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Abstract

Background: Currently, a large number of new anticancer agents
is accompanied by constrained resources, requiring prioritization.
In addition, emerging molecular subtypes subdivide common
cancer entities into rare diseases, making it harder to conduct
phase |l trials as a crucial step in drug development and therapy
optimization. We extend a recent work by Khan et al. on the design
of phase Il clinical trial based on exact binomial tests.

Results/Methods: The effect of flexibility in design parameters on
the required sample size and error rates is assessed. Changing p,
and p, allows to reduce sample sizes in cases where altering a and
B is not an option. When allowing flexibility in all four parameters,
one can further reduce sample sizes.

Conclusion: In phase Il trials based on exact binomial tests,
minimal deviations from the original design parameters might
ultimately reduce costs and trial duration.
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Introduction

Phase II clinical trials are designed to test whether new treatments
show enough activity to warrant further investigation. In cancer
research, a large number of new anticancer agents is at the same time
accompanied by constrained resources, requiring prioritization [1,2].
With the emerging molecular subtypes even the “big” cancer entities
become rarer diseases, making it harder to reach accrual targets.

The outcome of phase II trials is often a binary variable
measuring response; examples from oncology include patients being
progression-free at a given point in time or patients responding to
treatment.

For single-arm trials, many designs test the null hypothesis H: p
< p, that the true response probability p is less than some undesirable
probability p, versus the alternative hypothesis H: p > p, that p is
greater than or equal to some desirable probability p,. Examples
of such single-arm designs are A’Hern’s single-stage design [3]
or Simon’s two-stage design [4] which are still widely used. These
and many other designs are based on the binomial distribution.
When using A’Hern’s design, the null hypothesis is rejected, if r or

less among n accrued patients show a response to the treatment.
The values of r and n are chosen such that the type I error a, the
probability of rejecting a true null hypothesis, and the type II error §,
the probability of not rejecting a false null hypothesis, are not bigger
than some pre-specified error boundaries (e.g. « < 0.05 and f3 < 0.20).

Since these designs are based on the discrete binomial
distribution, the boundaries on the type I and II errors are almost
never met exactly. As an example consider a single-stage trial with
p,=0.1 and p,=0.2, and specified with @=0.05 and =0.20. A’Hern
[3] provides tables with sample sizes, yielding r=12 and n=78 (i.e.
the null hypothesis is rejected if >12 patients out of 78 respond to
treatment). The theoretical type I and II error rates in this example
are 0.0453 and 0.1918, respectively.

In a recent article Khan et al. [5] proposed to relax the desired
error rates to save patients in rare disease entities or for proof-of-
concept studies [5]. We propose to allow flexibility in the other two
design parameters, the probabilities p, and p,, keeping the effect size
0=p,-p, fix. Since a priori definition of these parameters is hard and
almost never exact, a small deviation seems acceptable. Of note, our
approach of varying p and p, can be combined with the method of
Khan et al. [5].

Materials and Methods

Throughout this paper we will use the notations given in table 1.
Given the (un) promising probabilities p, and p,, and type I and II
errors « and f3 an original design can be computed. We defined ranges
(PominPomad> [0, ] and [B,B, ] for the design parameters p, « and
B, respectively, which we considered acceptable, and discretized them
using a small number 7>0, e.g. 7=0.001:

PPyminr Posnin * T Pouin T 2T+ + 5 Py M
A={o, e+, 0+ 27, ..., } (2)
B={B,f+1,B+21,....06, 1} (3)

For each possible combination of parameters p’ € P, p’=p’ + 6,
« € A and 8 € Bwe computed a new design. From these designs, one
can chose to minimize the minimal total sample size #, the minimal
expected sample size EN (for Simon’s optimal two-stage design), or
any other criterion.
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Table 1: Notations used in the present paper

Notation Parameter
p (Unknown) true response probability of the treatment
Py Py Probabilities that are deemed unpromising (p,) and promising (p,)
o Effect size (6=p,—p,)
a, B Type | and Il error probability
n, n, Total sample size and sample size after the first stage of a two-stage design
nr, Rejection number at the end of a trial and after the first stage of a two-stage design
B(-;n,p) Binomial distribution function with parameters n and p
Po.min’ Pomax Lower and upper bound of the acceptable range of p,
Qoo Broax Upper bounds for acceptable values of a and 8
T Step size for the discretized ranges of acceptable values of p,, a and 8
EN Expected sample size of a two-stage design
£ Small value of misspecification of the true p,
n,r, Sample size and rejection number of a design where p, is misspecified by ¢
a(p,) Probability of rejecting Hj: p < p, + ¢, given p=p,
B.(p,) Probability of not rejecting H;: p < p, + €, given p=p,
Table 2: 10 solutions with a total sample size of =65 size above the minimal one. Table 2 shows 10 possible designs with
Solution p, p, o B n r Exacta Exactp a sample size of n=65, the minimal sample size of the approach
1 0084 0184 0050 0220 65 9 0044 0219 according to Khan et al. [5].
2 0.085 0.185 |0.050 |0.214 65 |9 0.047 0.213 . .
3 0.086 0.186 0.051 0.208 65 9 0050  0.208 Discussion
4 0.087 0.187 |0.054 10.202 |65 9 |0.054  |0.202 Phase II is a crucial phase in drug development and therapy
5 0.088 0.188 |0.058 |0.200 65 9 |0.057  |0.196 optimization. Randomized designs which directly compare the
6 0.089 10.189 10.061 0200 65 |9 0.061 0.191 treatment arms are preferred by some authors (see [1,8], for
7 0.090 0.190 0.065 0.200 |65 9 0.065 0.185 instance), but not always feasible. Often rare disease entities, or even
8 0.101 |0.201 |0.061 0.218 |65 10 0.060  |0.217 distinct subtypes of a common disease, and limited resources prevent
9 0102 |0.202 |0.064 |0.212 65 10 0.064  |0.211 a comparative randomized design. In clinical trials, a reduction by
10 0.103 0.203 |0.068 0.206 65 |10 0.067 0.206

All results were obtained using R 3.0.0 [6] and the clinfun package
version 1.0.5 [7].

Results

Example: single-stage trial Khan et al. [5] used the example of
p,=0.1, p,=0.2, @=0.05 and 3=0.2, which yields a single-stage design
with a sample size of n=78, and allowed a flexibility of +3% for the
type I and II error rates (i.e. & < 0.08 and § < 0.23). They found a
design with only 65 patients and exact error rates «=0.0567 and
$=0.2229.

Thus, with a and B which are 0.0067 and 0.0229 higher than
the originally desired ones, 13 (17%) patients can be saved in this
example.

By, instead of allowing flexibility in & and f3, varying the value of
p, between p, . =0.09 and p, =0.11 we find a solution requiring 70
patients with parameters p,=0.090 and p,=0.190. The exact values of
the type I and II error rates are 0.048 and 0.199, respectively.

If we allow additional flexibility of 0.01 for « and f we find a design
with parameters p =0.090, p,=0.190, «=0.060 and $=0.201 with a total
sample size of only 64 patients. The exact type I and II error rates are
0.059 and 0.201, respectively. Thus with only a change of 0.01 for «
and f instead of 0.03 but an additional variation of p, one additional
patient can be saved compared to the approach of Khan et al. [5]
Compared to the original design according to A’Hern 14 patients less
are required, a saving of 18%. p, and p, are 0.010 lower than in the
original plan. « is only 0.009 higher than originally required and 8
only 0.001.

When we allow for 2 percent change in each parameter, the
required sample size can be reduced to only 54 patients. The design
parameters leading to this sample size are p =0.081, p,=0.181, a=0.069
and =0.215. The exact type I and II error rates in this case are 0.068
and 0.215, respectively. The saving of 24 patients (35%) is achieved
with p, and p, that are 0.019 lower and « and 8 that are 0.019 and
0.015 higher than desired.

Instead of looking for the solution with the lowest sample size
one can also look for other configurations that give some sample

even a few patients can make a substantial difference in terms of trial
cost or duration. In single-arm trials our approach can be employed
to achieve such reductions. In randomized phase II trials, a reduced
sample size might prevent the exposure of patients to serious adverse
effects of new agents, which often show to be ineffective in phase IIT
trials, especially in oncology where only 37.5% of trials are positive

[9].

Khan et al. [5] rightfully argue that a deviation from the
conventional values for « or for 3 is useful because phase II trials only
provide preliminary evidence and also the common values of a=5%
and $=10% are arbitrary themselves.

Likewise, there is little reason to believe that the “correct”
unpromising rate p, derived from historical data, is exactly 0.10, for
example. Similarly, if a p, of 0.20 is deemed promising, why should
one consider a rate of 0.19-or even 0.21-as not promising? Similarly,
one could argue that the effect size could be varied as well. For
instance, an increase of 9% in the response rate could be considered
clinically meaningful if an increase of 10% is considered as such. In
this case, however, a larger sample size will be required to gather
evidence for this smaller effect size. And if 10% are deemed promising
11% should be even more so. This would allow further options and
reductions. We kept the effect size fix, however, since we would be
less comfortable with relaxing effect sizes which in many cases are
already rather optimistic.

Authorities or grant providers sometimes do not like to use
higher values for « or f in clinical trials. In this case and with limited
resources it could be a viable option to search for other designs with
smaller sample sizes using a slightly different value for p  and p,. The
limitations of trading-off type I and type II errors are discussed in
detail by Khan et al. [5]. One limitation is that final results should be
seen in context of the « level used in the sample size calculation which
might be different in there and our setting. Using only arbitrary
thresholds for a and p-values, however, seems not sufficient either. In
the decision taking to proceed to phase III or not, other factors such
as other clinically relevant endpoints, safety, and accrual rates have to
be considered.

Another limitation seems more serious to us: reducing the
sample size too much might result in a loss of precision, making it
difficult to judge treatment effects. Khan et al. [5] recommend to not
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reduce sample sizes below 20 patients per treatment arm. We rather
recommend to also consider p instead of 1 only, since 20 patients can
give enough precision for very small or large values of p, but for p, =
1/2 even n=30 patients will result in a 95%-confidence interval width
0f 0.35 and more.

A limitation unique to our approach is that the misspecification
of response rates has a serious impact on the type I error and power of
a trial, as shown by Baey et al. [10] for two-stage designs. Shifting the
(un-)promising response rates might deteriorate one or the other. But
even if coming from larger phase III trials, there is always uncertainty
attached to those parameters. With the proposed approach and an ¢
of one or two per cent, one would always be within the confidence
intervals provided from historical data or within a reasonable range
of the educated guess which was used to define the design parameters.
Of course, there is the danger of increasing the type I or type II error
because one moves further away from “the truth”. Since the truth is
unknown, however, it could well be that one will end up closer to it.

In conclusion, it seems useful to assess a wider range of scenarios
when designing a phase II trial based on exact binomial tests. By doing
so, a smaller sample size may be chosen with only minimal deviations
from the original design parameters. Ultimately, this could reduce
costs and trial duration, which are crucial features of clinical trials.
Projects in rare diseases or molecular subtypes of more frequent
diseases might become feasible and more treatments might be tested.

Future Perspective

The costs of brining a new medicine to the market are enormous.
Clinical trials account for a good share of that. Phase II trials are a
crucial step in the clinical development programs as here for the first
time the medicine is given to a larger number of patients and efficacy
is assessed to make a go or no-go decision to test the medicine in
large, and hence expensive phase III trial.

With the emerging molecular subtypes even the “big” cancer
entities become rarer diseases. While breast cancer is quite common
it can already be subdivided into at least Luminal A, Luminal B,
Triple-negative/basal-like, HER2 type and normal-like subentities.
Likely, these subentities can be further subdivided when the
understanding of tumor biology advances, driven by technologies
like next-generation sequencing. Other cancer types like colon and
lung cancer are moving into the same direction. Precision medicine
seeks to attack specific molecular targets, often only present in one of
those subtypes.

Well-defined patient groups, the target populations of precision
medicine, will become smaller. Already now many trials are stopped
early because of accrual problems. This problem will aggravate with
smaller target populations for clinical trials testing targeted agents. A
way out might be to conduct smaller trials, with a higher probability
to finish accrual successfully without sacrificing too much power and
significance as described in this article.

Executive Summary

e Many phase II trials have binary outcomes.

e Design parameters are somewhat arbitrary.

e Small changes in the design parameters seem acceptable

e Thirty or more percent of patients can be saved by this approach.
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