
Cressie, N. and Biele, J.  (1994). A sample-size 

optimal Bayesian procedure for sequential 

pharmaceutical trials.  Biometrics, 50, 700-711.  

 



BIOMETRICS 50, 700-711 
September 1994 

A Sample-Size-Optimal Bayesian Procedure 
for Sequential Pharmaceutical Trials 

Noel Cressie 
Department of Statistics, 
Iowa State University, 

Ames, Iowa 5001 1, U.S.A. 

and 

Jonathan Biele 

Depto. de Estadistica, 
IMECC, Unicamp, 

Campinas, SP13081, Brazil 

SUMMARY 

Consider a pharmaceutical trial where the consequences of different decisions are expressed on a 
financial scale. The efficacy of the new drug under consideration has a prior distribution obtained 
from the underlying biological process, animal experiments, clinical experience, and so forth. Berry 
and Ho (Biometrics 44, 219-227) show how these components are used to establish an optimal 
(Bayes) sequential testing procedure, assuming a known constant sample size at each decision point. 
We show in this article how it is also possible to optimize further, with respect to the sample-size rule. 
This last component of the design, which is missing from most sequential procedures, has the potential 
to yield considerably larger expected net gains (equivalently, considerably smaller Bayes risks). 

1. Introduction 
An important question facing pharmaceutical companies is: When does the evidence suggest that a 
drug under development has insufficient efficacy? We have in mind here that pharmaceutical trials 
are being conducted on the drug in question. Phase I trials, to determine ranges of drug activity and 
tolerance, have already yielded the necessary information to conduct Phase II trials, which compare 
the new drug (perhaps in combination with other drugs or therapies) to a standard treatment. 

We shall take a decision-theoretic approach to answering the question above and build on the 
articles of Berry and Ho (1988) and Sylvester (1988). In what is to follow, we use the sequential, 
distributional (prior and model), cost, and gain structure formulated by Berry and Ho but include the 
sample-size optimization considered by Sylvester (although Sylvester's approach is nonsequential). 
The purpose of our article is not to enter into a debate about Bayesian versus frequentist methods 
for the design and analysis of sequential clinical trials, but rather to implement fiilly the Bayesian 
approach. Breslow (1990, and the discussion following the article) contrasts the two methods. 

In the pharmaceutical setting, it is often reasonable to assume that the consequences related to the 
objectives of the trial can be converted to a financial scale. Using decision-theoretic terms (e.g., 
Raiffa and Schlaifer, 1961; DeGroot, 1970), we assume that the drug company is able to construct 
a realistic gain (or loss) function, where such a function might come from a cost-benefit analysis. In 
this article, we propose an optimal way to conduct the clinical-trials part of the drug development 
program, but the same ideas could be used in later parts of the program (where one must choose 
among several possibilities, one of which is to put off the decision and obtain more data to help make 
a decision at the next time point). In these circumstances, the Bayesian approach provides the 
decision maker with not only an optimal stopping and terminal-decision rule, but also with an 
optimal sample-size rule. 

Key words: Backward induction; Clinical trials; Group-sequential procedure; Optimal stopping; 
Predictive distribution; VPRT. 
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Consider sequential decision procedures that allow sampling in other than a one-at-a-tirne man- 
ner. Although group-sequential sampling was suggested by Wald (1947, pp. 101-104), it was not until 
much later that interest in these techniques (with constant group size) was initiated; see, for 
example, Ghosh (1970, p. 224), Pocock (1977), and Gupta and Miescke (1984). In all these studies, 
at each decision point the sample size is either assumed to be known in some way or is chosen in 
an ad hoc (perhaps stochastic) manner. Here we focus attention on the optimal choice of sample 
sizes as a component of a sequential decision procedure for pharmaceutical trials. In the related 
problem of sequential hypothesis testing, Whittle (1965), Ehrenfeld (1972), and Spahn and Ehrenfeld 
(1974) consider special cases; Cressie and Morgan (1988, 1993) give a general formulation for two 
simple hypotheses. 

Section 2 defines the pharmaceutical trial under consideration in this article and establishes the 
necessary notation. In Section 3, the optimal (Bayes) sequential procedure of Berry and Ho (1988) 
is re-established and then improved by further optimizing over sample sizes. Two illustrative 
examples are given in Section 4; in one, the benefits of sample-size optimization are seen to be 
substantial. Section 5 contains concluding remarks. 

2. Sequential Pharmaceutical Trial 
We now give a brief description of the problem considered by Berry and Ho (1988) and show how 
our proposed sample-size optimization maximizes the expected net gain (ENG) over all sequential 
procedures. In what is to follow, we shall use a sequential trial to test an experimental treatment 
against a control (or standard) treatment; at time t the same number of observations nt is collected 
from the treatment population as from the control population. 

Berry and Ho (1988, p. 220) summarize their proposed solution: 

We propose a design that allows a drug developer to terminate a development program early if the new 
drug is not efficacious and to continue the trial to a specified number of patients as long as the results are 
positive. So if accumulating data show a benefit, the trial (or program) will continue so that information 
concerning the various safety factors will continue to accrue. But if interim efficacy data are sufficiently 
negative then the trial will end early, thus minimizing ineffective treatment and saving resources that can 
be better allocated elsewhere. 

It is almost ubiquitous in the design of clinical trials that "a specified number of patients" is 
prespecified. The major reasons are ethical, logistical, and budgetary. We show that any prespeci- 
fication is suboptimal (i.e., not Bayes) and argue that an optimal sequential pharmaceutical trial can 
be designed where the total number of patients is a random variable. Section 5 shows how, in 
practice, the total number of patients can be bounded above, so allowing responsible review of the 
proposed trial. 

The data from the control population are assumed to be independent and identically distributed 
(i.i.d.) Gau(Q,Lc, (X2/2) and the data from the treatment population are assumed to be i.i.d. 
Gau(Qtrt, 0(2/2). [Here, Gau(a, b2) denotes a Gaussian, or normal, distribution with mean a and 
variance b2.] Define the efficacy of the treatment as 

6 -Ltrt - /Lcti- (2.1) 

We wish to test sequentially the composite hypotheses 

Ho: 6 < 60 versus HI: 6 > 60, (2.2) 

where without loss of generality we take 60 = 0. For testing (2.2), suppose that a sample of size 2n, 
is requested at time t, randomized equally between treatment and control populations, and obtained 
at time (t + 1). Let xtrt,t and fctl,t denote the corresponding sample means. Then 

Wt-Xr t Clt~Gu6,(2/n,); t=0O, 1, . .., T-1, (2.3) 

where T denotes a prespecified truncation time by which a decision about H0 or H1 must be made 
and 6 is given by (2.1). The only parameter assumed known in (2.3) is &2; see Section 5 for discussion 
regarding its estimation. Clearly, the statistics w1, w2, ... are sufficient for inference on 6. 
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Define 

IT)t+l(1niwi) (ni); '=0,1I.,T - 1, (2.4) 
i=O i=O 24 

which is the sample mean of all differences between treatment and control up to time (t + 1). It will 
be seen that (2.4) is the basis of inference on 6 made at time (t + 1). Group-sequential testing usually 
assumes no = n- = * = nT- I= k, where k is a prespecified integer. Berry and Ho (1988) make this 
assumption, but in this article we demonstrate that considerable gains are possible by optimizing 
with respect to sample-size choice at each time point. 

We take a Bayesian approach to the sequential analysis of pharmaceutical trials. That is, the 
consequences of right or wrong decisions about 6 can be distilled into a gain fiunction, sampling has 
a cost associated with it, and we have a prior opinion about S that is here expressed according to a 
Gaussian, or normal, distribution: 

6 - Gau(vo, To). (2.5) 

In line with (2.4), define ii- vo. 
The gain function g for a sequential pharmaceutical trial is a function of the value of 6 and which 

of HO or H1 is chosen at time t. Define the terminal decision rule A,t 0 if Ho is chosen and A, 1 
if H1 is chosen. Potentially, the function g itself could also vary with t. In what is to follow, we use 
Berry and Ho's (1988) specification: 

(0, if At, = 0, 

g(5, At) =4-L, if/,= l and 6 0, (2.6) 
K5, if/\,=1 and >O0, 

where L and K are given positive constants. The nature of this pharmaceutical trial is such that one 
can terminate the trial before the truncation time T only if it is believed that the drug is not 
efficacious. That is, for t = 0, 1, ... , T - 1, the only two possible actions are "stop and accept HO" 
and "continue sampling." (The possibility of also stopping early to accept H1 is discussed in Section 
5.) Whenever HO is accepted, no further testing on the drug is conducted and so there is no gain for 
the pharmaceutical company. One could argue that the acceptance of Ho when in fact 6 > 0 
represents an opportunity loss. That was not done here but the gain function (2.6) could be easily 
modified if it were thought important. 

At time T, the two possible actions are "stop and accept Ho" and "stop and accept H1. " Should 
H1 be accepted but in fact 6 < 0, the gain is assumed to be -L; Berry and Ho (1988, p. 222) give 
some rationale as to why this might be approximately true. On the other hand, gains for a correctly 
declared efficacious drug are assumed directly proportional to the efficacy 6. 

A Bayes procedure maximizes the expected gain net of sampling costs or expected net gain 
(ENG). It is usually defined as a decision procedure that minimizes risk or expected net loss; 
however, an ENG-maximizing procedure is easily seen to be Bayes by defining the loss function to 
be the negative of the specified gain function. 

Sampling is costly; it is assumed (with no loss in generality) that each observation in the sample 
costs one unit, so that at time t the cost of the next treatment sample and control sample is 2 nt. At 
each time point t, we are faced with a decision whether to stop the trial or not. A well-informed 
decision will weigh the gains of stopping versus the net gains to be expected from continuing to 
sample (after debiting sampling costs). In the event that the trial is continued to the time point 
(t + 1), how many observations should be sampled? We shall show that there is an optimal number, 
2n*, of treatment plus control samples, that depends only on the posterior distribution of 6 and the 
exogenous constants K and L of the gain structure. 

In general, a sequential procedure can be completely specified through a stopping rule S 
{S,: t = 0, 1, ..., T}, a terminal-decision rule A -{zA,: t = 0, 1, ..., T}, and a sample-size rule 
n -{n,: t = 0, 1, ... , T}, all of which are functions of the data. [For the problem we consider here, 
S,, A,, and n, will be functions of w, given by (2.4).] When S, = 1, the procedure stops at time t; 
otherwise St = 0, in which case sampling continues. Suppose the procedure stops at time t: When 
/,= 0, the hypothesis HO is chosen; otherwise zX, = 1, in which case H1 is chosen. The function n, 

is nonnegative-integer valued; should sampling continue at time t, it specifies the sample size to be 
taken between time t and time (t + 1). In much of the sequential-analysis literature, the sample-size 
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specified constant number of samples) is taken at each time point. Now, since a decision must be 
made by (truncation) time T, S T- and nT- 

Berry and Ho (1988) impose restrictions on their sequential procedure. We have already said that 
their procedure is one-sided so that the combination St = 1, At = 1 never happens for t = 0, 1, ... 
T - 1. They also assume nt = k, a prespecified integer, for t = 0, 1, ... , T - 1. For most of what 
is to follow, we retain all aspects of Berry and Ho's procedure except for the restriction on the 
sample-size rule. We shall demonstrate that there can be considerable benefits to be had from 
obtaining optimal sample sizes. 

3. Bayes Sequential Procedures 
To simplify notation, we shall call the Bayes sequential procedure proposed by Berry and Ho (1988) 
the B-procedure. Upon relaxing the sample-size restriction in the B-procedure, the ENG-maximal 
(Bayes) sequential procedure can be obtained, which we call the B*-procedure. By definition, since 
the B*-procedure is optimal over a less restrictive set of procedures than the B-procedure, the 
former's ENG is larger than or equal to the latter's. We shall demonstrate in Section 4 that the 
increase in the B*-procedure's ENG can sometimes be substantial. 

First, we shall describe the B-procedure, generalized slightly here to handle any prespecified 
sample-size rule n. Berry and Ho (1988) show it to be Bayes using backward induction (e.g., 
DeGroot, 1970, ?12.4). Assuming the ENG of the sequential procedure at time (t + 1) is known, an 
optimal procedure at time t can be obtained by comparing the ENGs of stopping and choosing 
various hypotheses with the ENG of continuing to sample (which involves an average over the 
known ENG at time t + 1). The optimal stopping, terminal-decision, and sample-size rules at time 
t are obtained by taking whatever action achieves the maximum of all the competing rules' ENGs. 

From (2.5), the prior probability that H0 is true is 

PO = (D(- v()/o), (3 .1 ) 

where 

4(D x) (2 T)- <2exp(-2/2)ds. (3.2) 

Let v, and ' be the posterior mean and variance, respectively, of 6 at time t, where t E {1, T}. 
Then, it is straightforward to show that 

vt = j0vo + wt( ni):jt T jo O + ( ni) TO1j (3.3) 

T, =fT f 'J\ Jli/ TOJ ' (3.4) 

Thus, the posterior probability that H0 is true is 

Pt = FD(s,), (3.5) 

where 

s,--Vtlt; t = 0, 1,., T. (3.6) 

Notice that the degenerate case given by (3.1) is also included. Since FD given by (3.2) is a one-to-one 
mapping, there is no loss of information from considering the pair of posterior parameters pt, rt (or 
St, T), rather than vt, rt. 

One further result that is needed to obtain the Bayes procedure is the predictive (or marginal) 
distribution of w, given p,, T. Upon integrating the joint density of w, and 6 given p,, ,, with respect 
to 6, we obtain the predictive density of w,; that is, 

W,JPt, Tt Gau(_a-W(p,)T,, T,2 + (cr2/n,)); t 0 ,.T. T-1. (3.7) 

Following Berry and Ho (1988), the ENG for stopping at time t and choosing H1 is (from (2.6)) 
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h(pt, t,) = -Lpt + E(K656 > 0, Pt, t)(1 - pt) 

=-Lpt + KTt{4O(Q (pt)) - 1Y1(pt)(l - pt)}; t = 0, 1, .. . , T, (3.8) 

where 

4(x) ='(x) = (2-1)- 2exp( -2/2). (3.9) 

Notice that the data and prior appear in (3.8) via the posterior parameters given by (3.3)-(3.6). 
Similarly, from (2.6), the ENG of stopping at time t and choosing HO is 

Z(p,, T,)-0; t=0, 1, T. (3.10) 

Although this function is always zero, we retain the notation to indicate to the reader how gain 
functions more general than (2.6) could be incorporated. 

Let VT denote the expected net gain (ENG), at time t, of the Bayes procedure whose truncation 
time is T. At t = T, HO or HI must be chosen. The optimal (i.e., ENG-maximizing) terminal-decision 
rule is, from (3.8) and (3.10), 

f0 if h(pT, TT) < Z(PT, TT), 

AT = ~~~~~~~~~~~~~~(3.11) 1 otherwise, 

with ENG 

VT(PT, TT) = max{z(pT, TT), h(pT, TT)}. (3.12) 

In (3.11), the optimal rule is chosen according to which of Ho or H, has the higher ENG, which 
depends on the posterior parameters PT and TT. Using backward induction, the ENGs for all possible 
decisions at t = T - 1 can then be computed and compared, and so forth (cf. Ferguson, 1967, pp. 
363-364). 

At t = T - 1, the options are either to stop or to continue the trial by sampling according to the 
sample-size rule 1T- I Conditional on the posterior parameters PT-I TT- I (and the sample-size 
rule), the ENG of continuing is 

9T-I (PT-1, 'TT-1, I1T-I)= -EFT. ,{T(PT, 'TTAPT-1, pTT-1, nT-l 1- 2s1T- 1, (3.13) 

where EFT_, denotes expectation with respect to the predictive distribution of W"T- 1 given by (3.7). 
Notice that the sampling cost 2nT- I is subtracted from the expected gain of continuing to sample. 
Since VT is given by (3.12), the quantity (3.13) can be computed and compared with the ENG of 
stopping at time t = T - 1. 

More generally, at time t, the ENG of continuing the trial to time (t + 1) by sampling according 
to nt is 

gt(pt,Tt, ,nt) EF{ Vt+i(Pt+l ,Tt+ )|Pt, Tt, 1ft} - 2nt, t = 0, . .., T - 1, (3.14) 

where EF denotes expectation with respect to the predictive distribution of wvt given by (3.7). Thus, 
to complete the backward induction for the B-procedure, we need formulas for {Vf,(pT_ , TT,) 

= 1, 2, ..., T}. (The formula for VT iS given by (3.12).) 
Recall that, for the purposes of comparison to Berry and Ho's results, we have a one-sided 

procedure for t = 0, ... , T - 1. Thus, from (3.10) and (3.14), we obtain 

Vt(Pt, t,) = max{z(pt, rt), gt(pt, Tt, nt)}; t = 0, ... , T - 1, (3.15) 

so that VT depends on (the expected value of) VT+1. Since VT is given by (3.12), the backward 
induction can proceed to VT_ to VT_, and so forth, to VT. In terms of {(St, A i nt): t = O0 .... 
T - 1}, the B-procedure is given by 

1 if gt(pt, Tt, 1it) $ Z(Pt, Tt), 

t 0 otherwise; (3.16) 

At, -0; (3. 17) 
and nt iS prespecified (t = 0, . .. , T - 1 ). Recall that, for t = T, ST-1, /\T is given by (3. 1 1), and 

Having given an optimal stopping rule and an optimal terminal-decision rule, we now turn our 
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attention to the B*-procedure, which in addition incorporates an optimal samiple-size rule. Define 
the optimal sample size at time t by the value of nt that maximizes (3.14); specifically, 

n*t(Pt, Tt) argmax,130{g,t(pt, T, nt)}; t = 0,..., T - 1, (3.18) 

where argmax,l30{ **... } denotes a value of the argument iit that achieves the maximum of the 
expression in braces. If there are several such values, one could choose the smallest. Upon 
substitution of {n*: t = 0, ..., T - 1} in place of {nt: t = 0, ..., T - 1} into {St: t = 0, T} and 
{lt: t = 0, ... , T}, we obtain the B*-procedure. Likewise, from (3.15), its ENG is 

V7(pt, Tt) max{z(pt, st), gt(pt, Tt, n`)}; t = 0,..., T - 1. 

By definition, V* VT. In the examples given in the next section, we show that the B*-procedure 
can yield a substantially larger ENG. To compute the B-procedure and B*-procedure from given 
gain constants K and L, prior parameters vo and TO, and model parameter u2, various analytical 
results about 1 given by (3.2), 0 given by (3.9), h given by (3.8), and gt given by (3.14) are needed. 
These can be found in Berry and Ho (1988) and Biele (unpublished Ph.D. dissertation, Department 
of Statistics, Iowa State University, 1990, Chap. 3) and guarantee the existence of break-even values 
bo ., bT_I such that (3.16) can be written as 

{0 if pt<bt, 
St 1 otherwise; t = 0,..., T- 1. 

Further, there exists a bT such that (3.11) can be written as 

1 if PT< bT, 

0 otherwise. 

Finally, since gt given by (3.13) is bounded above as a function of nt, (3.18) is well defined and hence 
the B*-procedure can also be given in terms of break-even values b*, ... , bT. In practice, solutions 
for the break-even values were obtained through backward induction and require considerable 
computation; details of our algorithm can be found in Biele (unpublished dissertation cited previ- 
ously, ?3.7). 

4. Examples 
This section presents numerical results for two different choices of K, L, T6, and 02. (Notice that 
specification of the prior mean vo of 8 is not needed for performance evaluations, since the optimal 
sequential procedures can be given in terms of { pt} rather than {iwt}.) To implement the procedures 
on data, these parameters as well as vo have to be specified. Using backward induction to do the 
computations means that the time taken to implement the procedure is linear in T. 

To validate our results, we deliberately chose one example to be that considered by Berry and Ho 
(1988). In this example, their choice of nt = 30 (t = 0, 1, 2 = T) turns out to be close to optimal. 
The second example was chosen to show that such an ad hoc choice of sample size can be far from 
optimal and that the B*-procedure can offer considerable improvement. 

4.1 Example 1 
Consider the constants specified by Berry and Ho (1988), namely, K = 5,000, L = 2,000, 'T = 1, 
and cr2 = 2. It is instructive to consider initially the case T = 1. Figure 1 shows a contour plot of the 
ENG go(po, 1, no), given by (3.14), as a function of po on the horizontal axis and no on the vertical 
axis. The optimal n*, as a function of po, should follow a ridge, but it is clear that the contour lines 
are essentially parallel and that Berry and Ho's choice of no = 30 is as optimal as any sample size 
in the range [20, 50]. 

Another way to make the comparison is to superimpose go as a function of po, for several chosen 
values of no. Figure 2 shows go(, 1, no), no = 0, 1, 30, and 100, on the same graph. For most of po, 
no = 30 has the largest ENG. Notice that while no = 100 is suboptimal, it is not drastically so. This 
illustrates that large increments of no are needed to make an appreciable change to go, which is 
caused by our choice of K and L in the thousands. 

Figure 3 shows the optimal sample size n*O as a function of Po for the cases T = 1, 2, and 3. As 
T increases, initial optimal sample sizes tend to decrease, which makes sense because there are more 
times at which further samples could be taken. The break-even values are bl= .979, .984, and .984, 
for T = 1, 2, and 3, respectively. 

The ENG g0(p0, 1, n*0(p0)) is the largest possible ENG associated with the decision to continue 
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Figure 1. Contour plot of ENG go(p0, 1, no) as a function of p0 and 110. On the horizontal axis, 
.1A p0o .6, and on the vertical axis, no ranges from 5 to 50 in steps of size 5. Constants are 

given in Section 4. 1; T =1. 
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Figure 2. Plot of ENG g0(p0, 1, n0) as a function of Po, for n0 = 0, 1, 30, and 100. On the 
horizontal axis, .10 S p,, S 1.00. Constants are given in Section 4.1; T =1 
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Figure 3. Optimal sample sizes n(* and associated continue sampling intervals [0, b*) for T 1, 
2, and 3. Constants are given in Section 4.1. 

Table 1 
Entries showt the maximal expected niet gaiin (ENG) for iniitiating the sequential tirial at t = 0, as 

a funtiction of pr-ior probability po and trulncation time T. 

pO: .01 .05 .10 .20 .30 .40 
1 11,619.8 8,251.8 6,538.6 4,628.7 3,419.6 2,529.9 

T 2 11,787.6 8,323.4 6,570.6 4,636.3 3,419.6 2,529.9 
3 11,787.6 8,323.4 6,570.6 4,636.3 3,419.6 2,529.9 

pO .50 .60 .70 .80 .90 1.00 
1 1,831.7 1,266.8 805.4 431.5 143.6 -10.00 

T 2 1,835.9 1,276.1 817.6 442.6 153.8 -10.00 
3 1,835.9 1,276.1 817.6 442.6 153.8 - 10.00 

sampling; selected values for T = 1, 2, and 3 are given in Table 1. For fixed po, these values are 
increasing in T. Interestingly, the table shows that there is little to gain by specifying a truncation 
time beyond T = 2. Intuitively, the optimal rule is hungry for information early, its appetite 
tempered only by the cost of sampling. When that information is used optimally, the incremental 
gain from increasing the truncation time T is small. In other words, the optimal rule endorses the 
aphorism that "first impressions matter most." 

4.2 Example 2 
Consider the constants K = 100, L = 5,000, T2 = 1, and cr2 = .5. These values were chosen from 
among several combinations because they illustrate clearly the advantage of the B*-procedure over 
the B-procedure. The most drastic change is to the gain function, where the profit for an efficacious 
treatment is an order of magnitude smaller. To compare with Example 1, consider the case T = 1. 
Figure 4 shows a contour plot of the ENG go(pO, 1, no) as a function of po and no (cf. Figure 1). The 
ridge that traces out the optimal value n*(po) as a function of po is rather pronounced and gives 
values of n* around 5. An ad hoc choice of no = 30 is far from optimal. To illustrate this point, Figure 
5 shows the percentage increase of the ENG go(po, 1, n*(po)) compared to the ENG go(po, 1, 30). 
Substantial improvements in expected net gain are possible using an optimal choice of sample size. 

Figure 6 shows the optimal sample size n* as a function of po for the cases T = 1, 2, and 3. The 
break-even values are bl = .737, .754, .754, for T = 1, 2, and 3, respectively. 

5. Discussion 
The Bayesian sequential approach relies heavily on the specification of a gain structure. In those 
medical trials where human lives are at stake, this will be a difficult (if not impossible) task. It is 
worth noting that the classical sequential trial (e.g., Whitehead, 1983) is "once removed" from this 
type of specification. 
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Figure 4. Same as for Figure 1 except nG ranges from 1 to 21 in steps of size 2 and constants 

are given in Section 4.2. 
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Figure 5. Percentage increase of ENG g0(p0, 1, n*( p)) over ENG g0(p0, 1, 30). Constants are 

given in Section 4.2; T = 1. 
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Figure 6. Same as for Figure 3 except constants are given in Section 4.2. 

In this article, we have demonstrated that the Bayesian approach to sequential sampling can be 
extended to include an optimal sample-size rule that is a function of the posterior distribution. The 
rule can be calculated before any sampling takes place. It can either be adhered to strictly 
throughout the sequential trial or can be used to obtain an approximately optimal sample size for a 
group-sequential procedure. For example, consider the case T = 1 in Section 4. 1; no = 20 yields an 
ENG that is close to go(po, 1, n*(po)) over much of 0 - P po 1. Values of n* for larger T tend to 
be less than those for T = 1 and this is also true for n*, , n*-, T : 2. Thus, a conservative 
specification of the total sample size needed for the B*-procedure is 20T. Alternatively, a group- 
sequential B-procedure with no = .. = nT- 1= 20 would achieve ENGs close to those of the 
B*-procedure. (Berry and Ho's choice of no = * = nT-1 = 30 yields a B-procedure with slightly 
inferior ENG properties and it needs more samples.) 

Similar reasoning applied to Section 4.2 results in a conservative specification of the B*-proce- 
dure's total sample size to be ST. Alternatively, a group-sequential B-procedure with no = .. = 
nT-1 = 5 would achieve ENGs close to those of the B*-procedure. However, a B-procedure with 
no = *0 = nT-I = 30 would not be appropriate at all. 

The parameter o2 in (2.3) is typically not known. A prior distribution on o2 is appealing 
conceptually but its implementation is complicated. Let {wo,j: i = 1, . . ., no} denote the components 
of the average wo defined in (2.3). Then we propose use of the method-of-moments estimator at the 
initial stage as 

6r2 = max X (wIE - - 

The estimate can be updated at time t = 2 by pooling the old {wo0ji values with the new {w1 i: 
i = 1, . . ., nl} values and recomputing & based on the no + n, observations, and so forth. Because 
the optimal procedure B* tends to have large values of n*, a reliable estimate of cr2 can be obtained 
even at the initial stage t = 1. 

Although Berry and Ho (1988) chose to carry out a one-sided sequential pharmaceutical trial, it 
is easy to adapt their approach to handle the two-sided case. In that case, (3.16) becomes 

I if gt(pt, -,t, nt) s max{z(pt, -,), h(pt, rt)}, 
t Io otherwise; t = 0,..., T- 1; 

(3.17) becomes 

fO 
{ if h(p,, 7>) < z( p,, r,), 

A,1 otherwise; t =0,..T- 1; 

(3.15) becomes 
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V[(pt, t) = max{z(pt, i-,), h(pt, r), gt(pt, Tt, nt)}, t = 0, , T - 1; 

and ST, 
AT, 

and VTremain unchanged. To optimize on sample size, again use (3.18) to choose n*and 
substitute {ntl in place of {n,}; more details can be found in Biele's unpublished dissertation (?3.5). 
A referee has pointed out that a disadvantage of these Bayes sequential procedures is that if the 
optimal _Tzo n* is too small, one may be able to say little about the safety profile of the 
pharmaceutical product. This can be dealt with either by penalizing the net gain when there are small 
sample sizes or by putting a lower bound on the set of n, over which maximization in (3.18) is carried 
out. 

Although the probability of Type 1 error (c), power (irr), and expected total sample size are not 
considered by Bayes sequential procedures, there is evidence that a superior performance can also 
be expected in terms of these criteria. In the case of a simple null hypothesis versus a simple 
alternative hypothesis for testing Gaussian (i.e., normal) means, Cressie, Biele, and Morgan (1994) 
demonstrate the B*-procedure's small ca and large ir over much of 0 < p0 < 1. Moreover, Cressie 
and Morgan (1993) show that of all sequential procedures with a given ca and Tr, the B*-procedure 
minimizes the expected total sample size, where the expectation is taken with respect to the joint 
distribution of the data and the parameter under test. 
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RESUME 

Supposons qu'on puisse appr6cier en termes financiers precis les consequences des diff6rentes 
d6cisions qui pourraient survenir a la suite d'un essai clinique mene par une firme pharmaceutique. 
Supposons de surcroit que l'on dispose d'une distribution a priori de l'efficacite du nouveau produit, 
cette distribution 6tant obtenue a partir de consid6rations sur le m6canisme biologique sous-jacent, 
sur des r6sultats d'exp6rimentation animale, sur des resultats dej'a disponibles en clinique ou sur 
toute autre information pr6alable. Dans un article de ref6rence, Berry et Ho (1988, Biometrics 44, 
219-227) ont montr6 comment utiliser ces 6l6ments pour construire un test sequentiel bay6sien 
optimal dans le cas oui le nombre d'observations accumul6es entre chaque test est suppos6 connu et 
constant. Dans le pr6sent article nous montrons comment aller plus loin dans l'optimisation en 
jouant sur le choix de ce nombre d'observations. Cette approche-absente de la plupart des 
proc6dures s6quentielles-a l'avantage d'aboutir a des esp6rances de gain nettement plus fortes; elle 
a I'avantage, dit autrement, de minimiser les risques au sens bay6sien du terme. 
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