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196 Determining the Sample Size

manipulate is the sample size. Hence, the usual point of view is that the sample size is
the determined function of variability, statistical method, power and difference sought.
In practice, however, there is a (usually undesirable) tendency to ‘adjust’ other factors,
in particular the difference sought and sometimes the power, in the light of ‘practical’
requirements for sample size.

In what follows we shall assume that the sample size is going to be determined as a
function of the other factors. We shall take the example of a two-arm parallel-group trial
comparing an active treatment with a placebo for which the outcome measure of interest
is continuous and will be assumed to be Normally distributed. It is assumed that analysis
will take place using a frequentist approach and via the two independent-samples 7-test. A
formula for sample size determination will be presented. No attempt will be made to derive
it. Instead we shall show that it behaves in an intuitively reasonable manner.

We shall present an approximate formula for sample size determination. An exact
formula introduces complications which need not concern us. In discussing the sample
size requirements we shall use the following conventions:

a: the probability of a type | error, given that the null hypothesis is true.

B: the probability of a type Il error, given that the alternative hypothesis is true.

A:  the difference sought. (In most cases one speaks of the ‘clinically relevant difference’
and this in turn is defined ‘as the difference one would not like to miss’. The idea
behind it is as follows. If a trial ends without concluding that the treatment is
effective, there is a possibility that that treatment will neverbe investigated again
and will be lost both to the sponsor and to mankind. If the treatment effect is
indeed zero, or very small, this scarcely matters. At some magnitude or other of
the true treatment effect, we should, however, be disturbed to lose the treatment.
This magnitude is the difference we should not care to miss.)

o the presumed standard deviation of the outcome. (The anticipated value of the
measure of the variability of the outcomes from the trial.)

n: the number of patients in each arm of the trial. (Thus the total number is 2n.)

The first four basic factors above constitute the primitive inputs required to determine
the fifth. In the formula for sample size, n is a function of «, 8, A and o, that is to
say, given the values of these four factors, the value of n is determined. The function
is, however, rather complicated if expressed in terms of these four primitive inputs and
involves the solution of two integral equations. These equations may be solved using
statistical tables (or computer programs) and the formula may be expressed in terms of
these two solutions. This makes it much more manageable. In order to do this we need
to define two further terms as follows.

Z,/». thisis the value of the Normal distribution which cuts off an upper tail probability
of a/2. (For example if « =0.05 then Z,, , =1.96.)
Zg:  thisis the value of the Normal distribution which cuts off an upper tail probability
of B. (For example, if =0.2, then Z;=0.84.)

We are now in a position to consider the (approximate) formula for sample size,
which is

N=2(Z,,+Zg)’0? /A (13.1)

(N.B. This is the formula which is appropriate for a two-sided test of size «. See chapter 12
for a discussion of the issues.)
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198 Determining the Sample Size

or frequency of events), if prognostic information will be used in analysis, or if the object
is to prove equivalence, different formulae will be needed. It is also usually necessary to
make an allowance for drop-outs. Nevertheless, the general features of the above hold.

A helpful tutorial on sample size issues is the paper by Steven Julious in Statistics
in Medicine(Julious, 2004); a classic text is that of Desu and Raghavarao (1990).
Nowadays, the use of specialist software for sample size determination such as NQuery,
PASS or Power and Precision is common.

We now consider the issues.

13.2 ISSUES
13.2.1 In practice such formulae cannot be used

The simple formula above is adequate for giving a basic impression of the calculations
required to establish a sample size. In practice there are many complicating factors
which have to be considered before such a formula can be used. Some of them present
severe practical difficulties. Thus a cynic might say that there is a considerable disparity
between the apparent precision of sample size formulae and our ability to apply them.
The first complication is that the formula is only approximate. It is based on the
assumption that the test of significance will be carried out using a known standard
deviation. In practice we do not know the standard deviation and the tests which we
employ are based upon using an estimate obtained from the sample under study. For
large sample sizes, however, the formula is fairly accurate. In any case, using the correct,
rather than the approximate, formula causes no particular difficulties in practice.
Nevertheless, although in practice we are able to substitute a sample estimate for
our standard deviation for the purpose of carrying out statistical tests and although
we have a formula for the sample size calculation which doestake account of this
sort of uncertainty, we have a particular practical difficulty to overcome. The problem
is that we do not know what the sample standard deviation will be until we have
run the trial but we need to plan the trial before we can run it. Thus we have to
make some sort of guess as to what the true standard deviation is for the purpose of
planning, even if for the purpose of analysis this guess is not needed. (In fact, a further
complication is that even if we knew what the sample standard deviation would be for
sure, the formula for the power calculation depends upon the unknown ‘true’ standard
deviation.) This introduces a further source of uncertainty into sample size calculation
which is not usually taken account of by any formulae commonly employed. In practice
the statistician tries to obtain a reasonable estimate of the likely standard deviation
by looking at previous trials. This estimate is then used for planning. If he is cautious
he will attempt to incorporate this further source of uncertainty into his sample size
calculation either formally or informally. One approach is to use a range of reasonable
plausible values for the standard deviation and see how the sample size changes. Another
approach is to use the sample information from a given trial to construct a Bayesian
posterior distribution for the population variance. By integrating the conditional power
(given the population variance) over this distribution for the population variance, an
unconditional (on the population variance) power can be produced from which a sample
size statement can be derived. This approach has been investigated in great detail by
Steven Julious (Julious, 2006). It still does not allow, however, for differences from trial
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200 Determining the Sample Size

idea what size of trial is indicated. For example, so many trials now have been conducted
in hypertension that any trialist worth her salt (if one may be forgiven for mentioning
salt in this context) will already know what size the standard trial is. A calculation is
hardly necessary. It is a brave statistician, however, who writes in her trial protocol,
‘a sample size of 200 was chosen because this is commonly found to be appropriate
in trials of hypertension’. Instead she will usually feel pressured to quote a standard
deviation, a significance level, a clinically relevant difference and a power and apply
them in an appropriate formula.

The second reason is that this calculation may be the final result of several hidden
iterations. At the first pass, for example, it may be discovered that the sample size is
higher than desirable, so the clinically relevant difference is adjusted upwards to justify
the sample size. This is not usually a desirable procedure. In discussing this one should,
however, free oneself of moralizing cant. If the only trial which circumstances permit
one to run is a small one, then the choice is between a small trial or no trial at all. It is
not always the case that under such circumstances the best choice, whether taken in
the interest of drug development or of future patients, is no trial at all. It may be useful,
however, to calculate the sort of difference which the trial is capable of detecting so
that one is clear at the outset about what is possible. Under such circumstances, the
value of A can be the determined function of «, 3, o and »n and is then not so much the
clinically relevants the detectablédifference. In fact there is a case for simply plotting
for any trial the power function: that is to say, the power at each possible value of the
clinically relevant difference. A number of such functions are plotted in Figure 13.1 for
the trial in asthma considered in Example 13.1. (For the purposes of calculating the
power in the graph, it has been assumed that a one-sided test at the 2.5% level will
be carried out. For high values of the clinically relevant difference, this gives the same
answer as carrying out a two-sided test at the 5% level. For lower values it is preferable

anyway.)

200
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Clinically relevant difference

Figure 13.1 Power as a function of clinically relevant difference for a two-parallel-group trial
in asthma. The outcome variable is FEV,, the standard deviation is assumed to be 450 ml, and n
is the number of patients per group. If the clinically relevant difference is 200 ml, 80 patients per
group are needed for 80% power.
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202 Determining the Sample Size

13.2.5 We should power trials so as to be able to prove that a clinically
relevant difference obtains

Suppose that we compare a new treatment to a control, which might be a placebo or
a standard treatment. We could set up a hypothesis test as follows:

Hy:1<A Hy:1t A. (13.5)

H, asserts that the treatment effect is less than clinically relevant and H, that it is at
least clinically relevant. If we reject H, using this framework, then, using the logic of
hypothesis testing, we decide that a clinically relevant difference obtains. It has been
suggested that this framework ought to be adopted since we are interested in treatments
which have a clinically relevant effect.

Using this framework requires a redefinition of the clinically relevant difference. It is
no longer ‘the difference we should not like to miss’ but instead becomes ‘the difference
we should like to prove obtains’. Sometimes this is referred to as the ‘clinically irrelevant
difference’. For example, as Cairns and Ruberg point out (Cairns and Ruberg, 1996;
Ruberg and Cairns, 1998), the CPMP guidelines for chronic arterial occlusive disease
require that, ‘an irrelevant difference (to be specified in the study protocol) between
placebo and active treatment can be excluded’ (Committee for Proprietary Medicinal
Products, 1995). In fact, if we wish to prove that an effect equal to A obtains, then
unless for the purpose of a power calculation we are able to assume an alternative
hypothesis in which 1 is greater than A, the maximum power obtainable (for an infinite
sample size) would be 50%. This is because, in general, if our null hypothesis is that
T< A, and the alternative is that = A, the critical value for the observed treatment
difference must be greater than A. The larger the sample size the closer the critical value
will be to A, but it can never be less than A. On the other hand, if the true treatment
difference is A, then the observed treatment difference will less than A in approximately
50% of all trials. Therefore, the probability that it is less than the critical value must
be greater than 50%. Hence the power, which is the probability under the alternative
hypothesis that the observed difference is greater than the critical value, must be less
than 50%.

The argument in favour of this approach is clear. The conventional approach to
hypothesis testing lacks ambition. Simply proving that there is a difference between
treatments is not enough: one needs to show that it is important. There are, however,
several arguments against using this approach. The first concerns active controlled
studies. Here it might be claimed that all that is necessary is to show that the treatment
is at least as good as some standard. Furthermore, in a serious disease in which patients
have only two choices for therapy, the standard and the new, it is only necessary to
establish which of the two is better, not by how much it is better, in order to treat
patients optimally. Any attempt to prove more must involve treating some patients
suboptimally and this, in the context, would be unacceptable.

A further argument is that a nonsignificant result will often mean the end of the road
for a treatment. It will be lost for ever. However, a treatment which shows a ‘significant’
effect will be studied further. We thus have the opportunity to learn more about its
effects. Therefore, there is no need to be able to claim on the basis of a single trial that
a treatment effect is clinically relevant.
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Issues 203
13.2.6 Most trials are unethical because they are too large

The argument is related to one in Section 13.2.5. If we insist on ‘proving that a new
treatment is superior to a standard we shall study more patients than are necessary
to obtain some sort of belief, even it is only a mere suspicion, that one or the other
treatment is superior. Hence doctors will be prescribing contrary to their beliefs and this
is unethical.

I think that for less serious non-life-threatening and chronic diseases this argument
is difficult to sustain. Here the patients studied may themselves become the future
beneficiaries of the research to which they contribute and, given informed consent, there
is thus no absolute requirement for a doctor to be in equipoise. For serious diseases the
argument must be taken more seriously and, indeed, sequential trials and monitoring
committees are an attempt to deal with it. The following must be understood, however.
(1) Whatever a given set of trialists conclude about the merits of a new treatment, most
physicians will continue to use the standard for many years. (2) In the context of drug
development, a physician who refuses to enter patients on a clinical trial because she
or he is firmly convinced that the experimental treatment is superior to the standard
treatment condemns all her or his patients to receive the standard. (3) if a trial stops
before providing reasonably strong evidence of the efficacy of a treatment, then even
if it looks promising, it is likely that collaborating physicians will have considerable
difficulties in prescribing the treatment to future patients.

It thus follows that, on a purely logical basis at least, a physician is justified in
continuing on a trial, even where she or he believes that the experimental treatment
is superior. It is not necessary to start in equipoise (Senn, 2001a, 2002). The trial
may then be regarded as continuing either to the point where evidence has overcome
initial enthusiasm for the new treatment, so that the physician no longer believes
in its efficacy, or to the point at which sceptical colleagues can be convinced that
the treatment works. Looked at in these terms, few conventional trials would be
too large.

13.2.7 Small trials are unethical

The argument here is that one should not ask patients to enter a clinical trial unless
one has a reasonable chance of finding something useful. Hence small or ‘inadequately
powered’ trials are unethical.

There is something in this argument. | do not agree, however, that small trials are
uninterpretable and, as was explained in Section 13.2.2, sometimes only a small trial
can be run. It can be argued that if a treatment will be lost anyway if the trial is not
run, then it should be run, even if it is only capable of ‘proving’ efficacy where the
treatment effect is considerable. Part of the problem with small trials is, to use Altman
and Bland’s memorable phrase, that ‘absence of evidence is not evidence of absence’
(Altman and Bland, 1995) and there is a tendency to misinterpret a nonsignificant
effect as an indication that a treatment is not effective rather than as a failure to prove
that it is effective. However, if this is the case, it is an argument for improving medical
education, rather than one for abandoning small trials. The rise of meta-analysis has
also meant that small trials are becoming valuable for the part which they are able to
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204 Determining the Sample Size

contribute to the whole. As Edwards et al have argued eloquently, some evidence is
better than none (Edwards et al, 1997).

Clinically relevant difference: Used in the theory of clinical trials as opposed
to cynicallyrelevant difference, which is used in practice.

13.2.8 A significant result is more meaningful if obtained from a large
trial

It is possible to show, with an application of Bayes’ theorem, that if we allow a certain
prior probability that a product is effective, then the posterior probability of the effec-
tiveness of the product, given a significant result, is an increasing function of the power
of the test. Suppose, for example, that the prior odds for a given alternative hypothesis
against the null hypothesis are pr,/pr,. Let L, be the likelihood of observing a given
piece of evidence under H, and L, be the likelihood under H,. Let po,/po, be the
posterior odds. Then Bayes’ theorem implies (see Chapter 4) that

por _pn Ly (13.6)

PO Plo Lo-

If the evidence is that a result is significant at level « and the power for the given
alternative is 1 3, then these are the two likelihoods associated with the evidence and
we may write

poy _prnl B
Poy PpPrp @

(13.7)

Now, from (13.7) for given prior odds and fixed «, the posterior odds are greater the
smaller the value of B, which is to say the greater the power of the test. But the power
increases with sample size. Hence, other things being equal, significant results are more
indicative of efficacy if obtained from large trials rather than small trials.

Although it is technically correct, one should be extremely carefuh interpreting this
statement, as will be shown below.

13.2.9 A given significant P-value is more indicative of the efficacy of a
treatment if obtained from a small trial

The surprising thing is that this statement can also be shown to be true given suit-
able assumptions (Royall, 1986). We talked above about the power of the alternative
hypothesis, but typically this hypothesis includes all sorts of values of T, the treatment
effect. One argument is that if the sample size is increased, not only is the power of
finding a clinically relevant difference, A, increased, but the power also of finding lesser
differences. Another argument is as follows.

In general, we do not merely observe that a trial is significant or not significant. To
do so is to throw information away. We shall observe an exact P-value. For example

August 14, 2007 21:30 Wiley/SIDD Page-204 c13



