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A two-stage Bayesian design for
co-development of new drugs and
companion diagnostics

Stella Wanjugu Karuri and Richard Simon*’

Most new drug development in oncology is based on targeting specific molecules. Genomic profiles and deregu-
lated drug targets vary from patient to patient making new treatments likely to benefit only a subset of patients
traditionally grouped in the same clinical trials. Predictive biomarkers are being developed to identify patients
who are most likely to benefit from a particular treatment; however, their biological basis is not always conclu-
sive. The inclusion of marker-negative patients in a trial is therefore sometimes necessary for a more informative
evaluation of the therapy. In this paper, we present a two-stage Bayesian design that includes both marker-
positive and marker-negative patients in a clinical trial. We formulate a family of prior distributions that
represent the degree of a priori confidence in the predictive biomarker. To avoid exposing patients to a treat-
ment to which they may not be expected to benefit, we perform an interim analysis that may stop accrual of
marker-negative patients or accrual of all patients. We demonstrate with simulations that the design and priors
used control type I errors, give adequate power, and enable the early futility analysis of test-negative patients to
be based on prior specification on the strength of evidence in the biomarker. Copyright © 2012 John Wiley &
Sons, Ltd.
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1. Introduction

A majority of new drug development in oncology is molecular target based. Because of the heterogeneity
of tumors of a primary site, treatment benefit is likely for only a subset of patients in clinical trials based
on primary site. A typical example is Herceptin (Genentech Inc., San Francisco, CA), which is used for
the treatment of breast cancer patients whose tumors overexpress the HER2 gene. Predictive biomarkers
are a class of biomarkers that identify patients who are likely to benefit from a particular treatment.
Establishing medical utility of a previously developed candidate predictive biomarker generally requires
a clinical trial in which treatment assignment is randomized between the treatment and control [1]. One
design strategy for using a predictive biomarker is the enrichment design [2], where marker-negative
patients are excluded from the study. Excluding marker-negative patients from the trial has been shown
to be more efficient than standard designs [3, 4] where the treatment effect in marker-negative patients
is substantially less than in marker-positive patients and the prevalence of the marker positives is less
than 50%. In many cases, however, the biological basis for believing that the candidate biomarker will
properly distinguish those patients who benefit from the new treatment from those who will not is not
conclusive [1], and it is desirable to include marker-negative patients in the trial [5, 6].

Wang et al. [7] developed a two-stage adaptive design that includes marker-positive and marker-
negative patients but provides for termination of recruitment to the marker-negative stratum based on
an interim analysis. Freidlin and Simon [8] and Jiang et al. [9] have proposed other adaptive designs.
Here, we use a Bayesian formulation to provide a flexible framework for representing the degree of prior
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confidence in the biomarker. This degree of confidence may range widely in different clinical develop-
ment contexts. In some cases, there will be relatively strong confidence in the biomarker but not strong
enough to exclude marker-negative patients, or regulators may insist on the inclusion of marker-negative
patients to obtain data supporting the approval of the test. In such a trial, however, it will be important
to avoid including too many marker-negative patients and exposing them to a treatment to which they
are not expected to benefit based on prior evidence. Although Bayesian methods provide flexibility for
incorporating prior confidence in the candidate predictive biomarker, a major challenge is developing
a Bayesian formulation that also provides robust inferences that meet the standards for conventional
frequentist phase III clinical trials.

Section 2 details our formulation of the problem. A vast body of work is available on prior specifica-
tion with regard to clinical trials [10-13]. We describe a class of two-point priors to describe treatment
effect and how it varies based on biomarker value. We utilize these simple two-point priors to facili-
tate understanding on the operating characteristics of the designs we propose and indicate later how the
designs can be extended to a broader set of priors. We used a modified Bayesian version of the two-stage
design of Wang et al. [7] in Section 3. Unlike Berry’s [10] approach where decisions on patient recruit-
ment after the interim stage are made via the predictive distribution, we use the posterior distributions
of treatment effect within biomarker strata. Simulation studies in Section 4 enable an empirical study of
type I error, power, and sample size. In Section 6, we discuss results, suggest extensions, and provide
concluding remarks.

2. Methodology

We take survival as the endpoint and assume the data to follow a proportional hazard model within the
marker-positive and marker-negative strata separately

for test-positive patients
for test-negative patients,

log(h(t)/ ho() = | M)

where 64+ and §_ are the treatment effects in the test-positive and test-negative patients, respectively.
Given the data D and the test-positive and test-negative treatment effects §+ and J_, the observed
treatment effects are taken to be independent and approximately Normal:

84164, D ~ N(b1.4/E), 2

8_16_.D ~N(_,4/E_). ?3)

The distribution assumption are based on the approximation of the log-rank statistics and its asymptotic
distribution. The parameters £ and E_ are the number of events in the test-positive and test-negative
patients at the time of analysis. Prior information on the mean treatment effects 64+ and §_ is specified
via a distribution denoted as P (84, 8_).

2.1. Prior distributions

Although we use a Bayesian formulation, because we are proposing a phase III trial design that may be
used for regulatory or practice standard decision making, the type I error, the error of concluding a treat-
ment work when it does not, must be controlled. Three hypotheses are relevant when using a predictive
biomarker:

1. Hp : 84+ = 0 denoted as Hy,
2. Hp : 6— = 0 denoted as Hy_, and
3. Hp:84+ = 6— = 0 denoted as Hoy—.

We specify a four-point prior distribution with mass on the points {(6+,5—) = (0,0), (8, 0), (0, 8x),
(84, 0x)}, where 8 is the log-hazard ratio for treatment effect which is of clinical importance to detect.
The parameter & is derived from prior preclinical, phase I, or phase II study where the treatment has
shown promise of efficacy. In frequentist designs, the number of events in the trial are planned to detect
an alternative with a log-hazard ratio of d, for a specific power and significance level. §4 is therefore a
natural choice for an alternative outcome to the marginal null.
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We parameterize the prior as follows:

PS4 =0[6_ =8y) =ra, (4)
P(S_ =081 =8:) =r1, 5)
P(8+ = 0, o_ = 0) = Poo- (6)

The parameter r, represents the prior probability of having no treatment effect in the test positives when
a treatment effect does exist in the test negatives. The parameter r; represents the prior probability of
having no treatment effect in the test negatives when a treatment effect does exist in the positives. This
parametrization offers two key advantages. The first being that the overall type I error for Hy4_ is con-
trolled by pgo. The other advantage is that prior information on the classifier can be incorporated through
specification of 1 and r,. For targeted therapy, confidence in the classifier means belief that a treatment
effect exists in test-positive patients only. A large value of r; and a small value for r, would represent
this belief. Conversely, little or no confidence in the classifier would imply that if a treatment effect
exists, it exists in both test-positive and test-negative patients; small values of 7y and r, would represent
such a belief.

The posterior probabilities related to the formulated hypothesis can be shown as follows
(Appendix A):

s 2 aqiLs,o+alLs,s )_1
P+ =0[64,6_)=(1+ 2 L . (7
0+ 15+.8-) ( qooLo,o +aqaLogs,
A L L -1
P(6-=0/8.8-) = (1 P EL "”*’5*) : )
qooLo,o +aqiLs, o
. L L L !
PG, =05 =03,.8.) = (1 n aq>Los, +aqiLs, o+ a 8*,8*) , 9)
qooLo,o

where a = (1 —r1)(1 —r2)/(1 —rir2), g = ri/(1 = r1), g2 = r2/(1 = 12), go0 = poo/(1 — poo).
and L; j = P(64.,6_|64 = i,6— = j) denote the marginal conditional probabilities of the bivariate
Normal density given in Equation (3). Complete a priori confidence in the utility of the classifier means
ri — 1 and r; — 0, and the posterior probability of the treatment failing in the test negatives given
in Equation (8) will be large and unaffected by pgo. However, the posterior probability of the treatment
failing in the test positives in Equation (7) will be small if pgg is small and large if pgo is large. Complete
lack of confidence in the classifier means r; — 0 and r, — 0; the treatment is equally likely to work
in the test positives and test negatives, and the posterior probabilities given in Equations (7) and (8) are
approximately equal. Under these conditions, the posterior probability of the treatment having no effect
in the test negatives and test positives given in Equation (9) is largely determined by the values of pgg
and the data.

Values for r; and r, are set by the investigator based on their belief in the classifier. However, pgo is
chosen to control type I error. The simulation exercise in Section 4 outlines a method of obtaining pgg
by examining the empirical probabilities given in Equations (7)—(9).

3. Trial design

We utilize a Bayesian version of the adaptive design of Wang et al. [7] by considering a two-stage design
where the posterior distribution of treatment effects within the marker-positive and marker-negative
strata based on an interim analysis of first-stage data is used to make decisions on patient recruitment and
trial progression. The trial is prospectively sized for detecting a treatment effect in test-positive patients
using a target treatment effect of 4, a power of (1—/), and a two-sided « significance level. The required
number of test-positive events is

Eq = (4(za +25)%)/(82).
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For a nonprognostic classifier, the expected number of test-negative events is approximately
E_ = ((1—prev)/prev)E,

where prev denotes the prevalence of marker positivity. We size the clinical trial on the basis of the num-
ber of observed events in the test-positive stratum at the final analysis. The prevalence of positivity is
important as it determines the rate of accrual of marker-negative patients relative to marker-positive
patients. Prevalence therefore influences the operating characteristics of the design, particularly the
power of detecting a treatment effect in the test-negative stratum. Prevalence of marker positivity is
usually available prior to initiation of phase III trials from archival tissues from patients with the
target disease.

At the interim analysis, a proportion ¢ of E4 and E_ events are used to estimate the treatment effects,
and the posterior probabilities given in Equations (7)—(9) are calculated. For a particular threshold value
TH, the following sequence of actions are taken:

1. Stop the trial if P(64 = 0|(§+, 3_) > TH at the interim stage;
2. stop negative recruitment at the interim stage if P(6— = 0|6+,6-) = TH; or
3. continue recruitment of both test-positive and test-negative patients.

The first course of action is necessitated by the fact that the trial therapy is a targeted therapy. If the
treatment is ineffective in test-positive patients, it is unlikely to be effective in the test-negative patients
and the trial should be stopped. The next course of action ensures that recruitment is stopped for test-
negative patients if the therapy is ineffective in this subpopulation. To reduce the number of parameters
in the design, we use the same T'H value. However, different values of TH can be used in steps 1 and 2.
Ideally, the threshold should be a large value. However, a very large value will reduce the effectiveness
of futility monitoring at the interim stage, which may compromise patient safety. For example, if the
treatment is indeed ineffective in the marker-positive and marker-negative patients, having a threshold
value close to one reduces the probability of stopping the trial, which results in the continued accrual
of patients, exposing patients to toxic side effects of an ineffective treatment. We use a sequence of
TH values to assess the performance characteristic of the design. At the final analysis, the hypothesis
Ho+ is rejected if P(64 = O|<§+, 3_) < €, where € is some small value. Similarly, Ho_ is rejected if
P@- = O|(§+, 3_) < €. We use € = 0.05.

4. Simulation study

Using prevalence values of 25% and 50% for marker-positive patients, we simulated data under the
following scenarios:

1. No treatment effect, with (§4+,5_) = (0, 0);

2. An observed treatment effect in test-positive patients only with (§+,5—) = (8, 0);

3. The unlikely scenario where there is a treatment effect in the test-negative patients but none in the
test-positive patients, with (84, 8—) = (0, 6«); and

4. An observed treatment effect in the test-positive and test-negative patients with (54, 5—) = (8«, 6x),

We used values of 6, = log(1/2) and 6« = log(2/3), which correspond to a one-half and one-third
reduction in hazard attributed to the treatment. Most phase III studies in oncology are designed to detect
a reduction in hazard of approximately between 25% and 33% [14—17]. A 50% reduction in hazard
is considered large but has been observed in a predictive biomarker study [18]. For a stratified design
with 6, = log(2/3), the number of events required for the test positives is £ = 256. For prevalence
of 50% and 25%, this implies E_ = 256 and E_ = 768, respectively. If §. = log(1/2), the number
of events for test positives is £ = 88 with resulting E_ = 88 and E_ = 164 for a 50% and 25%
prevalence, respectively.

The asymptotic distribution of the log-rank statistics at the interim and final stages is bivariate Normal
with unit variances and correlation equal to p = Jt = JE; /E>, where E; and E; are the numbers
of events in the interim and final stage, respectively [19]. Consequently, simulations for the observed
test-positive effects at the interim and final stage can be obtained using a bivariate Normal distribution,
where the interim and final effects for the test positives have a correlation p = /¢ and variances 4/(tE 1)
and 4/ E ., respectively. Similarly, the observed effects for the test negatives can be simulated indepen-
dently using a bivariate Normal distribution with correlation equal to p = /7 and variances 4/(t E_) and
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4/ E_, respectively. We simulated data representing 10,000 trial effects at the interim and final stages
for threshold values of TH = {0.7,0.8, 0.9} and proportions of t = {20%, 25%, 33.3%, 50%} events in
the interim stage. We present analysis and results for 7H = 0.8, which yields intermediate results and
5« = log(2/3). We give the results with other TH values in Appendix B for z = 0.2,0.5.

We carried out prior specification by estimating for a grid of rq, r», and pgg values, the proportion of
trials in which the overall null Hy4_ was rejected using simulations under all scenarios. The quantities
r1 and r, should be based on the a priori evidence for the classifier, but pgo should be set to ensure that
type I errors for none of the null hypothesis Ho4—, Ho4, or Ho— exceeds 0.05. The values examined
were rq,r, = {0.1,0.3,0.5,0.7, 0.9}, and sequence of pgg values equally spaced between 0 and 0.3. The
action of rejecting a hypothesis was taken if the posterior probability was less than 0.05.

We chose an r, value of 0.1 for our priors as most appropriate for targeted therapy. Figure 1 gives
the proportions of trials in which Ho4+—, Ho4, or Hyo— were rejected for a sequence of pog values with
r, = 0.1 using data simulated with 6+ = 8« = 0. These proportions are estimates of the type I errors.
Among all r; values of interest, the probability of a type I error is less than 0.05 for values of pgo greater
than or equal to 0.1. Subsequently, we chose a poo value of 0.1 as this value provided greatest power.
We therefore considered priors with the following parametrization:

1. Py, with pgo =0.1,r; =0.1,r, = 0.1,
2. P,, with pyo =0.1,r; =0.5,r, = 0.1, and
3. P53, with pgo =0.1,r1 =0.9,r, =0.1.

The use of prior P; is appropriate in situations when one has low confidence in the classifier. Prior P3 is
for situations with high confidence in the classier, and prior P, provides a middle ground.
Using the trial design in Section 3, we estimated the following quantities for each scenario:

1. The proportion of trials in which Hy_ is rejected at the end of the trial;
2. The proportion of trials in which Ho is rejected at the end of the trial;
3. The proportion of trials in which the trial was stopped at the interim stage; and

rM1=05 -----
r1=0.9
1 1 1 1
0.20 | -
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T 0.15- L
8
T 010 -
0.05 | -
. I 0.20
3
= . 0.15
8
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k3]
2D 0.10 -
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Figure 1. Estimated probability of rejecting Ho4— , Ho+, and Ho— versus poo with ro = 0.1 for data simulated
with §+ = 6— =0, 8« = log(2/3), and 50% prevalence.
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4. The proportion of trials in which negative recruitment was stopped at the interim stage given that
the trial was not stopped.

We took the action of rejecting the hypothesis Ho— if P(§4+ = 0|3+, 3_) < 0.05. Similarly, we took

the action of rejecting the hypothesis Ho4 if P(6— = O|(§+,<§_) < 0.05. We present the results for
8« = log(2/3) in Figures 2 and 3.

5. Results

The matrix plots given in Figures 2 and 3 summarize the results from the simulations. Figure 2 gives
results for simulations with 25% prevalence, whereas Figure 3 for simulations with 50% prevalence.
Rows 1-4 in the matrix plot represent the following respectively:

1. The proportion of trials in which Hy— was rejected;

2. The proportion of trials in which Ho4 was rejected;

3. The proportion of trials in which accrual of marker-negative patients was stopped at the interim
stage; and

4. The proportion of trials in which all accrual was stopped at the interim stage.

The columns in the matrix plot represent simulation scenarios with data generated on the basis of the
following:

1. 8+=5_=0,

2. 64 =64,6-=0,

3. 6+ =0,6_ =8, and
4, 54 = 0x = Ox.

5.1. Results with 25% prevalence of marker positivity

Column 1 of Figure 2 shows results for the null simulation scenario in which §+ = 6— = 0. Subplots
of proportion of trials in which Ho4+ and Ho— were rejected show that type I error is well controlled
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Figure 2. Matrix plot with results for simulations with 25% prevalence. Solid line represents Pj, dashed line P>,
and dotted line P3.
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Figure 3. Matrix plot with results for simulations with 50% prevalence. Solid line represents P, dashed line P,
and dotted line Ps.

with estimated values not exceeding 3.5% for all three priors and, at all times, interim analysis was per-
formed. From a patient protection and cost perspective, a good design would have a high probability of
stopping the trial at the interim stage. The highest proportions of trials are stopped at the interim stage
under P;, which is the prior that conveys a lack of confidence in the classifier results. The subplot also
shows that the more data used in the interim stage, the higher the probability of stopping the trial under
the global null; however, accrual of marker-negative patients is stopped early much less frequently when
using prior P; compared with P, or Ps.

The second column of Figure 2 shows results for the scenario in which a treatment effect exists in
the test positives only with 1 = 6., §— = 0. The subplot on the proportion of trials in which Ho— was
rejected indicates good control of type I error for Ho— for all three priors. The subplot on the proportional
of trials in which Ho+ was rejected indicates that all priors yield good power with values of at least 75%.
Prior P; that conveys confidence in the classifier results in the highest power with values of at least 95%.
For patient protection and cost considerations, an appropriate design for this scenario stops accrual of
negatives at the interim stage without stopping the trial. The subplot on early termination of accrual of
negatives indicates that the prior P3 results in the highest probability of stopping accrual of negatives at
the interim stage.

The third column in Figure 2 shows results for the unlikely scenario in which a treatment effect exist
for the negatives only with 64+ = 0, 6— = J&«. The subplot of proportion of trials in which Ho4+ was
rejected indicates good control of type I error for all priors with error estimates not exceeding 3.5%.
The subplot of proportion of trials in which Ho— was rejected indicates that priors P; and P, provide
the highest power estimates with values exceeding 90% for t = 20%, with power decreasing, the later
interim analysis is performed. This can be explained by the fact that the trial is terminated because of no
treatment effect in positives with increasing frequency for later times of analysis. This reduces the power
for rejecting Ho—.

The subplots in the last column of Figure 2 show results for the scenario in which a treatment effect
exists for both the positives and the negatives, namely 61 = §_ = §.. The subplot of the proportion
of trials in which Ho— was rejected shows that P; and P, provide very high power for rejecting Ho—
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and the power for P3 exceeds 80%. All priors provide high power for rejecting Ho with values greater
than 91%. The probability of stopping accrual of the negatives and stopping the trial at the interim stage
for this scenario should be low, and all three priors result in low probabilities with estimated values not
exceeding 0.17.

5.2. Results with 50% prevalence of marker positivity

The first column of Figure 3 shows results for the null scenario in which §+ = §_ = 0. With 50% preva-
lence, we also observed good control of type I error for both Ho+ and Ho— with values not exceeding
3.5%. Just as with 25% prevalence, the prior that best supports early termination is P;, which is the prior
that conveys lack of confidence in the classifier. The probabilities of early termination of marker-negative
patients with priors P, and Pj3 is reduced compared with that in Figure 2 because fewer marker-negative
patients are available for analysis with 50% prevalence of marker positivity.

The second column of Figure 3 shows results for the scenario in which a treatment effect exists only
in the test positives with §4 = 8., §— = 0. With 50% prevalence, the results indicate good control of
type I error for Ho— with all three priors. The power for rejecting Hy4 is very similar to that for 25%
prevalence. Table I compares proportion of trials in which accrual of negatives was stopped early for
25% versus 50% prevalence. From the table, it is clear that a futility analysis with P3 stops negative
recruitment in at least 90% of the trials regardless of the interim analysis time or prevalence. Using prior
P however, the proportion of trials in which accrual of marker negatives is stopped early is substantially
reduced for 50% prevalence compared with 25% prevalence. This is also the case for prior P, but to a
lesser degree. An important point from this scenario is that using a prior that conveys confidence in the
classifier enables an early futility analysis without loss of power or increasing the type I error.

The subplots in the third column of Figure 3 show results for the unlikely scenario in which a treatment
effect exists only in the negatives with 64 = 0,5_ = 8. Just as in the 25% prevalence analysis, type
I error for Ho+ is well controlled with values not exceeding 3.5% regardless of prior used and time at
which interim analysis was performed. Power estimates for Hy— are comparatively less than those from
25% prevalence, the largest difference being with prior Ps. This can be attributed to the larger influence
of the prior because of the smaller number of events in the test negatives at the interim and final stage.
These phenomena also result in a higher probability of stopping accrual of negatives at the interim stage
as well as lower probability of stopping the trial early.

The subplots in the last column in Figure 3 show the results for the scenario in which both the posi-
tives and negatives benefit from the treatment where §+ = 6_ = §,. The results indicate good power for
rejecting Ho4 with values exceeding 90% for all three priors. Unlike the results for 25% prevalence, the
performance of the three priors in the power for rejecting Ho— is markedly different; prior P; has high
power estimates with values in the 90%-91% range for all 7, prior P, has relatively good power with
values in the 73%—75% range, whereas Pz has power values not exceeding 50%. With the comparison
of the plots of the proportion of trials in which Ho_ is rejected for both 25% and 50% prevalence, the
difference in power estimates are much larger for P3 compared with P, and P;. A reason for this differ-
ence is the larger sampling variation caused by fewer number of test-negative events. A good design for
this scenario would have a low probability of stopping the trial as well as a low probability of stopping
accrual of the negatives. Both P and P, have low probability of stopping accrual of negatives early as
well as probability of stopping the trial.

5.3. Summary

All three priors are completely adequate with regard to preserving all three type I errors under all condi-
tions. They also provide adequate power for rejecting Ho+ with P, and P3 providing outstanding power.

Table I. Proportion of trials in which negative recruitment was stopped
at interim stage for the simulation scenario with 6 = 8x, §— = 0.

prev = 25% prev = 50%
Prior r=0.2 =05 =02 t=20.5
Py 0.47 0.83 0.07 0.36
P 0.76 0.94 0.42 0.71
Ps3 0.95 0.98 0.90 0.93
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Prior P; is substantially inferior to the others with regard to early stopping of accrual of marker-negative
patients. Prior P3 performs well for 25% prevalence but provides very poor power for rejecting Ho—
when prevalence of positivity is 50%. At 25% prevalence, prior P3 is superior to P, with regard to early
stopping of accrual of marker-negative patients. When the prevalence is 25%, P, or P is an appropriate
prior. When prevalence is 50%, we recommend the use of the intermediate prior Ps.

6. Discussion

Our study demonstrates that confidence in a predictive classifier, based on biological information and
early trial data, can be incorporated into the design of a randomized phase III clinical trial in a Bayesian
framework in a manner that protects both patients and type I error. This design enables limiting the
number of test-negative patients who are exposed to a drug that, based on biological evidence, seems
unlikely to benefit them. This approach also limits costs of clinical development.

Another advantage of the Bayesian formulation is that it clarifies the nature of inference at the con-
clusion of the trial. Frequentist designs have been proposed that combine testing for an overall treatment
effect with testing for a treatment effect in the test-positive subset, allocating the type I error between
the two tests [20]. In practice, however, if the hypothesis of no overall treatment effect is rejected, and a
primary biomarker has been measured, then investigators and regulators will likely insist on evaluating
the treatment effects in the subsets. The Bayesian formulation formalizes that treatment effect in both
subsets is ultimately of interest and utilizes the prior to determine how to share information across the
strata. This leads to a very transparent and interpretable analysis.

Results from the simulations indicate that our two-stage Bayesian design provides adequate power for
testing for an effect on the test positives. Most importantly, type I errors are well controlled. Type I error
estimates for effects in both test positives and test negatives in the null simulation scenario were less
than 0.035. Results in Section 5 indicate that even in the unlikely scenario where an effect exists for the
marker negatives with no effect in the marker positives, empirical type I errors were less than 0.036.

With the appropriate prior, this Bayesian approach enables early futility analysis without substantial
losses in power. The most relevant scenario in a futility analysis is one where there is a treatment effect
in the test positives but no effect in the test negatives. Simulations using priors that reflect confidence in
the biomarker resulted in 90% of the trials stopping negative accruals at the interim stage with as little as
20% of the planned event sizes. Ultimately, the decision on when to perform a futility analysis depends
on the accrual rate of patients, the event rate, and the amount of follow-up time relative to survival time.

Different 8, and prevalence of marker positivity change the marginal distribution of the data. For
instance, low prevalence results in more marker-negative events and therefore less sample variation in
the negative stratum, whereas smaller 8, implies more marker-positive events and consequently more
marker-negative events and less sample variation in both strata. Less sample variation results in less
prior influence on the posterior. The operating characteristics of our method therefore depend on &
and the prevalence of marker positivity; hence, a careful selection of priors and evaluation of operating
characteristics are needed for different 8, and prevalence values.

The adaptive design of Wang et al. [7] makes a decision at the interim stage whether to maintain the
stratified design or to only recruit test positives while maintaining the initially planned total sample size.
Hence, the number of test-positive patients accrued at the end is much greater if accrual of test negatives
is terminated at the interim stage. Our two-stage design has three main advantages over the design of
Wang et al. Our adaptive design incorporates a degree of prior confidence in the biomarker utility at the
interim stage to make informed decisions affecting patient accrual, whereas that of Wang et al. assumes
complete confidence in the biomarker. The approach of Wang et al. does not consider the possibility of
early termination of the entire trial, whereas our approach makes a decision on early termination of the
trial depending on the efficacy of the treatment in the test positives at the interim stage. The posterior
distribution of treatment effect for our design yielded high power (greater than 90% with the prior that
reflects confidence in the classifier) for rejecting Ho+ with 50% prevalence in the simulation scenario,
where a treatment effect exists for the test positives and no treatment effect exists in the test negatives.
The adaptive design of Wang et al. also yields high power for the positives (greater than 90%) but with a
much greater expected sample size of test-positive patients. This results in large increases in the number
of patients screened, thereby prolonging the trial. This effect becomes even greater if the prevalence of
the marker positives is lower.

There are several extensions that can be studied within the framework provided here. We initially size
the number of events in marker-positive patients to detect a treatment effect in the marker positives on
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the basis of a prespecified power value for a specified §.. We used this number to obtain the expected
number of test-negative events assuming a nonprognostic classifier; hence, the power for rejecting Ho—
is not directly controlled. Other approaches are possible.

Our approach could be extended to more than two strata where stratification is based on monotonic
level of marker positivity. In addition to the parameter pgq, parameters for all marginal conditional null
probabilities such as those specified in Equations (4) and (5), as well as all combinations of joint con-
ditional null probabilities, need to be specified so as to define the prior’s probability mass function. For
example, with three strata labeled 1, 2, and 3 where stratum 3 has the highest level of marker positivity
and stratum 1 has the lowest, if treatment effects in the strata are denoted as 87, &5, and &3, the prior’s
parametrization is as follows:

P(81 =082 =83 =6+) =r1p23,
P (8, = 0|8y = 83 = 8x) = ro13,
P(83 = 0|81 = 82 = 8x) = 1312,

and

P(81 =8> =0[83 =6+) =r1253,
P (81 =03 =0[62 = 8x) =113,
P (8, =083 =0[81 = 84) = 1231,

where P(6; = 6, = 83 = 0) = pgo. One strategy in the trial design at the interim stage is to test the
effectiveness of the treatment in patients with high marker positivity first. For the three-strata example,
if the treatment is deemed ineffective in stratum 3, then the trial is stopped. Otherwise, if the treatment
is deemed ineffective in stratum 2, then the trial is continued with accrual of stratum 3 patients only,
and so on. The numbers of parameters can be reduced on the basis of monotonicity. In the example, it is
reasonable to assume ;|13 = r13)2 = 0. This approach works well with a small number of strata, but for
many strata or when strata are not ordered, other approaches need to be considered, for example, using
continuous distributions for the prior.

Our methodology can be applied to dose-selection trials where an efficacy endpoint is assumed to
have a monotonic relationship with dose. For this application, the trial population should be stratified
by the treatment arms that correspond to different dose levels. For example, in a trial with two dose
levels, high and low, prior information on the efficacy of the dose levels can be incorporated into the
design by selecting appropriate values of ry and r,, where r; represents the probability of the treatment
being ineffective at the higher dose given that it works in the lower dose and r, represents the proba-
bility of the treatment being ineffective at the lower dose given it works in the higher dose. The interim
analysis outlined in Section 3 is directly applicable, likening the higher dose’s treatment arm with the
marker-positive strata and the lower dose’s treatment arm with the marker-negative strata. Hence, if the
treatment is deemed ineffective at the higher dosage, then the trial should be stopped at the interim stage.
Incorporation of prior belief in efficacy of dose levels in trial design has an advantage over the practice
of treating different doses as different treatments [21] as it allows for information sharing among the
treatment arms.

For our simulations, the prior distribution for (64, §—) have mass on {(0, 0), (8, 0), (0, §+), (8x, 5%)},
where §, represents the treatment effect of minimal clinical significance. Frequentist designs are typ-
ically planned on the basis of such discretizations. This discretization provides a foundation for the
continuous priors. It would be useful to evaluate in the future the advantages offered by such continuous
priors, but the design based on the discretized space can be useful in designing new studies.

In the design proposed, we reject a hypothesis if its posterior probability falls below a prespecified
level of € = 0.05. At the interim stage, we do not reject a hypothesis if the posterior is greater than some
threshold value TH = 0.7, 0.8, or 0.9. The designs with the parameters considered worked well for all
simulation scenarios examined, but other values could be examined for achieving acceptable operating
characteristics in other conditions.

This paper outlines a design that is very promising in developing molecularly targeted treatments. The
framework set out in this paper offers a practical approach for utilizing Bayesian designs in phase III
trials. The key is not computational power but careful selection of prior distributions that are appropriate
for the context of the study and ensuring that the design has good frequency characteristics under a range
of values for 64+ and §_. This approach enables one to utilize prior biological evidence while retaining
the strengths of the frequentist formulation that has been so valuable for clinical trials.
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APPENDIX A. Posterior probabilities calculation

The prior parametrization with

Py =0[5_ =68) =1
PG =0[8. =8) =r
P(84 = 0.8-=0) = poo

results in the following probability mass function:

P(84+ =0,8- =éx) = ag2(1 — poo)
P(84 = 8x.6— =0) =aqi(1 — poo)
P8y = 84, 8- = 84) = a(l — poo)
P8y =0,5_ =8.) = poo,

where a = (1 — "1)(1 - r)/(1=rir2),q1 =r1/(1 —r1), g2 =r2/(1 —r2), and goo = poo/ (1 — poo)-
Welet L; ; = P(84.,6-|64+ =1i,6— = j) denote the marginal conditional probabilities of the bivariate
Normal density given in Equation (3), then the posterior probabilities are as follows:

P84+ =0[81.6-) = (pooLoo + P(8+ = 0.6_ = 8.)Los,)/ k. (10)
P(8- =0[84.8-) = (pooLoo + P(61 = 8+.8- = 0)Ls, 0)/ k. (11)
P8+ =0,8-=0[8+.6-) = (pooLoo)/k. (12)

where
k = pooLoo+ P(84 =684.6_=0)Ls, 0+ P8+ =0,6_ =8,)Los, + P54+ =8+.8_ =684)Ls, s, .
(13)

By factoring out the numerator in both the numerator and denominator of Equations (10) and (12), the
posterior probabilities can be rewritten as

A oa L L -1
P8+ =0/84,8-) = (1 4 241 tb0 T ‘**’8*) : (14)
qooLo,o +aqaLogs,
A L L -1
P(S_ _ 0|5+’8_) _ (1 n aqzLo,s, +a 8*,5*) (]5)
qooLo,o +aqiLs, o
A s L L L -1
PGy =0,6_=0J3:.6.) = (1 4 242205, T 041700 T “*’8*) . (16)
qooLo,0

Al. Limiting probabilities

Complete a priori confidence in the utility of the classifier means r; — 1 and r, — 0 then ¢ — 0 and
aq1 = r1(1 —V2)/(1 —r1r2) —> 1,
aqz =r2(1—r1)/(1 —rirp) — 0,

and the limiting posterior probability of the treatment having no effect in the marker positive patients is

A L -t
Py =0]864,8_) — (1 + M) , (17
qooLo,o

which is dependent on pgo and the data. The limiting posterior probability of the treatment having no
effect in the marker-negative patients is

P(S_=0l8,.5_) > 1. (18)
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The limiting joint posterior probability of the treatment having no effect in both marker-positive and
marker-negative patients is

A A L -1
Py =0,6_=05+.6_) — (1 + ﬁ) . (19)
qooLo,0

A complete lack of confidence in the utility of the biomarker implies r; — 0 and r, — 0 thena — 1.
As aresult

aq; — 0,
agp, — 0,
and
PR Ls, 5. \ "
PGy =0[8..8.) — (14 =88 ) (20)
qooLo,o
s o2 Ls.s. \ "
PG =008, 6y — (14 288 ) 1)
qooLo,o
P Ls.s, \ "
PGr=0,6_=008s,6.) — (14 285 ) 22)
qooLo,o

APPENDIX B. Interim analysis results

Table BI. Simulation results for 25% prevalence showing probability of stopping accrual of negatives early
(S1), probability of stopping trial early (S2), probability of rejecting Ho4 (PR+), and probability of rejecting
Ho— (PR—) with 20% and 50% accrued events for interim analysis.

Prior P1 Prior P2 Prior P3
(6+,6-) t TH S1 S2 PR+ PR-— S1 S2 PR+ PR-— S1 S2 PR+ PR-—

(0,0) 02 07 028 046 000 000 069 0.17 0.02 0.00 0.88 0.09 0.03 0.00
0.8 033 032 000 000 071 0.09 0.02 000 09 0.05 0.03 0.00

09 035 017 000 000 067 0.03 0.02 000 08 0.01 0.03 0.00

05 07 018 079 000 000 043 055 0.02 000 054 045 0.03 0.00

08 024 071 000 000 051 047 0.02 000 064 035 0.03 0.00

09 035 058 000 000 063 032 002 000 075 024 0.03 0.00

(6%,0) 02 07 053 007 072 000 082 0.01 087 000 096 0.00 091 0.00
0.8 047 003 074 000 076 0.00 088 0.00 095 0.00 091 0.00

09 037 001 074 000 066 0.00 088 0.00 089 0.00 091 0.00

05 07 083 007 074 000 095 0.02 087 000 098 0.01 091 0.00

0.8 083 004 074 000 094 0.01 087 0.00 098 0.00 091 0.00

09 081 002 074 000 092 0.00 088 0.00 098 0.00 091 0.00

(0,84) 02 07 001 012 003 087 0.05 010 0.03 084 022 0.09 0.03 0.68
0.8 001 0.06 003 093 004 0.05 003 09 017 0.04 0.03 0.78

09 000 0.02 003 097 002 001 003 09 010 0.01 0.03 0.87

05 07 0.00 044 003 056 001 044 0.04 055 003 042 0.03 054

0.8 000 035 003 065 001 034 0.03 064 003 034 0.03 0.62

09 000 022 003 077 000 022 003 077 002 023 0.03 0.73

(6%,8«) 02 0.7 001 0.01 092 098 0.06 0.00 092 093 024 000 092 0.74
0.8 0.00 0.00 091 09 004 0.00 092 09 0.17 0.00 092 0.1

09 000 000 092 09 002 0.00 092 097 010 0.00 092 0.88

05 07 0.00 001 092 09 001 001 092 097 005 001 092 092

0.8 0.00 000 092 09 001 0.00 091 098 004 0.00 092 0.94

09 000 000 092 100 001 0.00 092 098 003 0.00 092 0.96
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Table BII. Simulation results for 50% prevalence showing probability of stopping accrual of negatives early
(S1), probability of stopping trial early (S2), probability of rejecting Ho4 (PR+), and probability of rejecting
Ho— (PR—) with 20% and 50% accrued events for interim analysis.

Prior P1 Prior P2 Prior P3
(6+,6-) t TH S1 S2 PR+ PR- SI1 S2 PR+ PR- SI1 S2 PR+ PR-—

(0,0) 02 07 010 030 001 001 050 016 0.02 000 086 0.09 0.03 0.00
0.8 008 0.19 0.01 001 042 0.08 0.02 0.00 087 0.04 0.03 0.00

09 005 009 001 001 025 0.02 0.02 000 077 0.01 0.03 0.00

05 07 012 071 001 000 036 054 002 000 052 045 0.03 0.00

0.8 014 063 001 000 041 044 0.02 0.00 062 035 0.03 0.00

09 015 050 0.01 001 042 032 0.02 0.00 067 023 0.03 0.00

(0%.0) 02 07 013 003 076 003 056 0.01 088 0.00 095 0.00 091 0.00
0.8 007 0.02 075 003 042 0.00 088 0.01 090 0.00 092 0.00

09 003 000 076 003 022 0.00 088 0.00 077 0.00 091 0.00

05 07 043 005 077 003 077 001 08 0.01 095 0.01 091 0.00

08 036 003 077 003 071 0.01 088 0.01 093 0.00 091 0.00

09 025 0.01 077 003 057 0.00 088 0.01 087 0.00 091 0.00

(0,64) 02 07 001 015 003 066 010 012 003 059 055 009 003 024
0.8 0.00 0.08 003 072 006 0.06 0.03 064 043 0.04 0.03 034

09 000 0.03 003 076 002 0.02 0.03 069 024 001 003 043

05 0.7 001 047 003 043 004 046 003 038 0.17 044 0.03 026

0.8 000 039 003 049 003 036 003 046 0.14 035 003 031

09 000 026 003 060 002 024 003 054 010 023 0.03 038

(6x.6x) 02 07 001 001 091 090 0.11 000 091 070 059 000 091 029
0.8 000 0.00 091 091 005 0.00 092 074 045 0.00 091 0.36

09 000 0.00 091 091 001 0.00 092 075 025 0.00 092 044

05 0.7 001 001 091 09 007 001 091 074 029 0.01 092 046

0.8 000 0.00 091 09 004 0.00 092 075 021 0.00 092 048

09 000 000 091 091 002 0.00 091 075 0.13 0.00 092 0.50
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