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Summary

Integrated phase I-II clinical trial designs are efficient approaches to accelerate drug
development. In cases where efficacy cannot be ascertained in a short period of
time, two-stage approaches are usually employed. When different patient popula-
tions are involved across stages, it is worth of discussion about the use of efficacy
data collected from both stages. In this paper, we focus on a two-stage design that
aims to estimate safe dose combinations with a certain level of efficacy. In stage I,
conditional escalation with overdose control (EWOC) is used to allocate successive
cohorts of patients. The maximum tolerated dose (MTD) curve is estimated based
on a Bayesian dose-toxicity model. In stage II, we consider an adaptive allocation
of patients to drug combinations that have a high probability of being efficacious
along the obtained MTD curve. A robust Bayesian hierarchical model is proposed
to allow sharing of information on the efficacy parameters across stages assum-
ing the related parameters are either exchangeable or nonexchangeable. Under the
assumption of exchangeability, a random-effects distribution is specified for the main
effects parameters to capture uncertainty about the between-stage differences. The
proposed methodology is assessed with extensive simulations motivated by a real
phase I-II drug combination trial using continuous doses.
KEYWORDS:
Adaptive randomization, Bayesian random-effects model, Continuous dose combinations, EWOC, Phase
I-II

1 INTRODUCTION

The primary objective of early phase clinical trials is to identify a dose that is safe and efficacious. In single-agent settings
where efficacy could be observed relatively soon after administering the dose (e.g., after one or two cycles of therapy), one-
stage designs where the joint probability of toxicity and efficacy is sequentially updated after each cohort of patients are usually
employed with either single agents1,2,3,4,5,6,7,8 or drug combinations9,10.
When efficacy cannot be ascertained in a short period of time, it is not uncommon to employ two-stage designs where a set

of maximum tolerated dose combinations are first selected using safety data only, and then tested for efficacy in a second stage.
In this type of trials, we may find different patient populations across stages11,12,13. For drug combination trials, a number of
methodologies for two-stage designs have been proposed for binary efficacy endpoints14,15,16,17 and for time to event efficacy
endpoints18. From our point of view, current two-stage designs have two key limitations:
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i) Uncertainty of the estimated MTD from stage I is not taken into account in stage II; that is, the MTD is kept fixed during
the second stage. This could be a limitation since the MTD curves from the stages I and II may differ due to the intrinsic
heterogeneity between patient populations.

ii) Efficacy data from stage I is not incorporated in the final analysis by the end of stage II.
We present a two-stage design for drug combination trials with continuous dose levels19,20 when treatment efficacy is evaluated

after three or more cycles of therapy. In stage I, we employ the method from Tighiouart at al. (2017)21, which was also used by
Tighiouart (2019)15 and Jiménez et al. (2020)18 to estimate the MTD curve. In stage II, we employ a Bayesian adaptive design
to allocate patients to drug combinations that are likely to have a high probability of being efficacious along the MTD curve
obtained from stage I. Once the efficacy status of each cohort of patients becomes available, the posterior distribution for the
dose-efficacy model parameters can be updated; we thus employ the adaptive randomization principle to minimize the number
of patients treated at sub-therapeutic dose combinations. At the end of the phase I-II trial, a dose combination with maximum a
posteriori probability of efficacy is selected for further evaluations in phase III studies.
The novelty of this article is to integrate the efficacy information from both stages without undermining the integrity and

validity of the trial. Specifically, in the second stage we use a robust Bayesian hierarchical model that assumes the stage-specific
main effects to be exchangeable or nonexchangeable across stages.
The key idea is to exploit the value of efficacy data collected from different patient populations during the two stages,

while avoiding too optimistic borrowing under the presence of completely different efficacy profiles. In general, Bayesian
exchangeability-nonexchangeability models are recognised for its strength to improve inferences by incorporating relevant infor-
mation from various sources22,23. In our specific application, the benefit of borrowing is expected to be the increase in the
precision of the model estimates and reduction number of patients treated at sub-therapeutic dose combinations when there is a
consistency between the efficacy profiles across stages whereas, for cases of data inconsistency, the stage I efficacy data needs
to be discounted effectively.
The developed Bayesian model is illustrated by an application to a phase I-II trial of the combination of cisplatin and cabazi-

taxel in patients with advanced prostate cancer15. This phase I-II design was motivated by a previous phase I trial published by
Lockhart et al. (2014)24 in patients with advanced solid tumors, where the combinations of cisplatin/cabazitaxel 15/75 mg∕m2,
20/75 mg∕m2 and 25/75 mg∕m2 were explored, using a “3+3” design. The MTD was concluded as 15/75 mg∕m2 on the basis of
data from 30 patients. However, based on these results and other preliminary efficacy data, it was hypothesized that there could
be a series of dose combinations which are tolerable and efficacious in prostate cancer.
The manuscript is organized as follows. In Section 2, we review the the cisplatin-cabazitaxel (CisCab) trial, which serves as

motivating example for this work. Section 3 describes the proposed dose-toxicity and dose-efficacy models for stage I and stage
II, respectively. In Section 4, we apply this methodology to the context of the CisCab trial and present a series of simulated results
that evaluate the operating characteristics of the design. We conclude in Section 5 with a discussion of possible extensions of
the proposed methodology.

2 MOTIVATING EXAMPLE: THE CISPLATIN-CABAZITAXEL (CISCAB) TRIAL

The CisCab trial is a two-stage phase I-II clinical trial design that investigates the combination of cisplatin and cabazitaxel, given
every 3 weeks, in patients with advanced solid cancer. A continuous set of doses that range from 10 to 25 mg∕m2 for cabazitaxel
and from 50 to 100 mg∕m2 for cisplatin were administered intravenously.
The first stage of the CisCab trial was motivated by the phase I trial published by Lockhart et al. (2014)24, where the com-

binations of cisplatin/cabazitaxel 15/75 mg∕m2, 20/75 mg∕m2 and 25/75 mg∕m2 were explored in patients with advanced solid
tumors, using a “3+3” design. The maximum tolerated dose combination was concluded as 15/75 mg∕m2 on the basis of data
from 30 patients. However, based on the results presented by Lockhart et al. (2014)24 and other preliminary efficacy data, it was
hypothesized that there could be a series of dose combinations which are tolerable and efficacious in prostate cancer (see15). In
the subsequent second stage, additional 30 patients were enrolled to identify the dose combinations which have high probability
of efficacy, along the MTD curve based on the first stage data.
One of the key characteristics of the original CisCab trial is that stage II is completely disconnected from stage I, at least so

when analysing the efficacy data. The rational for this disconnection was that stage I and stage II populations were not exactly
the same, which could translate into potentially different efficacy profiles.
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We regard the potential differences between stage I and stage II efficacy profiles from a different perspective.More specifically,
we are motivated to establish a robust model formally accounting for such uncertainty, so that we can enhance the conduct and
analysis of the stage II when there is a certain level of similarity between stage I and stage II efficacy profiles, as well as to
discount the stage I efficacy data in case of dissimilarity.

3 METHOD

3.1 Formulation of the problem
Let {Xmin, Ymin, Xmax, Ymax} be the lower and upper bound of the continuous dose levels of the compounds X (cisplatin)
and Y (cabazitaxel). The doses will be standardized to fall within the interval [0,1] using the transformations ℎ1(x) =
(x −Xmin)∕(Xmax −Xmin) and ℎ2(y) = (y − Ymin)∕(Ymax − Ymin).
Let Z = {0, 1} be the indicator of DLT where Z = 1 represents the presence of a DLT after a predefined number of

treatment cycles, andZ = 0 otherwise. Let E = {0, 1} be the indicator of treatment response where E = 1 represents a positive
response after a predefined number of treatment cycles, and E = 0 otherwise. Given the two-stage formulation of this design,
let S = {1, 2} be the stage enrollment indicator to stage I and stage II, respectively. Let Dn = {(Zi, Ei, xi, yi, Si), i = 1,… , n}
be the data collected after n patients have been enrolled; p0 be the probability of efficacy of the standard of care treatment; ΩS
represent the set of dose combinations (x, y) from stage S = 1, 2; n̄1 and n̄2 represent the size of the first and subsequent cohorts
of patients in stage II, respectively.

3.2 Stage I
Following Tighiouart et al. (2017)21, we consider a dose-toxicity model of the form

P (Z = 1|x, y) = F (�0 + �1x + �2y + �3xy), (1)
where F (.) is the cumulative distribution function of the logistic distribution (i.e., F (u) = 1∕(1 + e−u)). Because cisplatin and
cabazitaxel are two well known cytotoxic agents, it is reasonable to assume that the probability of DLT does not decrease with
the dose of any agent when the other agent is held constant. To ensure this property, we assume that �1, �2 ≥ 0. The MTD is
defined as any dose combination (x, y) ∈ Ω1 such that

P (Z = 1|x, y) = �, (2)
where � represents our target probability of DLT.
We reparameterize equation (2) in terms of parameters that clinicians can easily interpret15,18,21. We employ �lm, the proba-

bility of toxicity when the levels of agents X = l and Y = m, with l = 0, 1, and m = 0, 1. It is possible to show that maximum
tolerated dose combination set C takes the form

C =
{

(x, y) ∈ Ω1 ∶ y =
(F −1(�) − F −1(�00)) − (F −1(�10) − F −1(�00))x

(F −1(�01) − F −1(�00)) + �3x

}

. (3)
Following Tighiouart (2019)15, we use informative prior distributions based on the results of24 to assume that �10, �01 and

�3 are independent a priori with �01 ∼ beta(1.4, 5.6), �10 ∼ beta(1.4, 5.6), and conditional on (�01, �10), �00∕min(�01, �10) ∼
beta(0.8, 7.2). Also, let the interaction parameter �3 ∼ gamma(0.8, 0.0384). These prior distributions imply that at the combina-
tions of cisplatin/cabazitaxel 15/75 mg∕m2 the probability of DLT a priori is approximately equal to 0.33. A detailed evaluation
of the operating characteristics stage I, conducted to determine the interim dose (de-)escalations based on (3), under several
scenarios and both informative and non-informative prior distributions was presented by Jiménez et al. (2020)18.
The posterior distribution of the dose-toxicity model parameters is

�(�00, �10, �01, �3|Dn) ∝
n
∏

i=1
G((�00, �10, �01, �3; xi, yi))Zi × (1 − G(�00, �10, �01, �3; xi, yi))1−Zi

× �(�01)�(�10)�(�00|�01, �10)�(�3),
(4)
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where
G(�00, �10, �01, �3; xi, yi) = F (F −1(�00) + (F −1(�10) − F −1(�00))xi + (F −1(�01) − F −1(�00))yi + �3xiyi).

3.3 Stage II
We consider the following dose-efficacy model for S = 1, 2:

P (E = 1|x, y) = F (�0S + exp(�1S)x + exp(�2S)y + �3Sxy), (5)
where F (.) remains to be the cumulative distribution function of the logistic distribution. We assume that the probability of
efficacy does not decrease with the dose of any agent when the other agent is held constant. To ensure this property, we apply
the exponential function to �1S and �2S since exp(u) > 0.
Let �S = (�1S , �2S) denote the main effects of the treatment per stageS = 1, 2, andDS the corresponding stagewise trial data.

We consider the meta-analytic-combined (MAC) approach22 to establish a Bayesian predictive distribution for �2 ∣ D1,D2.
This would allow the investigator to estimate main effects of drugs X and Y, synthesising the efficacy data from both stages. For
robust inference25, we have that:
Wemay regard the main effects of X and Y in an initial population at stage S = 1 as a random sample drawn from an underlying

distribution:
�1 ∣ �,Φ ∼ BVN(�,Φ).

Continuing the phase I-II trial to stage S = 2 in a new population, we stipulate that
�2 ∣ �,Φ ∼ BVN(�,Φ) with probability w,

�2 ∼ BVN(m0, R0) with probability 1 −w, (6)
with

� =
(

�1
�2

)

, � =
(

�21 ��1�2
��1�2 �22

)

. (7)
The variance terms in� represent between-stage heterogeneity.Mind that in each stage of the CisCab trial we have two distinct

and well designated populations. Consequently, between-stage heterogeneity and between-population heterogeneity cannot be
disentangled. If our trial would involvemultiple populations in each stage, wewould need additional random-effects distributions
to account for the between-population differences26,27. We define

�1 ∼ N(v1, s21), �2 ∼ N(v2, s22), �1 ∼ HN(z1), �2 ∼ HN(z2), � ∼ U (0, 1),
where HN(z) denotes a half-normal distribution formed by truncating a N(0, z2) so it covers the interval (0,∞). A HN(0.5)
puts 4.55% probability for values of �1 and �2 greater than 1 (95% credible interval (0.016, 1.121)), which allows for substantial
between-stage heterogeneity in the main effects model parameters. Other viable choices of HN(z) and the indication have been
noted by26,28. This could serve as a weakly informative prior distribution: the values of z1 and z2 can be justified appropriately
for the user’s own case, with evidence suggesting the (dis)similarity of efficacy in such two patient populations.
Mind that, in practice, specification of w requires the input of subject-matter experts and needs to be fixed a priori. The

robust hierarchical model is fitted using Markov chain Monte Carlo using R29 and JAGS30. We place weakly informative prior
distributions over the model parameters for stage II. More precisely, let

�01 ∼ N(−1.8, 3.162), �02 ∼ N(−1.8, 3.162), �31 ∼ Gamma(0.1, 0.1), �32 ∼ Gamma(0.1, 0.1),
and set

v1 = 0, s1 = 3.16, v2 = 0, s2 = 3.16, z1 = 0.5, z2 = 0.5,

for the hyperparameters to implement the model. Overall, these weakly informative prior distributions translate into the median
probability of efficacy estimates with 95% credible intervals displayed in Table S1 in the supplementary material.
The selection of the dose-efficacy model is strictly related to the type of compound that will be used in the phase I-II clinical

trial. With cytotoxic agents the probability of efficacy will monotonically increase with the dose (i.e., a compound will have
greater activity as the dose increases). Thus a model such the one defined in (5) will be sufficient to capture the dose-efficacy
relationship. However, with other type of compounds such as molecularly targeted therapies, more flexible modeling approaches
may be needed to capture dose-efficacy relationships where the probability of efficacy may not increase with the dose.
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3.4 Trial design
The entire trial design would proceed as follows:
Stage I

1. The first cohort of two patients receives the same dose combination (x1, y1) = (x2, y2) = (0, 0).
2. In the i-th cohort of two patients, for i ≥ 2, if i is even, the patient 2i− 1 receives the dose combination (x2i−1, y2i−3) and

patient 2i the dose combination (x2i−2, y2i), where x2i−1 = Π−1ΓX|Y=y2i−3
(�|D2i−2) and y2i = Π−1ΓY |X=x2i−2

(�|D2i−2). Note that
Π−1ΓX|Y=y

(�|Dn) represents the inverse cumulative distribution function of the posterior distribution �(ΓX|Y=y|Dn), based
on the first i = 1,… , n cohorts.

3. Repeat step 2 until the maximum sample size for stage I is reached subject to the pre-specified safety stopping rules defined
in21.

Stage II

4. Randomly assign a fixed initial cohort of n̄1 patients to dose combinations (x, y) ∈ C that are equally space along the
estimated MTD curve.

5. Obtain posterior estimates of �02, �12, �22, �32.
6. Generate a sample of dose combinations of size n̄2 from the standardized density F (�02 + exp(�12)x+ exp(�22)y+ �32xy)

and assign it to the next cohort of patients.
7. Repeat steps 5 and 6 until the maximum sample size for stage II is reached subject to the pre-specified stopping rules

defined below.
The algorithm from stage I is based on EWOC31 where after each cohort of enrolled patients, the posterior probability of

overdosing the next cohort of patients is bounded by a feasibility bound�. We follow the same algorithm proposed by Tighiouart
et al. (2017)21. Safety stopping rules linked to stage I, although implemented in our proposal, are not described in this manuscript
for space reasons. A detailed explanation and evaluation is given by Tighiouart et al. (2017)21, Tighiouart (2019)15 and Jiménez
et al. (2020)18.
We note that, in step 1, the doses given to the first cohort of patients usually correspond to the lowest dose combinations

available in the trial (i.e., (0, 0)). However, in the CisCab trial, it was decided by the investigator that the first two patients would
start at the dose combination (0.33, 0.5), which corresponds to the combinations of cisplatin/cabazitaxel 15/75 mg∕m2.
The algorithm from stage II on the other hand can be viewed as an extension of a response-adaptive randomization procedure

with a finite number of doses32 to that with an infinite number of dose combinations. Following Tighiouart (2019)15, we set
n̄1 = 10 and n̄2 = 5.
Decision rule
Let px,y denote the probability of treatment efficacy at the dose combination (x, y) obtained from (5). We define the following

null and alternative hypotheses15:

H0 ∶ px,y ≤ p0 for all combinations (x, y) vs. H1 ∶ px,y > p0 for some combination (x, y) (8)
At the end of the trial, we reject the null hypothesis if

max
(x,y)

[

P (F (�02 + exp(�12)x + exp(�22)y + �32xy) > p0|D1,D2)
]

> �u,

where �u is a pre-specified design parameter. Following Tighiouart (2019)15, we select p0 = 0.15 and we set �u = 0.4.
Futility stopping rule
For ethical considerations and to avoid exposing patients to sub-therapeutic dose combinations, we would stop the trial for

futility if
max
(x,y)

[

P (F (�02 + exp(�12)x + exp(�22)y + �32xy) > p0|D1,D2)
]

< �0,

where �0 is a pre-specified threshold. For the purpose of this article, we choose �0 = 0.2. Mind that this stopping rule applies
only after the initial cohort of n̄1 patients.
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Efficacy stopping rule
In cases where the investigator is interested in stopping the trial early for superiority, the trial can be terminated before reaching

the maximum sample size if

max
(x,y)

[

P (F (�02 + exp(�12)x + exp(�22)y + �32xy) > p0|D1,D2)
]

> �1,

where �1 > �u is a pre-specified threshold. For the purpose of this article, we choose �1 = 0.8. Likewise, we stipulate this
stopping rule to be applicable only after the initial cohort of n̄1 patients.
Safety stopping rule
Even though stage II does not use toxicity data to find the optimal dose combination, it contains a stopping rule for safety using

a Bayesian continuous monitoring approach33. Explicitly, the phase I-II trial would be stopped if P (P (Z = 1|D2) > �) > �� ,
where �� = 0.8 is a design parameter selected to yield desirable operating characteristics.

4 SIMULATION STUDY

4.1 Operating characteristics
We are most interested to assess whether our Bayesian MAC model yields robust inferences about parameters of the drug
combinations. Since it leverages the stage I data for adaptive allocation of patients during stage II, we concentrate on evaluating
the design’s operating characteristics for the stage II only according to the following metrics:

• Bayesian power / type-I error probability:

Power ≈ 1
M

M
∑

i=1
I

[

max
x,y

[

1
L

L
∑

j=1
I
[

F (�02ij + exp(�12ij )x + exp(�22ij )y + �32ijxy) > p0
]

]

> �u

]

,

where �02ij , �12ij , �22ij , �32ij represent the j-th MCMC sample from the i-th simulated trial. For scenarios favoring the null
hypothesis as defined in (8), the above formula represents the Bayesian type-I error probability.

• Mean posterior probability of having a probability of efficacy higher than p0 for the i-th simulated trial:

P (F (�02i + exp(�12i)x + exp(�22i)y + �32ixy) > p0|Dn,i) ≈

1
L

L
∑

j=1
I
[

F (�02ij + exp(�12ij )x + exp(�22ij )y + �32ijxy) > p0
]

,

from which the optimal dose combination from the i-th trial is estimated as

(x∗, y∗) = argmax
x,y

{

1
L

L
∑

j=1
I
[

F (�02ij + exp(�12ij )x + exp(�22ij )y + �32ijxy) > p0
]

}

.

• Proportion of patients allocated to dose combinations with probability of efficacy higher than p0 during stage II, where
the response-adaptive randomization comes into effect.

• Average posterior probability of early stopping for efficacy and futility.
• Precision of the stage II dose-efficacy posterior point estimates measured by an analog of bias and mean squared error

(MSE):

Bias(�k2) ≈ 1
M

M
∑

i=1
�̂k2i − �k2, and MSE(�k2) ≈ 1

M

M
∑

i=1

(

�̂k2i − �k2
)2
,

where �̂k2i denotes the posterior mean of the parameter �k2, with k = 1, 2, for the i-th simulated trial.
For space reasons, we do not present the probability of early stopping for safety since the dose-toxicity scenarios we employ

in this article have been already evaluated by Tighiouart (2019)15 and Jiménez et al. (2020)18. Moreover, we refer the interested
readers to these two publications for the evaluation of the stage I operating characteristics.
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4.2 Scenarios favoring the alternative hypothesis
In stage I, we use two dose-toxicity scenarios considered as highly plausible by the principal investigator of the trial15. The true
dose-toxicity model parameters are presented in Table S2 in the supplementary material, and displayed in Figure 1. We assume
that stage II has the same dose-toxicity profile as stage I (i.e., the dose-toxicity profile is constant across stages)15,18.

FIGURE 1 MTD curves obtained with the dose-toxicity model parameter values presented in Table S2 in the supplementary
material. The point at the cisplatin/cabazitaxel 15/75mg∕m2 combination represents theMTD found by Lockhart et al. (2014)24.
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For each of the dose-toxicity profiles, we propose two different stage II dose-efficacy profiles that place the dose combination
with highest efficacy in different locations. Then, to evaluate the benefit of robust sharing of efficacy data across stages, for each
stage II dose-efficacy profile, we propose three different stage I dose-efficacy profiles:

i) Stage I dose-efficacy profile 1: This profile exactly matches the stage II dose-efficacy profile. For reading purposes, we
refer to this profile as “complete agreement between stage I and stage II dose-efficacy profiles” or simply as “complete
agreement”.

ii) Stage I dose-efficacy profile 2: This profile places the dose combination with highest efficacy in the same dose combination
as its correspondent stage II dose-efficacy profile but the probabilities of efficacy are different across stages. For reading
purposes, we refer to this profile as “partial agreement between stage I and stage II dose-efficacy profiles” or simply as
“partial agreement”.

iii) Stage I dose-efficacy profile 3: This profile is completely different with respect to its correspondent stage II dose-
efficacy profile and places the dose combination of highest efficacy in a different location. For reading purposes, we refer
to this profile as “complete disagreement between stage I and stage II dose-efficacy profiles” or simply as “complete
disagreement”.

When running each of these stage I and stage II dose-efficacy profile combinations, we present the operating characteristics
for w = 0, 0.1, 0.2, 0.3, 0.5, 0.8, which represent the cases of low to high level of prior confidence in the similarity of efficacy
profiles across stages. Also, for these scenarios we assume an effect size of 0.2515 (i.e., in all stage II dose-efficacy profiles, the
highest probability of efficacy is equal to p0 + 0.25 = 0.4, with p0 = 0.15).
The true dose-efficacy model parameters are presented in Table S3 in the supplementary material, and displayed graphically

in Figure 2.

4.2.1 Results
In Figure 3, we present a Bayesian power comparison for different values w. Under no sharing of efficacy data across stages
(i.e., w = 0), the power ranges between 54% and 82%. We observe that in the stage II dose-efficacy profiles evaluated, under
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FIGURE 2 True dose-efficacy profiles favoring the alternative hypothesisH1 under each dose-toxicity scenarios varying with
the dose of Cisplatin. In each efficacy scenario we have the true stage II efficacy profile (red), and three stage I efficacy scenarios:
i) one that is exactly like the stage II dose-efficacy profile (in red), ii) one in which the optimal dose combination is the same but
the efficacy profile is slightly different (green) and iii) one that is completely different to the stage II dose-efficacy profile (blue).
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complete and partial agreement scenarios, the power increases as we increase the value of w. For example, under complete
and partial agreement we observe power increases up to 0.18 and 0.14, respectively, compared to w = 0. Under complete
disagreement we observe a very interesting phenomena. In Figure 2B, we see that the true probability of efficacy is equal to zero
for all dose combinations (blue line). If we now look at the correspondent 3B, we see that even at high values of w, because
of the low probability of efficacy in the stage I dose-efficacy profile and the inclusion of a non-exchangeability component, the
power neither increases or decreases. In contrast, in Figures 3A, 3C and 3D, we observe a slight power increase. If we look at
Figures 2A, 2C and 2D, we see that some dose combination from the stage I dose-efficacy profile (blue lines) reach probabilities
of efficacy above p0. As a consequence, increasing the value of w causes a slight power increase. However, because of the
non-exchangeability component, this increase is much lower than under partial or complete agreement.
In Figure 4, we present the mean posterior probability of having a probability of efficacy higher than p0 in the scenarios

presented in Figure 2. We observe that as we increase w under complete and partial agreement between stage I and stage II
dose-efficacy profiles (see first two columns in Figure 4), these probabilities increase, as compared to tow = 0, in regions where
the most efficacious dose combination is located, while decrease in regions where the most efficacious dose combination is not
located. These increments vary depending on the value of w and reach up to 0.12. In contrast, under complete disagreement
scenarios (see third column in Figure 4), these probabilities slightly increase, as compared to w = 0, in regions where the most
efficacious dose combination is not located. Not surprisingly, a trend of slight decrease was observed in regions where the most
efficacious dose combination is located. One important observation is that for low values of w these variations are practically
negligible regardless the level of the disagreement. On the other hand, in case of a very strong disagreement such as in Figure 2C,
using a very high value of w may lead to the wrong dose combination recommendation, despite the robustification component.
We can clearly see this in Figure 4C3), where the dose combination with highest efficacy is located at low values of cisplatin.
Up to w = 0.5, the design correctly recommends a low dose of cisplatin. However, with w = 0.8, the design would recommend
the highest cisplatin dose in the cisplatin-cabazitaxel combination. The same justification applies to Figure 4D3). However, in
scenarios where the disagreement between stage I and stage II efficacy profiles is not so extreme (i.e., Figures 2A and 2B), we see
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FIGURE 3 Bayesian Power differences between using values of w > 0 (i.e., allow sharing of efficacy data across stages) and
usingw = 0 (i.e., complete disconnection across stages) in scenarios underH1 with complete agreement, partial agreement and
complete disagreement between stage I and stage II dose-efficacy profiles.
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that the design recommends the right cisplatin dose in the cisplatin-cabazitaxel combination even with w = 0.8. These results
are intended to show how the value of w, chosen by the subject-matter expert, may affect the trial operating characteristics.
In Figure 5 we present the proportion of patients allocated in dose combinations with true probability of efficacy above p0.

We observe that under complete or partial agreement scenarios, this proportion of patients tends to increase as we increase w.
In fact, with w = 0.8, these increments can go up to 10% as compared to w = 0. We can see the exception in Figure 5D where
this proportion does not vary much. The reason is that, in this scenario, all dose combinations are above p0 and therefore the
proportion obtained at w = 0 cannot increase. Under complete disagreement, we see a slight decrease in the proportion of
patients allocated in dose combinations with true probability of efficacy above p0 as we increase the value ofw. These decrements
are coherent with the disagreement between the stage I and stage II profiles and the increment of w.However, because of the
non-exchangeability component, even with w = 0.8 there is approximately a 1% decrease as compared to w = 0. Another
interesting finding is that the proportion of patients correctly allocated to dose combinations above p0 is also dependent on the
estimation of the MTD curve. For example, in Figure 2D the Cisplatin axis of MTD curve is defined in the interval 12.43 - 25
mg∕m2. Whenever we underestimate the MTD and allocate patients in dose combinations that are outside of the true MTD, the
proportion of patients allocated in dose combinations with true probability of efficacy above p0 would be reduced.
In Figures 6 we present the mean posterior probability of early stopping for efficacy. We see that under complete and partial

agreement between stage I and stage II dose-efficacy profiles, this probability increases as we increase the value ofw. In contrast,
under complete disagreement we observe that this probability barely changes, despite the value of w.
In Figure S1 in the supplementary material, we present the mean posterior probability of early stopping for futility. Under

complete agreement and partial agreement scenarios, this probability decreases considerably (up to approximately 0.15) depend-
ing on the value ofw > 0. The level of the probability reduction would depend on the stage I dose-efficacy profile. For instance,
in Figure 2A, we see that under partial agreement (green line), the stage I dose-efficacy profile does not have any dose com-
bination above p0. This leads to a smaller reduction of the probability of early stopping for futility compared to the complete
agreement scenario in Figure 2A. Under complete disagreement between stage I and II dose-efficacy profiles, there is also a
reduction probability of early stopping for futility. This is a sensible result since in Figure 2, the stage I dose efficacy profiles
under complete disagreement (blue lines) have dose combinations with probability of efficacy above p0. However, because of
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the non-exchangeability component of the design, there is less sharing of efficacy data across stages and therefore probability
of early stopping for futility does not decease as much, even with high values of w.
In Figures S2 and S3 in the supplementary material, we present the bias and mean squared error (MSE) of the model parame-

ters �12 and �22. We observe that allowing for information sharing across stages (i.e., increasing the value ofw, but limit it below
1) generally reduces both the bias and the MSE. It is interesting to point out that with relatively low values of w, we already
achieve a notable bias and MSE reduction.

4.3 Scenarios favoring the null hypothesis
We use the same two dose-toxicity scenarios investigated in section 4.2. The true dose-toxicity model parameters are presented
in Table S4 in the supplementary material, and displayed in Figure 1. We also assume that stage II has the same dose-toxicity
profile as stage I (i.e., the dose-toxicity profile is constant across stages).
Following section 4.2, for each of the two dose-toxicity profiles, we propose two different stage II dose-efficacy profiles that

place the dose combination with highest efficacy in different locations. Then, to evaluate the benefit of robust sharing of efficacy
data across stages, for each stage II dose-efficacy profile, we propose three different stage I dose-efficacy profiles that will either
completely agree, partially agree or completely disagree with their respective stage II dose-efficacy profile. For this evaluation,
all stage II dose-efficacy profiles will have highest probability of efficacy lower or equal to p0 = 0.15. Stage I dose-efficacy
profiles may not follow this restriction, which serves also to study the design operating characteristics under more unfavorable
conditions. Mind that under the null hypothesis, we are mainly interested in the type-I error, the mean posterior probability of
having a probability of efficacy higher than p0 and the probability of early stopping for futility. Thus, the remaining outputs
listed in section 4.1 are not presented for scenarios under the null hypothesis.

4.3.1 Results
In Figure 8, we present a type-I error comparison for different values ofw. It is important to point out that withw = 0, the type-I
error estimates are coherent with the results available in the literature for this type of designs15,18. Under complete agreement
scenarios (red lines), we see a general increase of the type-I error. This increase is justified by the fact that, in stage II, some
dose combinations have a probability of efficacy very close to p0. By borrowing efficacy data from an identical dose-efficacy
profile, we would be inducing a slight type-I error inflation. Under partial agreement scenarios (green lines), if the stage I dose-
efficacy has dose combination with probabilities of efficacy lower than the stage II dose-efficacy profile, the type-I error would
increase much less than under complete agreement (see Figures 8A and 8C). In contrast, if the stage I dose-efficacy has dose
combination with probabilities of efficacy higher than the stage II dose-efficacy profile, the type-I error would increase more
than under complete agreement (see Figure 8B). Under complete disagreement scenarios (blue lines), the amount of type-I error
inflation would depend strictly on the probability of efficacy levels at stage I and the value of w. For high values of w, we
can have scenarios where type-I error barely increases (see Figure 8B) or scenarios where the type-I error can reach the levels
observed under complete or partial agreement. For low values of w in contrast, the type-I error is in general not very different
from the one with w = 0.
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FIGURE 4 Posterior probability of having a probability of efficacy above the threshold p0 within the MTD curve obtained from
stage I. The value w = 0 (red line) represent no sharing of efficacy data across stages and values of w > 0 represent sharing of
efficacy data across stages in scenarios underH1 with either complete agreement, partial agreement or complete disagreement
between stage I and stage II dose-efficacy profiles.
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FIGURE 5 Proportion of patients allocated to dose combinations above or equal to p0 during the adaptive randomization part
between using values of w > 0 (i.e., allow sharing of efficacy data across stages) and using w = 0 (i.e., complete disconnection
across stages) in scenarios under H1 with complete agreement, partial agreement and complete disagreement between stage I
and stage II dose-efficacy profiles.
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FIGURE 6 Posterior probability of early efficacy stopping in scenarios underH1.
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FIGURE 7 True dose-efficacy profiles favoring the null hypothesisH0 under each dose-toxicity profile from the Cisplatin axis
point of view. We present the true stage II dose-efficacy profile (red), and three stage I efficacy profiles: i) one that is exactly
like the stage II dose-efficacy profile (in red), ii) one in which the optimal dose combination is the same but the efficacy profile
is slightly different (green) and iii) one that is completely different to the stage II dose-efficacy profile (blue). In these stage II
dose-efficacy profiles, the highest probability of efficacy is always less or equal to p0 = 0.15.
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FIGURE 8 Bayesian type-I error differences between using values of w > 0 (i.e., allow sharing of efficacy data across stages)
and usingw = 0 (i.e., complete disconnection across stages) in scenarios underH0 with complete agreement, partial agreement
and complete disagreement between stage I and stage II dose-efficacy profiles.
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In Figure 9 we present the mean posterior probability of early stopping for futility. Under complete or partial agreement
between stage I and stage II dose-efficacy profiles (red and green lines, respectively), we see an overall decrease of posterior
probability of early stopping for futility as we increase the value of w. We observe an interesting result in Figures 9A and 9C
where, under partial agreement, having a stage I dose-efficacy profile with probability of efficacy levels lower than the stage II
results in a probability of early stopping for futility slightly higher than under complete agreement. Under complete disagreement
between stage I and stage II dose-efficacy profiles (blue lines), the reduction in the posterior probability of early stopping for
futility would depend strictly on the probability of efficacy levels at stage I and the value ofw. For high values ofw, we can have
scenarios where posterior probability of early stopping for futility levels (see Figure 9B) do not decrease so much, or scenarios
where the posterior probability of early stopping for futility can reach the levels observed under complete or partial agreement.
For low values of w in contrast, the posterior probability of early stopping for futility is in general not very different from the
one with w = 0.

FIGURE 9 Posterior probability of early futility stopping in scenarios underH0.
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In Figure S4 in the supplementarymaterial, we present themean posterior probability of having a probability of efficacy higher
than p0 in the scenarios presented in Figure 7. Under complete agreement between stage I and stage II dose-efficacy profiles,
we observe a slight probability increase as we increase the value w in the region where the most efficacious dose combination
is located. For low to medium w values this increase is very low. Under partial agreement between stage I and stage II dose-
efficacy profiles, if stage I has probability of efficacy levels lower than those from stage II, we observe very low increase in
the posterior probability of having a probability of efficacy higher than p0, even at high values of w. In contrast, if stage I has
probability of efficacy levels higher than those from stage II, we observe slightly higher increase in the posterior probability
of having a probability of efficacy higher than p0, specially at high values of w. Under complete disagreement between stage I
and stage II dose-efficacy profiles, the most efficacious dose combination in stages I is located in a different region of the MTD
with respect to the most efficacious dose combination in stages II, as presented in Figure 7. Moreover, the highest probability
of efficacy is stage I is way higher than p0 which corresponds to the upper probability of efficacy limit in stage II. In general,
we observe that as we increase the value of w there is generally an increase of the posterior probability of having a probability
of efficacy higher than p0 in the regions that correspond to most efficacious dose combination from stage I. Interestingly, these
increments are minimal in the region where the most efficacious dose combination from stage II is located. The explanation for
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this results can be observed in Figure 7, where we show how the probability of efficacy in stages I and II is very similar in the
in the region where the most efficacious dose combination from stage II is located.

5 DISCUSSIONS

In this paper, we present a two-stage Bayesian adaptive design for phase I-II cancer clinical trials that allows robust sharing of
efficacy data across stages. In two-stage designs, stage II has been traditionally analyzed independently from stage I, at least so
when analysing the efficacy data. One justification for this disconnection has been that stage I and stage II populations were not
exactly the same, which could lead to potentially different dose-efficacy profiles. The main contribution of this article lies in
the formal consideration about the uncertainty around the potentially different dose-efficacy profiles across stages. Motivated
by an application to a phase I-II trial of the combination of cisplatin and cabazitaxel in patients with advanced prostate cancer,
we propose to employ a robust Bayesian hierarchical model that allows each stage-specific main effects set of parameters to
be exchangeable or nonexchangeable with the set of parameters from the other stage so that efficacy information can be shared
across stages. In other words, the key idea is to exploit any potential similarities between the dose-efficacy profiles so as to
borrow information, while avoiding too optimistic borrowing under the presence of inconsistency across stages. This proposal
requires specification of the prior probability that the main effects set of parameters are exchangeable across stages. We denote
this probability as w and in practice is selected by subject-matter experts. When w = 0, the design estimates the stage II dose-
efficacy profile independently from stage I15. In this article, we focus on analyzing the operating characteristics of stage II, and
we study how they vary (with respect to w = 0) as we increase the prior probability of exchangeability under different stage I
dose-efficacy profiles. For a detailed evaluation of the stage I operating characteristics see Tighiouart (2019)15 and Jiménez et
al. (2020)18.
We have limited the simulations to the two main dose-toxicity scenarios considered by the principal investigator of the

cisplatin-cabazitaxel trial. In each of these dose-toxicity profiles, we have studied two different stage II dose-efficacy profiles,
each one with three different stage I dose-efficacy profiles with different levels of similarity with respect to the stage II dose-
efficacy profile. In this article, because we allow the main effects set of parameters to be exchangeable across stages, similarity or
agreement across stages is based only on these two parameters. However, depending on the application and the definition of the
dose-efficacy profile, this work could be extended to include other parameters in the set of parameters that could be exchangeable
across stages.
The evaluations we present in this article aim to assess the operating characteristics under complete agreement, partial agree-

ment and complete disagreement between stage I and stage II dose-efficacy profiles. In other words, we aim to evaluate how
much we can benefit from sharing efficacy data across stages when the data is completely or partially consistent based on the
main effects set of parameters, but also to what extend we penalize the design’s operating characteristics when the efficacy data
is inconsistent across stages.
In scenarios favoring the alternative hypothesis as defined in equation (8) and presented in Figure 2, we observe a generalized

improvement of the operating characteristics under complete or partial agreement between stage I and stage II dose-efficacy
profiles with respect to not allowing for any sharing of efficacy data across stages (i.e.,w = 0). The level of improvement however
would depend on how efficacious the doses from theMTDwould be in the stage I population and of course on the value ofw that
we select. Nevertheless, even when the stage I dose-efficacy profile does not have probability of efficacy levels above p0, sharing
this efficacy data across stages would still improve the design operating characteristics. Under a complete disagreement between
stage I and II dose-efficacy profiles, if the probability of efficacy levels in stage I are low, even at high values ofw, the operating
characteristics would not vary much with respect to w = 0, and the right dose combination would still be recommended. When
stage I and II dose-efficacy profiles completely disagree but the probability of efficacy levels in stage I are high, ifw has medium
to low values (e.g., w ≤ 0.5), the final dose recommendation would not change with respect to w = 0. However, the selection
of a high value of w could potentially lead to the recommendation of the wrong dose combination as we would be introducing
an incorrect high degree of confidence about the similarity of the efficacy profiles across stages. We believe our conclusions are
robust given the variety of stage I and stage II dose efficacy profiles we have evaluated under the alternative hypothesis.
In scenarios under the null hypothesis as defined in equation (8) and presented in Figure 7, we obtained results that are

consistent with those under the alternative hypothesis andwith the characteristics of the stage I and stage II dose-efficacy profiles.
Generally speaking, we observe a slight type-I error inflation, a slight reduction of the probability of early stopping for futility,
and a slight increase in the probability of having a probability of efficacy higher than p0 as we increase the value ofw. The degree
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of these increments or reductions would depend would depend on the value of w and the stage I probability of efficacy levels.
For low values ofw, regardless the stage I probability of efficacy levels, there are not any major differences with respectw = 0.
However, for medium to high values of w we face the same situation as in the evaluations under the alternative hypothesis. If
stage I and II dose-efficacy profile completely disagree but the probability of efficacy levels in stage I are low, the operating
characteristics would not vary a lot with respect to w = 0. On the other hand, stage I and II dose-efficacy profile completely
disagree but the probability of efficacy levels in stage I are high, and despite the robustification component, we would see non-
optimal stage II operating characteristics. We believe our conclusions are robust given the variety of stage I and stage II dose
efficacy profiles we have evaluated under the null hypothesis.
Overall, we believe that allowing for sharing of efficacy data across stages could increase the probability of finding an appro-

priate dose combination for further phase III studies. However, this approach requires prior knowledge on the drug combination
as there is not a unique design configuration that will fit all applications. For example, in our proposal we allow the main effects
set of parameters to be exchangeable or nonexchangeable across stages, and thus our definition of similarity or agreement across
stages is based solely on the main effects parameters. Moreover, we have seen that two dose-efficacy profiles that are similar
in terms of the two main effects set of parameters can have completely different intercepts, and can potentially induce either a
power loss or a type-I error inflation. Therefore, a clear understanding of what is considered similar is key to decide howwe want
to synthesise the efficacy data across stages. A potential solution to this problem could be to include the intercept in the set of
parameters that are either exchangeable or non-exchangeable across stages, although it would depend on the specific application
and scenarios under consideration.
One potential application of the methodology presented in this manuscript, that we plan to explore in the future, is to combine

toxicity data across stages. This could eliminate the assumption that the dose-toxicity profiles are equivalent across stages and
we could allow the MTD to be updated also during stage II.

Data availability
The R scripts needed to reproduce the results presented in this article are fully available at
https://github.com/jjimenezm1989/Bayesian-phase-I-II-design-combining-efficacy-data

Disclaimer
The views and opinions expressed in this article are those of the author (J.J.) and do not necessarily reflect the official policy or
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