectation of mTbd. The posterior expec-
tation of this contribution after the trial is

TomE[§|Z,] = Tomy'. (5.5)

To calculate w(n, N,r) we need to take the expectation with respect to the
predictive distribution for Z and to subtract the expected cost of the clin-
ical trial. If the intervention and control costs are c¢; and ¢y per subject,
respectively, we have

w(n, N,r) = ToE[mu'] — Nn(c; + rca), (5.6)

where m is a function of i/ and 7"2. The expectation in equation (5.6) is eval-
uated by Monte Carlo simulation, as no explicit compact formula is available.

5.3.3 Logistic weight function

The more effective a new intervention, the more GPs will want to use it for
their patients, and the higher the resulting total benefit. Let M denote the
total number of potential patients in the country. The number m of patients
who will receive the new intervention as a result of their GPs’ choice is a
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fraction of M. It is calculated by using a logistic weight function as follows.

m = M/[1 + exp{L}], where (5.7)
L=u(v—p)+15\, (5.8)
N2 =21, (5.9)

and u and v are suitably chosen constants.

If § was known, L could be replaced with u(v — ¢). Note that K = ud is
a measure of the GPs’ preference for the new intervention and E[K| = up,
and that A2 is the posterior variance of K. In practice ¢ is not known and
is replaced by its posterior expectation u’ in the expression (5.8) for L. The
additional term 1.5)\" represents the fact that in order to switch a user is likely
to require a statistically significant estimated increase in K. Other similar
multiples of X', such as 1.96, are equally plausible.

Our rationale for this logistic weight function is as follows. For known 9,
[1 4 exp{u(v — §)}]~! would be the probability that a GP switches from the
current intervention to the new intervention. We define v to be the value of
0 for which half of all GPs would choose the new intervention. As the result
of their decision half of the potential patients in the country would take the
intervention, assuming that half of GPs in the country are responsible for
half of the potential patients. The value of u should be chosen so that

[1 + exp{u(v — §)}] ™t = 0.75,

for the value of § for which 75% of GPs would choose the new intervention
and 75% of potential patients therefore receive it.

If we do not carry out a new clinical trial, the expected net benefit (ENB)
Q is
Tmbp, where L = u(v — p) + 1.5X and A\* = u*7? (5.10)

in (5.7). The values of p and 72 are calculated from the currently available
data. It is not worth carrying out a new trial unless w(n, N,r) > max[Q, 0].

5.4 AN ILLUSTRATIVE EXAMPLE

5.4.1 Background

Our example is a real one but we have made plausible assumptions to fill gaps
since some of the required data are not available. For simplicity we have also
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focused on just one endpoint, whereas several are in practice relevant. This
means that our example illustrates the statistical methodology and the cal-
culation procedures rather than offering practical guidance for the proposed
study.

The British Family Heart Study (BFHS) (Wood et al., 1994a,b) was a cluster
randomized clinical trial to assess the extent to which coronary risk factors,
such as blood pressure, serum cholesterol levels and cigarette smoking, could
be reduced by nurse-led lifestyle intervention in general practice over a period
of one year. This illustrative example supposes that a new cluster randomised
trial is planned for the same interventions for subjects recruited by the same
inclusion criteria in England. The aims of the proposed new trial are to
obtain more definite evidence of the benefits of nurse-led intervention, and if
the evidence remains positive to encourage its regular use.

In this chapter we show how the BeBay methodology may be used to deter-
mine an appropriate sample size for the new trial. We shall make a number
of simplifying assumptions. The main reason for this is that the more de-
tailed information which would be needed for a full analysis is not available.
Thus, the main outcome in the BFHS was the average difference between
the levels of coronary risk factors at one year between the intervention group
and the external control group. However, we shall use the difference in blood
cholesterol concentration as the primary endpoint for the purpose of sample
size determination.

In the BFHS study two GPs in each of 13 towns across the UK were chosen,
and in each town one GP was randomly allocated to the intervention while the
other served as the external comparison arm. Each pair of GPs was chosen
on the basis of the similarity of the patient populations, taking account of
a number of demographic and social characteristics, and their willingness to
be randomized to either the intervention or comparison arm of the trial.

12,472 subjects (7460 men and 5012 women) aged 40-59 years and their part-
ners were identified by household. The subjects were randomised to either
the intervention arm or an internal comparison arm. Since the intervention
was a nurse-led lifestyle intervention in general practice, the partners of the
subjects were also invited to the educational sessions but the outcome was
measured only for the 12,472 primary subjects. At baseline, families within
the intervention arm were invited for screening and appropriate lifestyle ad-
vice and an overall coronary risk score (Tunstall-Pedoe, 1991) was calculated
for each subject. Each subject and his or her partner were followed up indi-
vidually over a year, with frequency of follow up dependent on their risk score
at the initial screen. At one year the subjects in the intervention group were
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invited for rescreening and the comparison group was screened for the first
time. Thus there was no baseline measurement for the comparison group.

5.4.2 Application of the method

The mean difference in serum cholesterol (mmol/1) in the BFHS between
intervention and comparison clusters was 0.127 (= ). The 95% confidence
interval is 0.127 £ 1.96 x 0.032 and 72 = 0.0322 = 0.001. Thompson et al.
(1997) estimate that 0% = 0.015 and ¢ = 1.10. The value of T depends on
the strength of the improvement and many other factors; we use T' = 15 years
in our calculations. Other values for p will be investigated as a sensitivity
analysis.

Hypercholesterolemia is a disease state with high levels of cholesterol in the
blood. Cholesterol is transported into the cells of arteries in the form of
low density lipoprotein-cholesterol (LDL-C). This can build up in the inner
walls of the arteries that feed the heart and brain to form plaque, a thick,
hard deposit that can narrow the arteries and make them less flexible, so
establishing coronary heart disease (CHD), which can lead to a heart attack
or stroke. For this reason low density lipoprotein-cholesterol (LDL-C) is
called “bad cholesterol”. Therefore, the reduction of LDL-C is beneficial
for reducing risks for death and myocardial infarction among patients with
established CHD as well as for decreasing the risk of establishing CHD for
people with hypercholesterolemia. If LDL-C is higher than 140 mg/dl (3.61
mmol/1), the state is diagnosed as hypercholesterolemia. Pickin et al. (1999)
estimated that 930,000 (= M) potential patients are at high risk for CHD
in England. This risk will be reduced for those people who manage to lower
their level of LDL-C.

Pickin et al. (1999) do not give details of the distribution of LDL-C con-
centrations among these 930,000 potential patients. However Ebrahim et al.
(1998) found that over a 15 year observation period almost half of the British
men who suffered a CHD event had an LDL-C concentration of more than
6.25 mmol/l at the start of the observation period. We shall use this figure
as an estimate for the mean LDL-C concentration level among the 930,000
potential patients.

If the LDL-C concentration is decreased below 2.58 mmol/l, the risk of a
CHD event is negligible, see Wood et al. (1994b). Thus our estimate is
that the primary target of the medical intervention is to reduce the mean
concentration of LDL-C for the M potential patients at high risk from 6.25
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mmol/l to 2.58 mmol/l, a reduction of 3.67 mmol/l.

To provide a first approximation to the benefit b per potential patient for
CHD and per unit reduction in LDL-C we shall make the following further
simplifying, and admittedly unrealistic, assumptions.

o All potential patients have the same probability of accepting the inter-
vention, independent of their cholesterol level.

e The expected financial benefit of a reduction in LDL-C is independent
of the pre-intervention cholesterol level and proportional to the extent
of the reduction, up to the following limit.

e The annual cost of treating a potential patient whose LDL-C concen-
tration is reduced by 3.67 mmol/l is zero.

The benefit in this example is the reduction in the cost of treatment as a
result of preventing the potential patient from establishing CHD.

The prevalence of CHD in the UK in 1998 was 2.68 million patients, and the
total cost was estimated to be £9.0 billion a year, of which around 35% was
due to direct health care costs, 43% to productivity losses and 21% to the in-
formal care of people with CHD (Petersen et al., 2004). Thus with the above
assumptions our estimate for b, the expected financial benefit per person of
a reduction of 1 mmol/l in LDL-C concentration, is £9.0 x 10?/(2.68 x 10° x
3.67) = £915.

Since no survey on GPs’ preferences for the interventions is available, we
need to set values for u and v on general grounds. The mean concentration
of cholesterol for the control intervention in the BFHS was estimated to be
5.7 mmol/dl, which is the mean of baseline concentration for subjects with
the new intervention. We assume that 50% of potential patients would follow
the lifestyle advice on their GP’s recommendation if § = 5.70 — 3.36 = 2.34
mmol/l; and 75% would do so if 6 = 5.70 — 2.58 = 3.12 mmol/l. From
our discussion in section 5.3.3 it follows that v = 2.34 and v = 1.41. The
mean intervention and control costs per subject were £63.14 and £37.30,
respectively. The travel cost per subject-year was £42 in BFHS (Wonderling
et al., 1996), and we assume that £10 per subject are spent for data analysis
and reporting. Thus from these figures ¢; = 63 + 42 + 10 = £115 and
co =37+ 42+ 10 = £89, and these values are used in our calculations.

It should here be noted that to find accurate estimates for M, b, u, v, ¢1, ¢ and
T requires further data and careful analysis. This issue is discussed in the
following section. The values used in our illustrative example are less securely
based and are intended simply to provide an illustration of the methodology.
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We can now use equation (5.6) to calculate the expected net benefit for
different values of n, N and r. Calculations were carried out for a range of
values of n for N = 5,10,20 and 40, » = 1.0,0.75,0.5 and 0.25, and for
@ = 0.127,0.5 and 1.5. Tables 5.1 and 5.2 show values of MENB, by which
we mean ENB maximised with respect to r and n, for the chosen values of
@ and N. For comparison, the ENB if no further trial is carried out, see
equation (5.10), is Q = £6.43 x 107, £41.67 x 10" and £425.96 x 107 for
p = 0.127,0.50 and 1.50, respectively. If MENB < @ for all n, no further
trial is warranted.

5.4.3 Results

Figures 5.1, 5.2 and 5.3 show the behaviour of the expected net benefit
function. Each curve is based on Monte Carlo integration. We generated
100,000 random samples of mu' to calculate E[my'] for each value of n
(n =1,2,3,---,5000). A smooth curve was then plotted using the S-plus
generic function spline. To investigate the convergence of w(n) at n = 0, we
calculated w(0.0001, N, r). For every curve this produced a value close to the
corresponding (), as expected. The calculation of each of the 36 curves took
approximately two hours on a computer with mobile AMD Sempron 3000+,
1.79 GHz, 896 Mb of RAM. In practice it would normally be sufficient to cal-
culate ENB for 1,000 samples of mu’ rather than for 100,000, which would
take about 2 minutes of computer time per curve. For the case of unknown
variance the time taken is likely to rise by a factor of up to about 5.

We can summarise our findings as follows.

e (MENB - Q) is clearly positive for all three values of the prior expected
efficacy u, suggesting, within the limits of our model, that a further trial
is worthwhile.

e Both MENB and the optimal trial size, not surprisingly, increase strongly
with p.

e For all three values of u, MENB is greatest for N = 40 and is insensitive
to the value of r. Given the general difficulty of trial recruitment when
the chance of being allocated to the control arm is high, we might
tentatively conclude that r = 1/3 would be a reasonable choice, giving
each patient recruited a 75% chance of being allocated to the active
arm. It is clear that for r = 1/3 MENB is very close to its maximum
value.
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Table 5.1: MENB and the optimal r and n for 4 = 0.127

7 N[ r n Nn(r+1) MENB (£x107) MENB-Q (£ x 107)
0127 5 | 1.00 93 930 6.44 0.01
Q=643 0.75 121 1,059 6.44 0.01
0.50 104 780 6.44 0.01
0.25 149 931 6.44 0.01
10 | 1.00 96 1,920 6.45 0.02
075 83 1,453 6.45 0.02
050 118 1,770 6.45 0.02
025 116 1,450 6.44 0.01
20 | 1.00 76 3,040 6.47 0.04
0.75 80 2,800 6.47 0.04
050 94 2,820 6.46 0.03
025 103 2575 6.45 0.02
40 | 1.00 54 4,320 6.49 0.06
075 65 4,550 6.49 0.06
050 70 4,200 6.48 0.05
025 87 4,350 6.46 0.03

5.5 FURTHER COMMENTS

5.5.1 Desirable refinements in parameter estimation

To calculate sample size on the basis of the expected net benefit as described
in this chapter requires more investigation of epidemiology, preferences, costs
and expected therapeutic effect, and more detailed computation, than a con-
ventional calculation does. To proceed in this way, however, does focus on
what really matters, so our strong recommendation is that, even though there
will inevitably be some shortcomings in the accuracy and completeness of the
available data, an analysis along these lines should be carried out. In this
section we briefly review some of the ways in which it would be desirable to
improve on the data sources used in the case-study discussed in the previous
section.

Instead of a single figure for M, the number of potential patients at high
risk for CHD, it would be preferable to use the distribution of cholesterol
concentration over those M potential patients, and to model the expected
benefit per patient as a function of initial concentration. For example it
would be useful to survey the distribution of cholesterol concentrations after
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Table 5.2: MENB and the optimal r and n for © = 0.5,1.5

m N 71 n  Nn(r+1) MENB (£ x 107) MENB - Q (£ x 107)
0.50 51100 329 3,290 41.82 0.15
Q = 41.67 0.75 334 2,923 41.82 0.15
0.50 397 2,978 41.82 0.15
0.25 545 3,406 41.80 0.13
10 | 1.00 295 5,900 41.94 0.27
0.75 325 5,688 41.93 0.26
0.50 442 6,630 41.93 0.26
0.25 552 6,900 41.90 0.23
20 | 1.00 266 10,640 42.11 0.44
0.75 233 8,155 42.11 0.44
0.50 302 9,060 42.09 0.42
0.25 414 10,350 42.05 0.38
40 1 1.00 193 15,440 42.34 0.67
0.75 176 12,320 42.34 0.67
0.50 264 15,840 42.31 0.64
0.25 333 16,650 42.24 0.57
1.50 51100 965 9,650 42750 1.54
Q = 425.96 0.75 981 8,584 42751 1.55
050 1,570 11,775 427.48 1.52
0.25 1,845 11,531 427.44 1.48
10 | 1.00 1,003 20,060 428.73 2.77
0.75 1,033 18,078 428.74 2.75
050 1,501 22,515 428.71 2.75
0.25 2259 28,238 428.61 2.65
20 | 1.00 813 32,520 430.60 4.64
0.75 1,004 35,140 430.59 4.63
050 1,218 36,540 430.54 4.58
0.25 1478 36,950 430.40 4.44
40 1 1.00 628 50,240 433.02 7.06
0.75 617 43,190 433.03 7.07
0.50 820 49,200 432.93 6.97
0.25 1,209 60,450 432.71 6.75
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one year for patients with different initial concentration levels and to combine
these data with information on the relationship between cholesterol level and
the frequency of cardiac events. The expected benefit per patient may well
be different for different patients. This calculation of ENB still assumes
that the achieved reduction in cholesterol concentration for each patient is
proportional to the initial excess concentration over 2.58 mmol/l and the
required annual expenditure per person is proportional to the excess over
2.58 mmol/1.

The parameters u and v, which indicate the distribution of GPs’ responses to
different levels of improved efficacy compared with the current intervention,
should be based on data from a survey of GPs’ attitudes.

The procedure for calculating the costs ¢; and ¢y per patient admitted to
the trial in our illustrative example seems broadly satisfactory. There should
however also be a setup cost for the trial as a whole. This would influence
the decision as to whether or not to carry out a trial.

The 15 year estimate for T', the time for which the new intervention will
be in force if it is adopted, if possible should be replaced by a probability
distribution based on historical data for interventions in the same therapeutic
area.

5.5.2 Final Remarks

In this chapter we show how the BeBay approach can be used in the determi-
nation of sample size for cluster randomised clinical trials. It also (Kikuchi
and Gittins, 2010b) allows the possibility of recruiting a smaller number of
subjects to the comparative intervention than to the new intervention. Trials
which are unbalanced in this way are often preferable because they tend to
have higher recruitment rates.

Note that as well as helping to decide on an appropriate sample size the
calculations leading to equation (5.5) provide useful information when the
trial actually has been completed. The health authority should seek to ensure
that the price which it pays for the new intervention is less than T'mb. If the
price is very high and/or ENB is very low the health authority should not
implement the intervention.

Our analysis has been for a new drug entering a market with an established
therapy. A more complete analysis would take account of the evolution of
patients’ preferences among several existing drugs as evidence for their rela-
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tive effectiveness accumulates, and take into account the tendency to prefer
more established drugs even if they actually perform less well.
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5.6 GRAPHICAL RESULTS
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Figure 5.1: Expected net benefit functions (u = 0.127,n > 1) are shown for
N =5,10,20and, 40 in the upper left, upper right, lower left and lower right
figures, respectively.
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Chapter 6

A Bayesian adaptive design for
the evaluation of a new drug in
a bridging study

6.1 ABSTRACT

When an already established drug is considered for use in a new country
the typical procedure is to carry out a relatively small trial, known as a
bridging trial, in the new country, as a supplement to the trials which have
already been carried out, and to make a case for introduction of the drug
to the new country on the basis of both sources of information. There is
no generally accepted methodology for allowing for heterogeneity between
these two sources. This chapter proposes a mixed behavioural and Bayesian
approach, based on maximising the expected societal net benefit in the new
country. We show how this approach may be used in the design of a multi-
stage bridging study.

This chapter is based on Kikuchi and Gittins (2010a).

6.2 INTRODUCTION

Throughout the world there are many national and regional health authori-
ties, and until recently it was frequently necessary for new drugs to go through
separate clinical trials for each jurisdiction before being approved for use.
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This practice caused delay in new drug developments and increased drug
prices resulting in the loss of benefit for patients. Patients were frustrated at
not being able for many years to use new drugs that had already been licensed
in other countries. To deal with this problem, the international conference
on harmonisation of technical requirements for registration of pharmaceuti-
cals for human use (ICH) was organised in 1990 and the standardisation of
criteria for clinical trials is progressing among Japan, the US and the EU
countries. The objective of the ICH is to explore the more economical use of
human, animal and material resources, and to eliminate unnecessary delays
in global development (see http://www.ich.org/).

The ICH guideline E5, Ethnic Factors in Acceptability of Foreign Clinical
Data (ICH steering committee, 1998), released a guidance for pharmaceutical
companies in dealing with ethnic factors influencing the safety and efficacy of
medicines in different populations. According to the ICH E5, foreign clinical
data on safety and efficacy may be accepted in the new country by extrap-
olation. To extrapolate foreign data to new countries bridging studies are
necessary. Typically these are expected to be smaller studies which validate
and build on the foreign data. However, the ICH E5 merely provides general
policies and does not indicate any specific methodology or criteria showing
how foreign data should be extrapolated. Furthermore, there is no written
criterion on the assessment of similarity of clinical results between countries.
If a new drug is investigated in different clinical trials, there are many po-
tential causes of heterogeneous results, for example differences of the study
design, protocol, medical practices and race. One of the problems in the ICH
E5 is that decision making on the similarity of efficacy and safety between
countries currently relies on the regulator’s subjective opinions and experi-
ences. It is likely that this situation will cause inconsistent decisions on new
drug registration. We therefore need to develop statistical models to evaluate
the results of bridging studies whilst taking account of heterogeneity between
countries.

In this chapter our approach is a development of sample size determination
set out by Gittins and Pezeshk (2000b), which they describe as behavioural
Bayes, or BeBay. It is behavioural because it takes into account the rela-
tionship between evidence regarding efficacy and the number of patients who
will wish to use the new drug. Detailed modelling of this relationship is a
distinctive feature of BeBay, a simplified version of which has been adopted
by Willan and Eckermann (2010). It is Bayesian (or decision theoretic) be-
cause it assumes that decisions on sample size and on whether a new drug
should be officially recommended are taken so as to maximise the expected
societal net benefit. The resulting sample sizes are sometimes very different
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from those derived from standard classical methods.

The present chapter has two purposes. Firstly it extends BeBay to the
design of a bridging study. For ethical and cost effectiveness reasons this
is formulated as a sequential process. Secondly by focusing on societal costs
and benefits it also shows how this approach may be used by a national
licensing authority as a guide in deciding how much it should be prepared to
pay for a new drug.

In this chapter we shall assume that we are dealing with a chronic condition
for which different drug treatment regimes are to be compared. The influence
of a drug in terms of efficacy and of the incidence of adverse events is assumed
to continue only while the drug is being administered.

The construction of the chapter is as follows. The second section discusses a
Bayesian approach to incorporating differences in the impact of a new drug
on efficacy and safety between a foreign clinical study and a domestic bridg-
ing study. The third and fourth sections introduce a methodology for the
calculation of the expected net benefit for patients in the home country and
a sequential procedure for deciding whether a licence should be given to the
new drug. In the fifth section an example of the calculation procedure is de-
scribed using published articles on a bridging study and some supplementary
assumptions. Note that this chapter is designed to demonstrate a statistical
methodology. We are not able to offer specific guidance for the drug discussed
in our example because the necessary data was not all available.

6.3 INCORPORATION OF HETEROGENE-
ITY BETWEEN TRIALS

6.3.1 Efficacy

Efficacy is assumed to be measured on a uni-variate scale.

In this chapter we focus on two clinical trials, a phase III clinical trial in
one country followed by a bridging study in a second country. Let A and B
denote the original and new countries, respectively. Suppose that the trials
in countries A and B are carried out under essentially the same protocol,
including the following conditions.

1. The comparisons of drug efficacy between a new drug X and a com-
parative drug Y are unpaired. The mean and variance of the efficacy
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of the new drug are unknown.

2. The sample sizes for the X and Y groups are the same, and are [ and
n in countries A and B, respectively.

Let X 4;, Y4:, X5 and Yp; denote the clinical outcomes for the ith patient
in the groups and countries indicated. We assume all these quantities to be
statistically independent, and that X a; ~ N(04 +6,0%), Ya; ~ N(04,0?%), i =
1,2, cee ,l, and that XBi ~ N(QB + A,O’2), YBi ~ N(QB,O'2), 1= 1, 2, e, n.
This assumes that the value of o2 is identical in countries A and B. Often this
is a reasonable assumption, see for example Sakai et al. (2002), who consider
a Japanese bridging study. It is a straightforward matter to develop a model
in which this assumption is removed.

It follows that for country A the mean difference in observed efficacy between
the two drugs Z4 = X4 — Y4 has a N(§,202/1) distribution. Following
standard statistical theory, S3,/0% and S3,/0®, where S3, = S (X —
X4)? and 53, = S (Vs — Ya)?, have chi-squared distributions with [ —
1 degrees of freedom, and thus S3/0° = S3,/0° + 53,/0% ~ x3_,. The
likelihood function f(s%,Z4|d, c?) is proportional to

—(21—1)

(7)™ expl gy {5+ 1(75 — 6)°/2)]. (6.)

Following O’Hagan and Forster (1994), the conjugate joint prior density func-
tion for § and o2 has the form

£(6,0%) = k(a, g, w)(0?) 3" expmz Lot G-m*/w} (6.2)

where p is the mean of the prior distribution for ¢,

g _gtl
2

275 (mw) "2 {(g/2)} ",

and a, g and w are hyper-parameters. As usual the prior distribution ex-
presses our prior knowledge about the unknown parameters, in this case
and o2. This includes the information from phase II clinical trials in country
A. Note that f(5,0%) = f(8]c?)f(c?), and the prior distributions for o® and
0 are defined to be such that

k(a,g,w) = a

a
2

— ~ . and

o2 g

§|lo? ~ N(p, o*w).
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In terms of the mean and variance of the prior distribution for o2 we have

g = 4+ 2E(c?)? /var(c?), (6.3)
a=E(0*)(g—2), and :
w = 72/E(0?), (6.5)

where 72 is the variance of the prior distribution for 6.

Applying Bayes theorem and using equations (6.1) and (6.2), the posterior
density for § and o2 after the country A trial may be written,

FO(6,02 | 2,y) = k(d, g, o) (0%) "3 exp 0 HEH Y (6.6)
Here
2w 20+ lwzy
= (el Bt 6.7
Yo +lw’ H 241w (6.7)
1(za — p)?
'—g4+2—1 = 2, A P 6.8
g =g+ , ¢ =atsy+ o= (6.8)

The marginal posterior density function for 6 can be obtained by integrating
the joint posterior density (6.6) over o, which shows that (§ — u')/\/w'a’ /g’
has a t-distribution with ¢’ degrees of freedom. The mean and variance of
the posterior distribution for § are u' and w'a’/(g’ — 2) (= 7'?), respectively.

Integrating the joint posterior density (6.6) over 0, we see that the marginal
posterior distribution for o2 is

(a,/Q)g,/Q 2\ —(g'+2)/2 —a
T e e () o

which is inverse chi-squared with ¢’ degrees of freedom and mean value
a/(g —2).

For a bridging study in country B we approximate the joint posterior dis-
tribution for ¢ and o2 after phase III trials in country A by assuming that
o2 is known and equal to a’/(¢g’ — 2) and that § ~ N(x/,7?). This is a good
approximation for ¢’ > 10, which is true in most clinical trials. Calculation
without making this approximation is feasible, though rather more complex.
Thus for the bridging study we write Zp = Xp — Yp , the mean difference in
observed efficacy, and assume that Zp ~ N(A, 20%/n), where o2 is effectively
known.

Let us now write £ = A — J, the mean difference between countries A and
B in the efficacy improvement caused by the new drug. Our information
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about the possible range of differences in efficacy between countries A and
B is expressed by the prior distribution for &, which is the main measure
of heterogeneity between regions. It is convenient and plausible to assume
a normal distribution. In many cases if the new drug has not been tested
in country B there is no a priori reason to expect either that the efficacy
will be generally higher in region B than in region A, or that it will be
generally lower. This suggests a zero prior mean; alternative assumptions
will sometimes be needed.

With a prior mean of zero the prior variance of £ is the main measure of the
prior expectation of heterogeneity between countries A and B. A low variance
means that not much heterogeneity is expected, which in turn means that a
relatively small bridging study will be needed. It is important to make the
choice carefully, taking account of all the relevant evidence. For example in
many cases phase I trials reveal no significant differences between countries in
the pharmacokinetics of absorption, distribution, metabolism and excretion
(ADME) of the new drug. This would suggest a fairly low prior variance
(see for example Yuh et al. (1994)). A thorough analysis of previous cases is
needed to establish guidelines for translating the evidence to date for a new
drug into an appropriate prior distribution. This has yet to be done in a
sufficiently methodical way; the work of Pinto et al. (2005) is an example of
what is needed.

In this chapter we assume that £ has a prior variance of (z//2)%. This means
that all values of £ between ' are plausible, which in turn is likely to mean
quite a wide and uninformative prior distribution, and therefore no great
saving in the required size of the bridging study as compared with what
would have been necessary with no evidence from country A.

These prior distributions for § and & combine to give a N(u/, 77?) prior dis-

tribution for A, the average efficacy improvement in country B, where

T =774 (1 )2)% (6.10)

By the Bayesian theory for the normal distribution with known variance,
after a bridging study on population B the posterior distribution for A is
normal and the mean p* and variance 7*2 are as follows.

20.2 l+nTl/2Z— 20.27_1/2
=K Boand r2=-—-"T1 (6.11)
202 + nt'"? 202 + nt'"?

*
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6.3.2 Safety

As we now proceed to show, we can model the incidence of adverse events in a
similar way to our treatment of efficacy. Let X§,, Y{,, X3, and Y}, denote the
numbers of adverse events during the trial for the ith patient in the groups
and countries indicated. We assume that these have independent Poisson
distributions with parameters Axa;, Ayvai, Axp; and Ayp;, and that these
Poisson parameters are independently drawn from distributions with mean
values 0%+ 0%, 0%, 0%+ A® and 0%, all with variance p?. Note that the variance
of a Poisson distribution is equal to its mean. Writing X§ = > X4,/1,Y§ =
SNYE/LXE =3 X8 /nYE = S Y& /n, it follows from standard theory
that X9,Y$, X% and Y5 have means 6%+, 0%, 0%+ A® and 0%, and variances
(0% + 6%+ p?) /1, (0% + p*) /1, (0% + A%+ p*)/n and (0% + p*)/n, respectively.
Provided the observed number of adverse events for each of the groups is
not less than about eight, it also follows from the central limit theorem
that these four quantities XX,Y_X,X—]% and Y_g are approximately normally
distributed. Thus writing Z4 = X4 — Y§ and Z% = X% — Y3 it follows that
7% ~ N(§, {2065 + p?) + 6} /1) and Z§ ~ N(A, {2(8% + p) + A%} /).

After phase III trials in country A the unbiased estimators

s U=1) = Y (X4 = X7/ (= Dandsy?/(1=1) = (V4= V§)*/(1-1)

(6.12)
are available for the variances (64 + 0* + p*) and (0% + p?), respectively. We
shall simplify our discussion by replacing these variances by their estimates,
and treating these as known values. Thus we write 20% = 2(04 + p?) + §¢,
and regard 20°* as known and equal to (s3” +s5°)/(l — 1), and also as a good
approximation to the unknown quantity 2(6% + p?) + A%, so that 20%%/n is

our approximation to the variance of Z% before the bridging study in country
B.

Before the phase IIT trials in country A suppose that 6 has a N(u?, 7%?)
prior distribution based on phase II data from country A. Using the above
approximation and standard Bayesian theory for the normal distribution
with known variance, it follows that the posterior distribution for 0 after
the country A trial is normal with mean and variance
a2, ,a a2 a a2, a2
A and 7Y% = 2077—. (6.13)
2092 4 [r92 2092 4 [192

al

This is now the prior distribution for ¢ for the bridging study in country
B. Recall that Z% ~ N(A® 20%?/n), where 0% is assumed to be known.
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Proceeding as in the case of efficacy, we define £* = A* — §%, and the prior
distribution for £* is assumed to be

N(O, (4 /2)?). (6.14)

Thus the prior distribution for A® is N(u®, 7%?), where 792 = 792 4+ (" /2)?
and, proceeding as in the case of efficacy, the mean p%* and variance 72 of
the posterior distribution for A® after the bridging study are as in equation
(6.11), with the addition of the superscript a. Thus

20.a2ua/ + nTa//QZ_a 20.(127_(1//2
= B and 772 =_—— — (6.15)
20-a2 + nTa/lQ 20-a2 + nTa/lQ

a*

6.4 THE EXPECTED NET BENEFIT OF
THE NEW DRUG IN COUNTRY B

6.4.1 The calculation of the expected net benefit after
the bridging study

The expected net benefit for the patients in country B is calculated in general
by subtracting the costs for the clinical trial and the expected incremental
costs for subsequent users in country B from the expected total benefit. This
calculation is based on the data concerning efficacy and safety in the phase
IIT trial in country A and the bridging study in country B. The costs for the
clinical trial consist of administration costs and expenditure for the treatment
of adverse events within the trial in country B. The expected incremental
costs include the differences between the costs of the new and current drugs
and between the costs of adverse events with each of the two drugs, which
could be positive or negative.

To avoid further complexity all costs and benefits are evaluated from the
standpoint of the health authority in country B. Thus in this chapter no
value is attached to the well being of patients per se. This comes into the
calculation only indirectly via the impact on the health authority’s costs. In
practice well being would usually also be included explicitly, by estimating
and valuing quality adjusted life-years, and by assigning a well-being cost to
adverse events.

We define b to be the annual monetary benefit per patient per unit improve-
ment of efficacy, and ) to be the expected net benefit conditional on the
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results of the bridging study for the patients in country B if the new drug
is made available generally. The benefit per patient is multiplied by m, the
number of regular users who switch to the new treatment in country B after
the new drug is licenced by the health-authority. The definition of b depends
on the purpose of the study, for example a reduction of direct and indirect
societal losses caused by the disease. In this chapter, we define the benefit
to be reduced societal expenditure on the new treatment. Note that this is a
measure which gives licensing authorities a basis on which to decide whether
or not to grant a licence, and if a licence is granted how much the health-care
authorities should be willing to pay for the new drug.

The financial saving per patient and per unit improvement in efficacy is
aggregated over the estimated period T for which the drug will be used.
Note that the financial saving per patient depends on the time at which the
drug becomes available, which in turn depends upon the size of the trial, and
for multi-stage trials also upon the number of stages. Delays in availability
attributable to the length of a bridging study can cause a serious social
problem and are therefore an important factor in the calculation of the total
benefit. These effects may be modelled by adjustments to 7.

We shall assume that m depends on the posterior means and variances of the
parameters A and A?, the differences of efficacy and safety between the new
and comparative drugs. Let k; and ks be the expected costs per patient per
day, for the new and standard drugs, respectively. Normally these costs would
include indirect costs, such as the costs of working days lost or productivity
loss. The default assumption, in the absence of relevant data, is that the
indirect costs are the same for both drugs, and therefore cancel each other in
the calculation of k; — ky. The exact value of ky is of course unknown until the
clinical trials have been completed and the health authority has approved the
price. For each patient switching to the new drug after the bridging study
we assume an expected annual net benefit rate

E(bA — eAa/to - 365(’61 - ]{32))

Here b is suitably chosen, e is the expected cost of the treatment for an
adverse event, and t; is the duration of treatment for each patient in the
phase III and bridging study trials, which for simplicity we assume to be the
same. Thus, making explicit some of the quantities on which ) depends, we
have

Q(z5,2%,n) = TE[M{bA — eA®/tq — 365(k1 — k2)}|ZE, 2%]
= Tm{bu* —ep® /to — 365(k1 — k2)}.
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To allow for the time taken to enroll 2n patients in the bridging study we
replace T" by T — 2n/(3657), where r is the number of patients per day
enrolling for the bridging study. Thus, we have

Q(z5,2%,n) = {T — 2n/(365r) ym{bu* — eu® /to — 365(k1 — k2)}. (6.16)
This means that if the enrolment rate r is very low it significantly reduces

the maximised expected net benefit for patients switching from their current
drug to the new drug.

As well as helping to decide on an appropriate sample size the calculations
leading to equation (6.16) provide useful information when the trial has been
completed. The health authority should negotiate the price k£ which it pays
for the new drug to make (6.16) positive. This will ensure that the new drug
produces a positive net benefit compared with the current treatment.

6.4.2 Expected number of patients choosing the new
treatment

We assume that the prior distributions for the difference in efficacy between
the new and standard treatments, and for the incidence of adverse reactions
with each of the treatments, are independent. Again this is to simplify our
presentation. In general there may be a tendency for more active drugs to
be both more efficacious and to cause more adverse reactions, leading to de-
pendent prior distributions. However, there are also many cases for which an
assumption of independence is reasonable. Published examples include: in-
fliximab (a monoclonal antibody against Tumor Necrosis Factor) for Crohn’s
disease (Targan et al., 1997); rosuvastatin to reduce low-density lipoprotein
cholesterol, Olsson et al. (2001), Davidson et al. (2002), Saito et al. (2003);
and calcineurin inhibitors for immunosuppression in liver transplantation,
Perry and Neuberger (2005).

The more effective and safe a new treatment, the larger the number of pa-
tients who want to switch to it, and the higher the resulting benefit. Let
M denote the potential total number of patients in country B who regularly
receive the current treatment and who might switch to the new treatment.
The number of subsequent users m is a fraction of M, and our model assumes
that m is determined by a logistic weight function as follows.

m = M/[1 + exp{L}], where (6.17)
= u(v —p*) + z2p™ +Pup™ + 1.5, (6.18)
2 (U + ¢2 a*2)7_ 4 (Z + 77[)2[1/*2) a*2 + 77Z)2 *2 a*2 (619)
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Here ¢u*u® is an interaction term linking efficacy and safety, and u, v, z
and 1) are suitably chosen constants.

Our rationale for this expression is as follows. If A was known and A% was
known to be zero, [1 + exp{u(v — A)}]~! would be the probability p, that
a patient would switch to the new drug. We define v to be the value of A
for which half of all patients would switch to the new drug. The value of u
should be chosen so that

[1+ exp{u(v — A)}]~' =0.75, (6.20)

where the value of A is such that 75% of patients would switch to the new
drug if A® was known to be zero. The value of z(> 0) should be selected so
that [1 + exp{zA®}]~t = 0.75 for the value of A” for which 75% of patients
would switch to the new treatment if A was known to be v. Note that other
values than 0.75 could equally well be used, either instead of 0.75 or, which
some form of least-squares fitting may help, together with 0.75, in calculating
u.

If we write ps = 1/[1 + exp{u(v — A) + zA* + pAA*}], then for A # 0 and
A® # 0 we have

_ log(1/ps — 1) —u(v — A) — zA“.

v AA

(6.21)

The values used for u, v, z and 9 need to be estimated on the basis of em-
pirical data. Since our interest is in the preference of patients after they
have received medical advice it would be best to gather this data from a sur-
vey of the views of medical practitioners, and then to make estimates using
standard statistical methods.

If A and A* were known, L could be replaced with u(v — A) 4+ zA%* + P AA.
If we write K = uA — zA® — ¢ AA® K is a measure of patients’ preference
for the new treatment and ¢? is the posterior variance of K. In practice A
and A® are not known and are replaced by their posterior expectations in the
expression (6.18) for L. The additional term 1.5¢ represents the fact that in
order to switch a user is likely to require a statistically significant estimated
increase in K. Other similar multiples of ¢, such as 1.96, are equally plausible.
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6.5 DESIGNING A SEQUENTIAL BRIDG-
ING STUDY

Bridging studies can be regarded as part of a sequential clinical trial starting
with phase III trials in country A. This allows decisions on whether to con-
tinue with a further stage to be taken repeatedly on the basis of the strength
of current evidence for the efficacy and safety of the new drug. This may be
done along the lines described by Kikuchi and Gittins (2009) for a sequential
phase III trial. Normally bridging studies have just one stage. However, as
we shall see, efficiency improvements are possible if we allow more than one
stage. The basic principle of our proposed procedure is that after each stage
a further stage is carried out in the bridging study if and only if the expected
net benefit from doing so is positive. To set out this procedure in detail we
first need some further notation.

Let n;(i = 1,2,---) be the number of patients on each treatment in stage i of
the bridging trials. Let (p;_1, 72 ;) and (¢ ,, 77%,) denote the means and vari-
ances of A and A%, respectively, before stage . It follows that these quantities
satisfy equations (6.11) and (6.15) if we replace (p/, 7", p*, 7%, u®, 7", p®, 7% n)
by (fi1, Tic1s fhis Tiy 1, Ti1, 115 7 1) Tespectively.  Also po = pf, 7o =
T, pl = ,uala T8 = Fall

Let @; and R; both be expected net benefits for patients in country B condi-
tional upon the results of the first ¢ stages of the bridging study, and further
conditions as follows. For @); the further conditions are that the bridging
study is then terminated and the new drug is made available in country B.
For R; the further conditions are that a further stage of the bridging study
takes place of a target sample size n;y; which would be optimal if this was
the final stage, and the new drug is then made available in country B pro-
vided that the posterior expected net benefit after the further sampling is
positive. It follows that Q); satisfies equation (6.16) with (u*, u®) = (u;, pd),
1 =1,2,---, and that

R = max{ [ [ Qfu(z5.38. ) (28) £ 3F) 425 5 — n(2e+ et /1),
(6.22)
Here Qf,, = max[Q;;1,0], and the predictive densities f(Zg) and f(2%) are
N(pi, 72420%/n) and N(ug, 782420 /n), by standard Bayesian theory for the
normal distribution with known variance. The expected trial cost per patient
is c. The expected incremental cost of adverse events for a patient taking the
new drug during the bridging study is eult;/to, where ¢; is the duration of
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stage i of the bridging study. The incremental cost for n patients is required
if we reckon that without the trial all 2n patients would be receiving the
standard treatment.

Let us also define Qg = 0.

Note that the double integral in (6.22) is an expectation which may be calcu-
lated by taking the average of a large number of values of @}, each obtained
by randomly sampling values of Zg and 2% and using equation (6.16).

Our proposed decision rules are as follows.

After ¢ stages (i =0,1,2,--+)

IF R; > Q] continue the study with a further n;,; patients receiving each of
the two drugs,

ELSE IF @; > 0 THEN STOP, and ACCEPT the new drug,

ELSE IF @; < 0 THEN STOP, and REJECT the new drug.

Thus, for example, if Ry < 0 no bridging study is carried out and we reject
the new drug.

6.6 AN ILLUSTRATIVE EXAMPLE

6.6.1 Background

This illustrative example treats a real case. However some of the required
data have not been published and plausible assumptions are made to fill
those gaps. Further work by epidemiologists and health economists is needed
to make this process more reliable. Further approximations are mentioned
later. This means that this section illustrates the methodology rather than
providing practical guidance for the case of rosuvastatin.

Cholesterol cannot dissolve in blood and has to be transported to cells by low-
density lipoprotein (LDL). As more LDL circulates in the blood, it transports
more lipid into the cells of arteries as molecules of low-density lipoprotein
cholesterol (LDL-C, low-density lipoprotein combined with cholesterol) and
can slowly build up in the inner walls of the arteries that feed the heart
and brain. Then, it can form plaque, a thick, hard deposit that can narrow
the arteries and make them less flexible resulting in heart attack or stroke.
For this reason low-density lipoprotein cholesterol (LDL-C) is called “bad
cholesterol”.
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Rosuvastatin is a new, synthetic, oral drug that reduces LDL-C and is in-
tended for use by patients suffering from hypercholesterolemia. This illus-
trative example is based on three randomised double-blind clinical trials, one
in the UK, one in North America and another in Japan. To illustrate our
methodology we treat the UK and North American studies (Olsson et al.,
2001; Davidson et al., 2002) as phase II and phase III trials respectively in
country A (Caucasian patients). This seems reasonable since the patients’
background and the design of these studies are very similar. We treat the
Japanese study (Saito et al., 2003) as the first stage of a sequential bridging
study in country B. Our methodology investigates whether the study should
be continued or concluded. All three studies used a placebo as the compar-
ative drug, so we shall compare the efficacy and safety of rosuvastatin with
those of a placebo. To estimate the number of patients m who switch to the
new drug the comparison should of course be with currently used drugs, so
we note that our estimate will be an overestimate for this reason.

6.6.2 Application of the model

In the UK (phase II) and North American (phase III) studies the patients
received rosuvastatin at 0 (placebo), 1, 2.5, 5, 10, 20, 40 or 80 mg per day
and at 0, 5 or 10 mg per day, respectively. In both studies treatment was for
a period of six weeks. The Japanese (bridging) study assessed rosuvastatin
at 0, 1, 2.5, 5, 10, 20 or 40 mg. Thus ty = t; = 0.12 years. The studies
were published by Olsson et al. (2001), Davidson et al. (2002) and Saito
et al. (2003), respectively. For the sake of simplicity we shall measure both
efficacy and safety in terms of what happens with a dose of 10 mg once daily
for six weeks.

The UK study by Olsson et al. (2001) had two sessions. They recruited 142
patients in total and randomised them to receive placebo or rosuvastatin
at 1, 2.5, 5, 10, 20, 40 or 80 mg per day for six weeks in the first session.
In the second session 64 of the 142 patients were re-randomised to receive
placebo, 40 mg or 80 mg. No record was published of which patients received
which doses, and we shall treat the 206 records as though they were for 206
different patients. On this basis 16 patients received a dose of 10 mg and
29 patients received the placebo. Decrease in LDL-C concentration from the
baseline value is our measure of efficacy and for the two groups was recorded
as 95.5+£4.5 mg/dl (mean =+ standard error) and 7.1£3.4 mg/dl, respectively.
With this information the mean value p of § prior to the US (phase III) study
was set at 95.5 — 7.1 = 88.4 mg/dl, and the variance 72 at (u/2)?, expressing
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considerable uncertainty as to the true value of 9.

The phase III prior for 0? was estimated from the UK records on the as-

sumption that it is the same for the UK and US studies, and for all doses
in the UK study. The numbers of patient records for placebo and each
of the seven dose levels were 29, 13, 13, 17, 16, 13, 34 and 31 (in total
fewer than 206 as some data was missing), with standard errors of 3.4,
4.9, 4.9, 4.6, 4.5, 4,9, 2.8, and 3.8. The usual unbiased estimate for o2 is
(29x28x3.42+13%x12x4.924+13x12x4.92+17x16x4.6>+16x 15x4.52+13 x
12x4.9%+34x33x2.82431x30x3.8%)/(28+12+12+16+15+12+33+30).
We write this as s*/k = 53,464.6/158 = 338.4.

We assume the conventional improper prior distribution proportional to o2

for 0% before taking account of the phase II study. Since s*/0? has a x7 dis-
tribution it follows from Bayes theorem that with the UK data the posterior
distribution for o2 is as shown in (6.9) with ¢’ = k and @’ = s*. These are
then the values of the parameters g and a for the country A phase III prior
distribution. With 72 = (u/2)? = 44.2% it follows from equation (6.5) that
w = b.77.

The numbers of patients receiving 10 mg and placebo for whom data on
adverse reactions were recorded in the UK study were 17 and 31, respectively.
The number of adverse reactions was 6 for each of the two groups. With this
information the mean value u® of 6% prior to the Davidson study was set at
6/17 - 6/31 = 0.16, and the variance 7% at (u®/2)?.

In the North American study reported by Davidson et al. (2002), the changes
in LDL-C from the baseline values were 0 + 2.2mg/dl (mean £+ SE) and
79.6 + 2.4 mg/dl with placebo (132 patients) and 10 mg of rosuvastatin
(129 patients), respectively. Thus zZz = 79.6 mg/dl, and the standard er-
rors and sample sizes yield s = 132 x 131 x 2.2% + 129 x 128 x 2.4? =
178,802.4. Since the BeBay model assumes identical sample sizes for the two
treatment groups, we adjust these imbalanced sizes in the study by setting
[ = (129+132)/2 = 130.5. The parameters in (6.7) and (6.8) are accordingly
calculated as follows;

w' =0.015,1' =79.6,¢' = 418,d’ = 232,280.4 and 7 = w'd' /(¢ — 2) = 8.4.

The variance o2 is treated as known and equal to its mean value a’/(¢' —2) =
55H8.4.

Individual patient data for adverse reactions are not published by Davidson
et al. (2002), so the calculations (6.12) for sufficient statistics require a further
assumption, namely that the adverse reactions which occurred all involved
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different patients. During the trial five drug-related adverse reactions were
observed in both the rosuvastatin and placebo groups. Thus our estimate for
20%% is {5(1 — 5/129)% + 124(5/129)* + 5(1 — 5/132)? + 127(5/132)?} /(128 +
131) = 0.037. Using equations (6.13), and since 24 = 5/129 — 5/132 =
0.00088, we have p% = 0.0076 and 7%? = 0.00027. Note that the frequencies
of adverse reactions in all the trials in our example are too low for a normal
approximation to their distributions to be accurate. However to avoid fur-
ther notational complication, and since our example is only illustrative, we

continue with the normal approximation.

The study of rosuvastatin in Japanese patients (Saito et al., 2003) showed
very similar changes of LDL-C to those observed in the country A study. The
decreases from the baselines were 6.1 +6.1 mg/dl (mean + SE) and 90.6 5.1
mg/dl for placebo (n = 15) and 10 mg of rosuvastatin (n = 15), respectively,
for six weeks of treatment. These results give that Zg = 90.6 — 6.1 = 84.5
mg/dl so that, using equation (6.10), 7% = 8.4 + (79.6/2)* = 1592.4, u* =
84.3 mg/dl and 7% = 71.2.

Based on the occurrence of drug-related adverse events in this Japanese study,
2% =2/15—3/15 = —1/15, and using the adverse events version of equation
(6.10) we have 792 = 792 4 (u%/2)* = 0.00027 + (0.0076/2)* = 0.00028,
giving p* = —0.00093 and 7%*? = 0.00024.

According to the 2005 annual report of the Ministry of Health, Labour and
Welfare in Japan, 31 million people are estimated to receive medical treat-
ment for hypercholesterolemia. This serves as an estimate for M, the number
of potential users of rosuvastatin. There are no official figures for the unit
benefit b, the cost e for the treatment of an adverse event, and the subsequent
period of use T in Japan, so we constructed estimates for these quantities
as follows. An industrial & marketing research company, Fuji-Keizai Group,
estimated that 320 billion Japanese Yen (JPY) was spent on the treatment in
2007 (see https://www.fujikeizai.co.jp/). Also, according to the new diagno-
sis guideline recommended by the Japan Atherosclerosis Society, the normal
standard range of LDL-C is (70, 139) mg/dl (Teramoto et al., 2007). The
patients in the Japanese study had 190+13.8 mg/dl (mean+SD) before treat-
ment. The unit benefit is calculated proportionally up to a maximum change
of 190 — (70 + 139)/2 = 85.5 mg/dl. This gives b = 3.2 x 10" /(85.5 x M) =
120.7 JPY per mg/dl per patient. Thus our assumption is that if there is a
one mg/dl decrease in LDL-C for one patient this reduces the medical-care
cost for hypercholesterolemia in Japan by 120.7 JPY. We also assume that
the cost for the treatment of an adverse event is e = 3.0 x 10* JPY (this
follows Bassi et al. (2004) who estimate that the primary care cost in the
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UK is 20 pounds per medical consultation), the cost per patient of a clinical
trial is 3.0 x 10° JPY according to a benchmarking report (Cutting Edge
Information, 2006), and 7' = 50 (years) in equation (6.16).

The mean (4 SD) of the currently approved prices for the 12 statins avail-
able in Japan is 73.0 (+ 48.4) JPY for the recommended daily dose (see
http://www.okusuril10.com). We shall investigate the consequences of in-
cremental costs ki — ko of 15, 20 and 25 JPY per day. Note that these figures
do not include any explicit estimate for the difference in indirect costs be-
tween the two drugs, as no relevant data are available.

Since survey data on patients’ preferences is not available, judgmental esti-
mates are required for u,v,z and 1. Suppose that v = 50 mg/dl and that
75% of patients would switch to the new drug if A = 100 mg/dl. From (6.20)
it follows that v = 0.022. We also assume that z = 3.75 and ¢ = 0.001.

6.6.3 Results

With these assumptions Monte Carlo integration was used to investigate the
relationship between expected net benefit and sample size for one further
stage of the bridging study and with enrolment rates r varying from one
patient every 40 days up to 125 patients per day. The results for k& —ky = 15
JPY are shown in Figures 6.1, 6.2 and 6.3, together with )1, the expected
net benefit with no further stage of the bridging study. The values of )y
(called @ in the figures) are 4.469 x 102, 2.734 x 10'? and 0.999 x 10'? for
daily incremental costs ki — ko of 15, 20 and 25 JPY respectively, all with
T = 50. Maximised values of the expected net benefit R; and of the sample
size for ky — ky = 15 are shown in Table 6.1.

If the health authority works on the basis that the drug price should be an
increasing function of societal benefit, the drug company might expect on
average to achieve a higher drug price by extending the bridging study in
Japan to a further stage.

If the enrolment rate r is larger than 0.025, then the maximised expected
net benefit R; is larger than (). It follows from our discussion in section 4
that it would be cost effective in these cases to extend the bridging study in
Japan to a further stage. On the other hand, for an enrolment rate less than
or equal to 0.025 of a patient per day, Ry — (1 is negative for all n and it is
not worth proceeding to a further stage in the study. Even for rather higher
enrolment rates R; does not improve greatly on (); and the company might
well decide not to extend the trial so that they can obtain the licence earlier,
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Table 6.1: Optimal n and maximised expected net benefits for different en-

rolment rates(k; — ko = 15 JPY)

r n Ry (X102 JPY ) | (R — Q1) (X102 JPY) | (R — Q1)/Q:
125 | 2,214 4.943 0.474 0.106
25 1,161 4.915 0.446 0.100
5 416 4.857 0.388 0.087
1.0 140 4.761 0.292 0.065
0.5 88 4.705 0.236 0.053
0.25 42 4.646 0.177 0.040
0.10 18 4.554 0.085 0.019
0.050 7 4.497 0.028 0.006
0.025 | N.A. N.A. Negative N.A.

Table 6.2: Optimal n and maximised expected net benefits for different in-
cremental costs

lﬁ — ICQ r n R1 (X1012 JPY ) (R1 — Ql) (X1012 JPY)
15.0 1.0 | 140 4.761 0.292
0.5 | 88 4.705 0.236
0.25 | 42 4.646 0.177
20.0 1.0 | 140 2.935 0.201
0.5 79 2.900 0.166
0.25 | 425 2.860 0.126
25.0 1.0 | 197 1.112 0.113
0.5 | 91 1.097 0.098
0.25 | 70 1.077 0.078

and to accept the price for the drug which they are able to negotiate on the
basis of the existing evidence. The recent paper by Claxton et al. (2008)
on value based pricing of NHS drugs gives a useful comment on the relevant

1ssues.

Table 6.2 extends Table 6.1 to cover incremental daily costs 15, 20 and 25
JPY for moderate enrolment rates. The values of (R; — Q1) decrease as the
incremental cost increases. If ki — ko > 30.0 JPY, then @) is less than zero
and we stop the trial and reject the new drug according to the decision rule
discussed in section 6.5.
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Figure 6.1: Expected net benefit with high enrolment rates
6.7 FINAL COMMENTS

The behavioural Bayes methodology is based on the maximisation of ex-
pected net benefit. As we have seen it is an approach which lends itself to
the design of bridging studies. Apart from that application it is a more ra-
tional approach than that of much current practice for determining sample
sizes in clinical trials. In particular it avoids the potential absurdities of the
most widely used current criteria, which are still based on conventional, and
rather arbitrary, requirements for achieving specified values for the size and
power of classical hypothesis tests.

It also takes account of patients’ preferences for their treatments, by means
of the weight function. This is an important feature, and distinguishes it
from the methodology of most publications and practice in health economics.
It is not current practice to investigate patients’ preferences as part of the
assessment of a drug. In the authors’ opinion it is very desirable that this
should become standard practice, not least because patients are also tax-
payers.

It is also not current practice for the health authorities to decide drug prices
by considering how much the new drug can reduce the current social expendi-
ture for treatment. Again this is a feature which we recommend for inclusion
in the official guidelines.

To calculate the expected net benefit as described in this chapter requires
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more investigation of epidemiology, preferences, costs and expected thera-
peutic effect, and more detailed computation, than a conventional calculation
does. To proceed in this way, however, does focus on what really matters,
so our strong recommendation is that, even though there will inevitably be
some shortcomings in the accuracy and completeness of the available data,
an analysis along these lines should be carried out. As computing capacity
continually increases the increased demand is no longer prohibitive, but it
needs to be kept in mind as the details of our methodology are worked out.
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Chapter 7

Conclusion

In this thesis a methodology has been developed in some detail for determin-
ing the sample size for phase III clinical trials so as to maximise the expected
net benefit. The same procedure can be used to assess how much a national
health authority should be willing to pay for a new drug.

The calculations involve potentially lengthy computer simulations and re-
quire access to substantial data banks to be fully effective. However the
methodology is more soundly based than most current practice. I look for-
ward to seeing practice move in this direction over the next few years.
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