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Abstract
Phase I clinical trials are the first step in drug development to test a new drug or drug combination
on humans. Typical designs of Phase I trials use toxicity as the primary endpoint and aim to find
the maximum tolerable dosage. However, these designs are poorly applicable for the development
of cancer therapeutic vaccines because the expected safety concerns for these vaccines are not as
much as cytotoxic agents. The primary objectives of a cancer therapeutic vaccine phase I trial thus
often include determining whether the vaccine shows biologic activity and the minimum dose
necessary to achieve a full immune or even clinical response. In this paper, we propose a new
Bayesian phase I trial design that allows simultaneous evaluation of safety and immunogenicity
outcomes. We demonstrate the proposed clinical trial design by both a numeric study and a
therapeutic human papillomavirus vaccine trial.
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INTRODUCTION
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Cancer vaccines are vaccines that stimulate or restore the immune system’s ability to prevent
development of a cancer in healthy people or treat existing cancer. Vaccines that treat
existing precancer or cancer are known as cancer therapeutic vaccines. Cancer cells produce
mutant or abnormally expressed proteins, many of which are important for their functions,
survival, and growth. These tumor associated antigens (TAAs) are potentially suitable targets
for cancer therapeutic vaccines. These TAA may be combined with nonspecific immunostimulants, termed adjuvants, for immunization. There is consensus that cancer therapeutic
vaccines are likely to produce clinical benefit.1–3 In fact, the FDA already approved the first
cancer therapeutic vaccine, ie, sipuleucel-T, for use in patients with metastatic prostate
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cancer in April 2010.4 Through a pilot project, the National Cancer Institute identified 75
cancer vaccine target antigens, 20 of which have shown hints of clinical efficacy in human
clinical trials.5
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Phase I clinical trials for a new cancer therapeutic vaccine are normally conducted as the
first step in humans. At the phase I stage, safety of the vaccine is evaluated and a safe dosage
range is determined. However, typical phase I clinical trial designs for cytotoxic drugs are
generally inapplicable for the development of cancer therapeutic vaccines.6,7 This is because
cytotoxic drug phase I clinical trial designs assume that, as the dose increases, both the
toxicity and efficacy increase monotonically. Consequently, these designs use toxicity as the
primary endpoint. By gradually increasing the dose of the study drug or drugs, they aim to
find the maximum tolerable dosage (MTD) based on the occurrence of dose-limiting
toxicities (DLTs). DLTs are drug side effects that are serious enough to prevent a dose
increase of the drug. For example, the standard 3+3 design treats patients in cohorts of three
based on rules. If none of the three patients experience a DLT, then another cohort of three
patients will be treated at the next higher dose level. On the other hand, if there is one patient
with a DLT observed, an additional three patients will be treated at the same dose level.
When there are two or more patients who experience DLT among a cohort of three or six
patients, the dose escalation stops and the next lower dose level is determined as MTD.
Similar algorithms include the accelerated titration design, the rolling six design, and the “A
+B” design.8–10
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Alternatively, algorithms may make model assumptions about the dose-toxicity curve and
rely on the estimated dose-toxicity relationship for determining dose level for the current
patient cohort. For example, the continual reassessment method (CRM)11 adopts the
Bayesian method to estimate the probability of having DLT at different dose levels after
each cohort of patients are treated. The next cohort of patients are subsequently treated at an
estimated dose level that corresponds to the targeted DLT risk. The trial is stopped when a
desirable precision of the estimation is achieved or a prespecified stopping condition is met.
Similar model-based algorithms include CRM with its various modifications, modified
toxicity probability interval design,12 escalation with overdose control design,13 etc. See the
work of Le Tourneau et al14 for a thorough review of these dose escalation algorithms.
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Cancer vaccines, however, are generally much safer than cytotoxic agents in terms of their
adverse event occurrence risk and the severity of such adverse events. As a result, the dosetoxicity curve of cancer vaccines may be so flat that the highest dose that one can administer
is still not the MTD but a manufacturing limit. Additionally, the efficacy, which is often
measured by immune response, may not always increase as the dose increases.15,16 Thus,
the selection of vaccine dose levels for future studies should not depend entirely on the
evaluation of the vaccine safety profile or the MTD. Instead, the primary objectives of a
vaccine phase I trial should include determining whether the vaccine shows clinical efficacy
or immunogenicity.17–23 The FDA guidance for industry on cancer therapeutic vaccines24
also specifically suggests that alternative designs other than the standard 3+3 design be
considered and the optimization of outcomes such as immune responses be taken into
account. This point has been reflected in the recent early phase (cancer) vaccine clinical trial
design literature. For example, randomized phase I study designs have been proposed for
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optimizing the dose level or the schedule of therapeutic cancer vaccines.25–27 In a
nonrandomized setting, Zohar et al proposed a Bayesian “up-and-down” phase I design for a
cancer vaccine that makes dose level escalation decisions after each patient.28
There are numerous descriptions in the literature of dose escalation algorithms that
simultaneously take into account safety and efficacy. Common approaches include
introducing univariate “composite” endpoints (eg, a success defined as achieving immune
response with no toxicity) to simplify the decision making process,29,30 explicitly
characterizing the efficacy and toxicity trade-off by a family of contours,31,32 or applying a
target function33 or utility function34–38 as a one-dimensional numerical summary of the
bivariate outcome for decision making. Yuan et al39 provided a thorough discussion on this
approach.

Author Manuscript

We argue that these algorithms need further modifications to be fully suitable for cancer
therapeutic vaccines. This is mostly because the objective when designing cancer vaccine
trials is to find an optimal dose level in respect to the immune (or clinical) response while
ensuring the safety of the participants.24 On the contrary, most algorithms in the trade-off
design arena aim to find dose levels that correspond to a target toxicity rate, which may be
adjusted for efficacy, as fast as possible. As a consequence, it is desirable for these
algorithms to treat as few as possible patients at lower dose levels. This more is better
strategy, however, is not necessarily advantageous for cancer therapeutic vaccines since
higher dose levels do not imply better immune response outcomes.
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Human papillomaviruses (HPV) infection is the primary etiologic agent of cervical cancer.
The importance of cell-mediated immune responses in controlling both HPV infections and
HPV-associated neoplasms has long been realized.40 The recent development of several
therapeutic HPV vaccine candidates has considerably promised to improve control of HPVassociated precursor lesions and invasive cervical cancer. Motivated by the burgeoning
development of such promising candidate therapeutic HPV vaccines, we propose a new
Bayesian phase I clinical study design specifically for cancer therapeutic vaccines. The
proposal uses lower dose levels as the reference for determining if the current dose level is
optimal in terms of immune response. It also ensures subject safety by capping the toxicity
rate with a given upper bound. These two criteria are simultaneously evaluated using an
intuitive decision region that avoids complicated safety and immunogenicity trade-off
elicitation from physicians. We propose several probability models that can fit in the
proposed Bayesian design and evaluate their performances under multiple scenarios via a
simulation study.
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The paper is organized as follows. In Section 2, we introduce the overall study design
scheme, its dose escalation algorithm, and options for the probability models. Numerical
studies are conducted in Section 3 to evaluate the performance of the proposed study design
in different scenarios. As an example, a cervical cancer therapeutic vaccine phase I trial
design is described in Section 4. Finally, Section 5 is devoted to discussions.

Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Author Manuscript

2
2.1

Page 4

METHOD
Notation
For subject s, let Ds = l (l = 1, …, L) denote the received dose level, Ts = 1 if any DLT event
is observed from the subject and 0 otherwise, Rs = 1 if immune response is achieved for the
subject and 0 otherwise.
(l)
(l)
(l)
Let θ(l)
i j = P(T = i, R = j | D = l) for i, j = 0, 1, θ = θi j : i, j = 0, 1 and Θ = {θ ∶ l = 1, …,
(l)
L}. Furthermore, for dose level l, let p(l) = P(T = 1 | D = l) = θ(l)
10 + θ11 be the DLT risk,

(l)
(l)
(l) (l) (l) (l)
q(l) = P(R = 1 | D = l) = θ(l)
01 + θ11 be the immune response probability, and r = θ00θ11 /θ01θ10

be the odds ratio. Let n(l)
i j be the observed number of subjects with T = i and R = j at dose
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level l, n(l) = {n(l)
i j : i, j = 0, 1} and H denote all the data observed by the time the current
analysis is conducted.
Let L(Θ|H) denote the likelihood derived from some sampling distribution F(H|Θ). Different
model specifications of F will be discussed in later sections. Let π(Θ) denote the prior
distribution of Θ. Then, the posterior distribution of Θ at the current analysis is
π(Θ|H) ∝ L(Θ|H)π(Θ) .

(1)

By taking proper integration, the marginal posterior distributions π(θ(l)|H) and π(p(l), q(l)|H)
can be readily derived for all l from (1).
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2.2

Dose escalation algorithm
The dose escalation algorithm is based on both the toxicity and efficacy risks of the current
dose level. There are several considerations that are clinically necessary for developing the
algorithm. First, we assume that there is a nondecreasing relationship that exists between
toxicity and dosage, ie, the toxicity risk does not decrease as dose level increases. Second,
the immune response rate may reach a plateau or even start to decline as the dose level
increases.
With these considerations in mind, we propose a dose escalation algorithm that is based on
the joint toxicity and efficacy risks via a decision region approach. The details are described
in this section.
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2.2.1 Decision regions—Let pA denote the lower boundary of DLT risk below that the
dose is considered absolutely safe and pT denote the upper boundary of DLT risk above that
the dose is considered toxic. The choice of (pA, pT) should be prespecified and reflect the

clinical safety concerns of the vaccine under investigation. Let q (l − 1) = E q(l − 1) | H denote
the expected posterior immune response probability of dose level l − 1 with q (l − 1) = 0 for l
= 1.
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At each interim analysis, given our best understanding about the safety and efficacy risks of
the current dose level l based on π(p(l), q(l)|H), we propose to first conceptually categorize
dose level l into the following four categories to take the corresponding dose escalation
actions to stop the trial or to continue the trial with higher or the same dose level.
•

Too Toxic (TT): DLT risk p(l) exceeds boundary pT(ie, p(l) > pT) and the current
dose level is (and all higher dose levels are) considered too toxic.

•

No More Effective (NME) than dose level l − 1 : DLT risk pl is below boundary
pT(ie, p(l) ≤ pT); thus, not too toxic. On the other hand, immune response
probability q(l) is below q (l − 1). That is, the current dose level is no more
effective than dose level l − 1.

•

Safe and Effective (SE): DLT risk p(l) is below boundary pA and the immune
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response probability q(l) exceeds q (l − 1) (ie, p(l) ≤ p A, q(l) > q (l − 1)). The current
dose level has no safety concern and is more effective than its lower dose levels;
it is therefore considered safe and effective.
•

Uncertain (UN): DLT risk p(l) is below boundary pT but exceeds boundary pA
(ie, pA < p(l) ≤ pT). The immune response probability q(l) exceeds boundary

q (l − 1). The dose is considered more effective than its lower dose levels and not

too toxic. However, uncertainty about safety still exists. The status of the current
dose level is thus uncertain.
As a straightforward illustration of the four categories, we split the joint parameter space of
(p(l), q(l)), [0, 1]2, into four regions that correspond to the four categories (Figure 1), termed
as decision regions.
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2.2.2 Decision region determination—The actual determination of the category, or
equivalently the decision region, of the current dose level is based on the probability
distribution π(p(l), q(l)|H). Specifically, we propose a sequential identification approach
based on conditional probabilities derived from π(p(l), q(l)|H).
Let 𝒞1, 𝒞2, and 𝒞3 be fixed cut-off values in (0, 1). The steps are as follows.
•

Step 1: If Pr p(l) > pT | H > 𝒞1, then the current dose level is considered to be in
Region TT, ie, too toxic. Go to Step 5.

•

Step 2: If Pr q(l) ≤ q (l − 1) | p(l) ≤ pT , H > 𝒞2, then the current dose level is
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considered to be in Region NME, ie, nomore effective than its lower dose levels.
Go to Step 5.
•

Step 3: If Pr p(l) ≤ p A | p(l) ≤ pT , q(l) > q (l − 1), H > 𝒞3, then the current dose
level is considered to be in Region SE, ie, safe and effective. Go to Step 5.

•

Step 4: The current dose level is considered to be in Region UN, ie, uncertain.

•

Step 5: Category determination finishes.
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The values of 𝒞1, 𝒞2, and 𝒞3 should be chosen prior to study initiation and reflect the
considerations of the investigators and patients. These thresholds’ values should also give
reasonable overall study operating characteristics.
2.2.3 Actions—Now that the current dose level l has been identified as belonging to one
of the four regions, the following actions can be taken.
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2.3

•

Region TT: The current dose level is considered as too toxic. The trial should be
stopped and the next lower dose level should be reported as the recommended
dose.

•

Region NME: The current dose level is no more effective than its lower dose
level. Its next lower dose level is considered to be safe and have already achieved
the maximum immune response probability. The trial should stop and report the
next lower dose level as the recommended dose.

•

Region SE: The current dose level is considered to be both safe and more
effective than its lower dose levels. The trial will escalate to dose level l + 1. If
dose level l is already the highest dose level, the trial will stop and report dose
level l as the recommended dose.

•

Region UN: There exists concern about the safety of the current dose level l. The
trial should continue to treat more patients at dose level l unless the maximum
number of patients has been reached for the current dose level. If the maximum
number of patients have been treated at this dose level, depending on the choice
of (pA, pT) and the clinical considerations of the investigational vaccine, one may
choose to continue the trial with dose escalation because there is no evidence that
the current dose is too toxic.

Probability models
In this section, we propose several options for the probability models F that can be
considered for Bayesian inference. We note that the proposed dose escalation algorithm is
flexible in regard to F. In fact, the dose-toxicity model in Section 2.3.2 is based on the
typical dose-toxicity single-parameter power model for phase I studies. We do emphasize,
though, that a desirable F should be nondecreasing with respect to the dose-toxicity
relationship and avoid monotonic assumptions for the dose-immune response curve.
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2.3.1 Nonparametric model—As one of the simplest models, we posit no assumptions
on the dose-toxicity or dose-immune response relationships. That is, θ(l) ⫫ θ(l′) for all l ≠ l′a
priori. Furthermore, at each dose level, we assume that the observed data n(l) follow a
multinomial distribution with parameters θ(l) and assign Jeffreys’ prior (ie, Dirichlet prior
1
with parameters 2 ) to θ(l).

The likelihood function is given by
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L θ(l); n(l) ∝

1

1

∏ ∏

i=0j=0

n(l)
ij
θ(l)
ij

and the posterior distribution of θ(l) is still Dirichlet
1 (l) 1 (l) 1 (l) 1
(l) (l) (l)
(l)
π θ(l)
00, θ01, θ10, θ11 | H = Dirichlet n00 + 2 , n01 + 2 , n10 + 2 , n11 + 2 .

(2)

We refer to (2) as the nonparametric model.
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We may further simplify the model by assuming that the odds ratio r(l) = 1, ie, DLT risk is
independent of immune response probability a priori. The likelihood can be computed as
(l)
(l)
(l)
(l)
(l)
(l)
n(l) + n(l)
11 1 − p(l) n00 + n01 q(l) n01 + n11 1 − q(l) n00 + n10 .
L p(l), q(l); n(l) ∝ p(l) 10

By assigning a Jeffreys’ prior Beta( 12 , 12 ) to p(l) and q(l), the posterior distribution will be
1 (l)
1
(l)
(l)
π p(l), q(l) H = Beta p(l); n(l)
10 + n11 + 2 , n00 + n01 + 2 Beta
1 (l)
1
(l)
(l)
q(l); n(l)
01 + n11 + 2 , n00 + n10 + 2 .

(3)
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We refer to (3) as the nonparametric+ model.
Admittedly, both models (2) and (3) are likely misspecified in the sense that they ignore the
correlations among Θ across dose levels. However, they may still be suitable for phase I
studies with vaccines since the primary objective is not to understand the dose-toxicity and
dose-efficacy relationships. Moreover, data from phase I studies are often limited, which
necessitates parsimonious statistical models. In the simulation studies, we examine the
robustness of these models in detail.
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2.3.2 Partially parametric model—Compared to nonparametric models, a parametric
specification of F may allow the incorporation of dose-toxicity, dose-efficacy, and toxicityefficacy relationships in dose escalation. The parametric specification also allows
information sharing among different dose levels and, thus, is potentially more efficient. In
the context of evaluating cancer vaccines, however, it is difficult to posit assumptions on the
dose-efficacy relationship since the immune response rate may even decrease as the dose
level increases. On the other hand, it remains reasonable to assume that the dose-toxicity
curve is nondecreasing. Therefore, we propose a partially parametric model that only makes
assumptions about dose-toxicities but leaves the dose-immune response relationship
unspecified.
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Specifically, we construct the dose-toxicity model similar to the one considered by Yin and
Yuan41
log p(l) = eα log τ(l) .

(4)

The τ(l)s are deterministic design parameters reflecting the expectation of the DLT risk at
dose level l with τ(l) > τ(l′) for l > l′. The dose-toxicity model is thus indexed by the single
parameter α. For the immune response and the odds ratio, we assume q(l) and r(l) at different
dose levels are independent a priori.
The priors are specified as follows:
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α N 0, σ 2α
1 1
q(l) Beta ,
2 2
log r(l) N 0, σ 2r .

Let β(l)-= {α, q(l), r(l)} or equivalently β(l) = {p(l), q(l), r(l)}. Given β(l), it is reasonable to
(l)
(l)
(l)
guess the prior means of θ(l)
i j by a function gij(β ) that is defined as, for r = 1, gij(β ) =

(p(l))i(1 − p(l))1−i(q(l))j(1 − q(l))1−j, and for r(l) ≠ 1,
(l) =
g11 β

b + b2 − 4 r(l) − 1 p(l)q(l)r(l)
2 1 − r(l)

,
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where b = (p(l) + q(l))(1 − r(l)) − 1, g10(β(l)) = p(l) −g11(β(l)), g01(β(l)) = q(l) −g11(β(l)), and
g00(β(l)) = 1−p(l) −q(l) +g11(β(l)). This induces a mixture of Dirichlet distributions prior42 for
Θ by

π(Θ) ∝

∫

∫

∫

L

1

1

∏ ∏ ∏

l=1 i=1j=0
r(1), …, r(L) q(1), …, q(L) α

gi j βl
θ(l)
π q(l) π r(l) π (α) dαdq(1)…dq(L)dr(1)
ij

…dr(L)
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and the posterior distribution of Θ give H at dose level l is given by
l

π(Θ | H) ∝ π(Θ) ∏

1

1

∏∏

l′ = 1 i = 0 j = 0

θi l′j
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We refer to model (5) as the parametric model. Similar to the nonparametric case, we may
simplify the model by assuming that r(l) = 1. Then, the posterior distribution π(p(l), q(l)|H)
can be obtained by
π p(l), q(l) | H ∝

l

∏

l′ = 1

p l′

l′
n(l′)
+ n11
10

1 − p l′

l′ + n l′
n00
01

π p(l) × Beta

(6)

1 (l)
1
(l)
(l)
q(l); n(l)
01 + n11 + 2 , n00 + n10 + 2 ,

where log p(l′) = log p(l)(log τ(l′) − log τ(l)), and π p(l) = −

π(α)

p(l)log p(l)

is the prior on p(l)

induced by π(α). We refer to (6) as the parametric+ model.
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2.4

Large sample property
Large sample properties in general do not apply in phase I settings when the sample size is
small or medium at most. However, we still consider a theoretical large sample property
proof necessary to better understand the proposed sequential decision region determination
approach. We report these properties in this section.
For compactness, we suppress the superscript (l) in this section unless necessary. Let p* and
q* denote the true DLT risk and immune-response probability for the current dose level.
Denote ω* ∈ {TT, NME, SE, UN} the true region in which (p*, q*) is located in reference
to the decision region definitions given in Section 2.2.1 and ω the region identified following
the steps in Section 2.2.2 given π(p, q H).
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Theorem 1. Under the conditions that region ω* is in the support of the prior distributions
π(p)π(q) and the likelihood is a continuous function of p and q, if (p*, q*) is in the interior
of ω*, then Pr(ω = ω*|H) → 1 as ∑i,jnij → ∞ (ie, ω → ω* almost surely) for all 𝒞1, 𝒞2,
and 𝒞3 in (0, 1).
Corollary 1. If (p*, q*) is in the interior of ω*, the nonparametric and partially-parametric
models specified in Section 2.3 all guarantee ω → ω* almost surely.
The proofs are provided in the Appendix.
2.5

Summary
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Figure 2 summarizes the overall study design. The study will start from the lowest dose level
and treat patients in a cohort of prespecified size. After treating the cohort, when their
toxicity and immune response data are available, a statistical analysis will update the toxicity
and efficacy risks for the current dose level. The analysis is based upon an appropriate
probability model and all the data observed from the study so far. The study will then
determine the region in which the current dose level belongs and takes the actions either to
stop the trial or to treat the next cohort of patients at the current or the next higher dose level.
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SIMULATION STUDY
Settings

Author Manuscript

We consider 15 scenarios in the simulation study (Figure 3) to thoroughly evaluate the
proposed method. Scenarios 1 to 6 are from the work of Thall and Cook31 and represent the
typical toxicity and efficacy risks for cytotoxic drugs. We consider these scenarios to
evaluate how the proposed design works for typical phase I scenarios. Scenarios 7 to 15 are
modified from Scenario 1, where the toxicity risks are low. In order to represent the cases for
cancer therapeutic vaccines, scenarios 7 to 9 consider that the immune response probabilities
have a plateau; 10 to 12 consider when the immune response probabilities are unimodal; and
13 to 15 consider when the immune response probabilities are unimodal but are not
increasing at the beginning dose levels. For all the scenarios, we assume the odds ratio r(l) =
10 for all l. Plots of θ(l) for all the 15 scenarios are included in the Web Supplement
document.
We consider a cohort size of 7 and a maximum of 14 patients for each dose level. There are
several reasons for these cohort size choices. First, since toxicity is not the most serious
concern and most toxicities are not life-threatening for cancer therapeutic vaccines, it is
feasible to consider a larger cohort size than the typical number 3. Second, when measuring
immune responses in practice, samples are placed on assay plates with control calibrators.
The study investigators thus prefer having fewer interim analyses and more samples for each
assay plate to batch the assays to reduce interassay variability and cost. We thus propose to
have one interim analysis at each dose level. Lastly, for decision region determination, we
choose pA = 0.1, pT = 0.3, 𝒞1 = 𝒞2 = 0.8, and 𝒞3 = 0.5.
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Scenarios 7 to 15 represent cases relevant to cancer therapeutic vaccines. We compare the
performance of the proposed design to two alternative designs, ie, the EffTox design31 that is
based on safety and efficacy trade-off contours, and the UAROET design35 that is based on
safety and efficacy utility functions. We chose the two alternative designs for two reasons.
First, the two designs are representative of major phase I designs in the literature that
simultaneously take into account safety and efficacy. Second, software implementing the two
designs is readily available. For the alternative designs, we consider a maximum sample size
of 42 to be comparable to the proposed design. Furthermore, in addition to a cohort size of 7
(6 for UAROET because of its software restriction), we also consider cohorts of 3 subjects,
the default cohort size in the software for the two alternative designs, to allow more frequent
interim analysis. Other details about the software and the settings (eg, trade-off contours and
utility function) for the two alternative designs are presented in the Web Supplement
document.
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3.2

Results
For evaluating the performance of the proposed design, based on 1000 replications, we
report for each dose level the average number of patients treated, the chance for the dose
level to be recommended and, the average number of DLTs and immune responses observed.
We also report the average total number of patients treated and the average total number of
DLTs and responses observed on the study.
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We first compare the four modeling approaches, ie, nonparametric (2), nonparametric+ (3),
parametric (5), and parametric+ (6). For parametric and parametric+ models, we set the
skeleton τ(l)(4) to be the true DLT risk. Figure 4 presents the average total number of
patients treated on the study and the average rate of reporting the correct dose level(s) (ie,
dose level(s) with p(l) < pT and largest q(l)) for all the scenarios. For most of the scenarios,
the four models perform similarly in terms of the total number of patients and the rate of
recommending the correct dose level(s). Thus, we report the detailed performance metrics
for the nonparametric model approach in this section. Complete simulation results of all the
models and scenarios are reported in the Web Supplement document.
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Features of the simulation results for scenarios 1 to 6 are as follows (Table 1). For Scenario
1, the DLT risk is well below pA = 0.1 for all dose levels, and the immune response rate
increases monotonically and significantly. There is 83.7% chance that dose level 5 is
recommended. Scenario 2 is difficult for the proposed design because the increasing trend of
the immune response probabilities is very shallow. As a result, there is a similar chance for
dose levels 1 to 4 to be recommended with dose level 3 being slightly more favorable.
Scenarios 3 and 4 both have monotonically increasing immune response probabilities. The
trend is not as strong as Scenario 1 but stronger than Scenario 2. There is 53% and 62%
chance to recommend dose level 5. Note that, for Scenario 3, dose level 5 has a DLT risk
0.2, which leads to a larger number of DLTs and a higher recommendation rate for dose
level 4, as compared to Scenario 4. Scenarios 5 and 6 both have dose level 5 that is overly
toxic compared to pT = 0.3. We notice that there is less than 10% chance for dose level 5 to
be recommended. Furthermore, the proposed design did not distinguish dose levels 2 and 3,
where dose level 3 has a higher immune response probability but also a DLT risk rate close
to pT. For scenarios 5 and 6, we observe that the nonparametric approach requires fewer
total subjects, on average, compared to the other modeling approaches (Figure 4). The
explanation is that scenarios 5 and 6 have high DLT risk that are close to the threshold
(30%). The different model choices affect the chances that dose level 3 is recognized as too
toxic. With the nonparametric modeling approach, the study is more likely to stop at dose
level 3, which reduces the total number of patients treated on the study.
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For scenarios 7 to 15, the scenarios are in general more suitable for cancer therapeutic
vaccines, Table 2 reports the average rate of recommending the optimal dose and the average
number of patients treated on each dose level. For scenarios 7 to 9, where there is plateau in
immune response probabilities, the proposed design recognizes the dose levels that have
immune response probabilities below the plateau. For dose levels corresponding to the
plateau (ie, optimal), the proposed design does not distinguish them and allows dose
escalation to continue. For instance, the optimal dose levels 4 and 5 are selected with 84.2%
chance in Scenario 9 (19.4% for level 4 and 64.8% for level 5). For scenarios 10 to 12 where
the immune response probabilities are unimodal, there is more than 60% chance that the
proposed design correctly identifies the optimal dose level that corresponds to the mode of
the immune response probabilities. For scenarios 13 to 15, where the immune response
probabilities are also unimodal but the beginning dose levels are equally lacking in efficacy,
the proposed design allows the study to continue until it finds the optimal dose level. The
rate to recommend the optimal dose levels are from 55% to 64%.
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Results with the alternative EffTox and UAROET designs are also reported in Table 2.
Figure 5 compares the proposed design to the alternative designs in their relative frequencies
of recommending the optimal dose. We observe that the average total number of patients in
the proposed design is smaller than in the alternative designs in all scenarios except 14 and
15, in which the average total number of patients in the proposed design is slightly larger
than the alternative designs. With respect to the average proportion recommending the
optimal dose, the proposed design performs almost always better than the alternative
designs, even when the alternative designs use cohort size 3 (ie, conduct more interim
analysis). The only exception is in Scenario 10, where the Efftox design with batch size 7
results in 78% chance of selecting the optimal dose level 2 compared to 65.7% by the
proposed design. The largest benefit is observed in Scenario 9, where the immune response
probability reaches its plateau at dose level 4. The EffTox design with cohort size 7
recommends the optimal dose 12% of the time (9% for level 4 and 3% for level 5),
compared to the proposed design, which recommends the optimal dose 84.2% of the time
(19.4% for level 5 and 64.8% for level 5).
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3.3

Robustness analysis
We consider four additional settings to evaluate the robustness of the proposed design to
cohort size; the odds ratio r(l); misspecification of the skeleton τ(l); and the cut-off thresholds
𝒞1, 𝒞2, and 𝒞3. The complete results are reported in the Web Supplement.
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In the first additional setting, we evaluate the performance of the design when the cohort size
is enlarged to 10 and the maximum size for each dose level is increased to 20. We notice that
there is a rise of about 20 patients in the average total number of patients treated on the
study. In return, the rates of recommending the optimal dose level increase as much as 14%
for scenarios 7 to 15. As for scenarios 1 to 6, the increase in sample size does not seem to
significantly improve the rate of recommending the optimal dose except for Scenario 1,
where the rate for recommending dose level 5 increases from 83.7% to 87.3%.
In the second additional setting, we evaluate the performance of the design when the odds
ratio r = 1. We are not able to find any noticeable difference in the results.
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In the third additional setting, we evaluate the performance of the design when the skeleton
τ(l)s (Equation (4)) are misspecified and optimistically expected to be half of the true DLT
risk. Table 3 reports the simulation results for scenarios 5 and 6 based on the parametric
model. The impact of having τ(l) misspecified when the true DLT risk is close to the
threshold pT is clearly observed: there is an increase of about 13% and 9% chance in
scenarios 5 and 6, respectively, for recommending dose level 5. This suggests that, when
taking the parametric and parametric+ modeling approaches, the choice of τ’s should be
carefully discussed with clinicians, especially when previous knowledge of the toxicity
profile of the vaccine is limited.
In the last additional setting, we evaluate the robustness of the design with respect to the cutoff thresholds. Specifically, we consider settings with 𝒞1 = 0.75, 𝒞2 = 0.8, 𝒞3 = 0.5 ,
𝒞1 = 0.8, 𝒞2 = 0.75, 𝒞3 = 0.5 , and 𝒞1 = 𝒞2 = 0.8, 𝒞3 = 0.55 for evaluating the sensitivity
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of 𝒞1, 𝒞2, and 𝒞3, respectively. For 𝒞1, we notice that the average total number of patients is
reduced to 34.98 from 47.87 in Scenario 5, and to 36.12 from 46.18 in Scenario 6, when
taking the nonparametric+ modeling approach. This implies that the proposed design may be
sensitive to the 𝒞1 when the true DLT risk is close to the upper boundary of DLT risk. For
𝒞2, the rate of recommending the optimal dose is reduced to 44.2% from 55.1% in Scenario

14 and to 36.6% from 59% in Scenario 15, when taking the nonparametric modeling
approach. The explanation is that the proposed design may be sensitive to the 𝒞2 when the
immune response probabilities are not increasing at the initial dose levels. For 𝒞3, no
obvious difference is observed, which implies the design is robust when changing 𝒞3 from
0.5 to 0.55.

Author Manuscript

4

APPLICATION
Human papillomaviruses (HPV) are small, nonenveloped DNA viruses that induce selflimited epithelial lesions of the skin or mucosa. HPV type 16 (HPV16) is the most prevalent
HPV type detected in cervical cancers, which appears in approximately 50% to 60% cases of
cervical cancer. TA-CIN is a single fusion protein comprising HPV16 E6, E7, and L2
proteins linked in tandem. Vaccination with TA-CIN of HPV16-infected advanced cervical
cancer patients is believed to be able to trigger therapeutic immunity targeting the E6, E7,
and L2 of HPV16.43 Thus, the investigators wish to run a phase I dose-finding study of the
TA-CIN vaccine as an adjuvant therapy for patients with a history of HPV16-associated
cervical cancer. In this section, we demonstrate the proposed Bayesian design by applying it
to this clinical study.
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The study will investigate three dose levels of TA-CIN: Level I: 0.25 mL (injection volume)
of 31.25 μg TA-CIN; Level II: 0.5 mL of 62.5 μg TA-CIN, and Level III: 1 mL of 125 μg
TA-CIN. The vaccines will be administered three times via intramuscular needle injection on
day one of weeks 1, 5, and 9. The dose limiting toxicities considered by the study include
death, events that are life threatening or require inpatient hospitalization, and events that
result in persistent or significant disability. When T cells are exposed to their cognate
antigen, they respond by proliferating; therefore, one measure of the presence of antigenspecific T cells is to measure their proliferation in the presence versus absence of their
antigen and the ratio of this response is termed the proliferation index. Thus, the
proliferation index based on blood samples taken before and after the administration of TACIN is measured and used to determine the induction of an immune response on this study.
The cut-off for immune-response based on the proliferation index is prespecified in the
protocol. Both DLT and immune-response are defined based on follow-up measurements by
week 11–13 (the fourth follow-up).
With the same rationale considered for the simulation studies, we restrict the design to have
a single interim analysis for each dose level and choose a cohort size of 10 for better
evaluation of the immune response probabilities. Furthermore, we limit the maximum size
for each dose level to be 15. The expected DLT risk rate is 0.02, 0.06, and 0.08 for the three
levels, respectively. The expected immune response probabilities are 0.05, 0.15, and 0.25 for
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the three levels, respectively. The thresholds of toxicity are (pA, pT) = (0.10, 0.20). The cutoff thresholds are chosen to be 𝒞1 = 𝒞2 = 0.7 and 𝒞3 = 0.5. We consider the nonparametric
model for the design and analysis.
A total of five scenarios, including the expected Scenario 1 and robustness analysis scenarios
2 to 5, are evaluated for study operating characteristics (Figure 6). For each scenario, we
considered cases when r = 10 and r = 100 (ie, toxicity and efficacy are positively correlated).
Based on 1000 replications, the results are reported in Table 4.
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We note that the results are not sensitive to the choices of r as expected from the robustness
analysis (see Section 3.3). Under the expected Scenario 1, there is about 67% chance of
recommending the ideal dose level 3. The average number of patients required for the study
is about 33. An average of 1.8 patients will experience DLT and an average of 4.3 patients
will achieve immune response on the study. In Scenario 2, where the immune response rate
reaches its plateau at dose level 2, there is about 88.6% chance of recommending dose level
2 (38.1%) or 3 (50.5%). In Scenario 3, where the immune response rate reaches its mode at
dose level 2, there is more than 75% chance of recommending dose level 2 as the optimal
dose. In Scenario 4, where immune response probabilities only increase after dose level 2,
there is about 68% chance of identifying dose level 3 as the optimal dose. In Scenario 5,
where dose level 3 is too toxic albeit effective, there is about 16% chance to treat patients on
this dose level and about 73% chance to recommend dose level 2. The average number of
patients required for scenarios 2 to 4 is similar to Scenario 1.
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Figure 7 presents a cohort-by-cohort illustration of dose escalation with the proposed design
for two cases. In both cases, Jeffreys’ prior (see Equation 2), the prior probabilities
corresponding to regions TT, SE, and UN are 80%, 9.5%, and10.5%, respectively. In Case
A, interim analysis I is conducted after the first cohort of seven patients were treated at dose
level 1. Of the seven patients, five had no DLT or immune response, and two had no DLT but
had an immune response. Decision map I presents the results of interim analysis I. The
posterior probabilities corresponding to regions TT, SE, and UN are 16.35%, 57.43%, and
26.22%, respectively. The probability of SE, conditioning on not being too toxic, is 68.65%.
By comparing to the thresholds 𝒞1 = 𝒞2 = 0.7 and 𝒞3 = 0.5, following the proposed
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algorithm, SE is determined to be the region. Consequently, the dose level is escalated for
the next cohort of seven patients. After three cohorts, the dose escalation is finished and dose
level 3 is reported as the recommended dose level. In Case B, at the second interim analysis,
decision map II shows that the probability of NME conditioning on not being too toxic is
6.84%. The probability of SE conditioning on not being too toxic or no more effective than
dose level 1 is 38.83%. Following the proposed algorithm, dose level 2 is determined to be
in region UN, and the next cohort of patients are still treated at dose level 2. At interim
analysis III, however, the region is determined to be SE. Thus, the next cohort of patients
will be treated at the escalated dose level 3.
Based on these study operating characteristics, the proposed design is accepted by the
study’s principle investigators.
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DISCUSSION
Cancer therapeutic vaccines have huge potential for producing promising clinical benefits in
cancer patients. Candidate cancer therapeutic vaccines must be investigated in phase I
clinical studies to determine the dose level considered safe and immunogenic for later phase
efficacy studies. Many of the existing dose-finding designs, however, are not suitable or need
to be modified for such cancer therapeutic vaccine dose-finding studies. The FDA guidance
for the industry on cancer therapeutic vaccines24 urges use of nonstandard study designs of
cancer therapeutic vaccine phase I trials.
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In this paper, we propose a new phase I Bayesian design for cancer therapeutic vaccines.
The proposal simultaneously evaluates safety and immunogenicity in the dose escalation
algorithm. In an adaptive manner, the proposed algorithm sets the benchmark of immune
response based on the observed immune response data. It then uses this benchmark to
determine whether a dose-escalation is warranted. Through a sequential decision approach,
the proposed algorithm evaluates the safety of the vaccine on top of the efficacy evaluation.
The proposed algorithm allows flexibility in specifying the probability models for toxicity
and efficacy. As examples, four different models are suggested in this paper. It should be
noted that the probability models need to take into consideration the restriction that the doseefficacy curve may not be monotonically increasing for cancer therapeutic vaccines. That is,
the models should allow the dose-efficacy curve to be unimodal or to reach a plateau. On the
other hand, it remains reasonable to assume that the dose-toxicity relationship is monotonic;
that is, the DLT risk increases as dosage of the vaccine increases.
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We consider the proposed design to be largely rule based in the sense that subjects do not
receive the dose level considered optimal at the time they enroll. Unlike typical model-based
designs such as CRM, which intend to update model parameters as frequently as possible,
this rule-based design allows evaluation of as many immune samples as possible in a batch
to reduce interassay variability (a frequent issue with complex cell-based immunology
assays). This approach potentially reduces the cost of running the study and limits the
likelihood of exhausting precious clinical specimens during testing. As a result of these
considerations, only one interim analysis at each dose level is considered in the example TACIN phase I study. In general, the choices of cohort size and number of interim analyses
should be carefully evaluated at the design stage with simulation studies accounting for
practical considerations.
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Note that it is straightforward to apply the proposed design to a typical phase I study that
only aims to find the MTD. In the typical setting, we may simplify the decision region by
setting q (l − 1) = 0 to exclude Region NME, where the current dose level is less effective for
immunogenicity than the previous lower dose level.
The proposed design assumes that the immune response criteria are well established. This is
an acceptable assumption because a vaccine is very unlikely to enter a clinical trial without
an understanding of its potential immunologic mechanism, and the regulatory agencies
specifically examine and typically require monitoring of a suitable biomarker of response.

Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Page 16

Author Manuscript
Author Manuscript

For example, in the case of candidate therapeutic HPV vaccines, there is a massive body of
literature supporting the central role of HPV-specific T cell responses in immune clearance
of virally infected cells. In the example study, the investigators, therefore, assess the immune
response in the peripheral blood of patients by measuring the fold increase in antigenspecific T cell number after vaccination. On the other hand, there exist situations when the
correlates of protection (ie, surrogate markers) are unknown a priori or are based on several
markers. As a possible solution, one may consider defining a composite endpoint for the
immunological response and applying the proposed design. Alternatively, it is also plausible
to extend the proposed design by incorporating a joint model for several immunological
markers and make dose escalation decisions accordingly. In cases when the investigators do
not know the appropriate response threshold or cut-off for declaring response based on the
immunologic assay measurements, the proposed design needs to be extended to allow
recalibrating the cut-off threshold. For example, if all, or nearly all patients exhibit a positive
response, the researchers may increase the assay’s cut-off threshold such that only 50% are
above the new threshold. It is also important to consider simulation scenarios at the design
stage to evaluate the impact of changing the response threshold (eg, ±20% of the threshold).
One more possible extension to the proposed design is to allow the probability models to
account for any intercohort batch effect should one exist. We have assumed that the data
already incorporate a standard batch correction. However, it remains unclear how severe the
impact of the batch effect is and whether the batch effect can be well assessed in the context
of phase I studies when the sample size is small.
We are developing web-based software with an interactive and friendly user-interface to aid
clinicians to implement the proposed design.
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APPENDIX
LARGE SAMPLE PROPERTY
Lemma 1. If Pr(Xn ∈ [x0, x1]) → 1 and Pr(Yn ∈ [y0, y1]) → 1 as n → ∞, then Pr((Xn, Yn)
∈ [x0, x1] × [y0, y1]) → 1.

Proof. Obviously, lim {Pr((Xn, Yn) ∈ [x0, x1] × [y0, y1])} ≤ 1.
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Pr X n, Y n ∈ x0, x1 × y0, y1 = Pr X n ∈ x0, x1
X n ∈ x0, x1 ∪ Y n ∈ y0, y1
≥ Pr X n ∈ x0, x1 + Pr Y n ∈ y0, y1 − 1,

+ Pr Y n ∈ y0, y1

− Pr

we can also show that
lim Pr X n, Y n ∈ x0, x1 × y0, y1

≥ lim Pr X n ∈ x0, x1

+ lim Pr Y n ∈ y0, y1

− 1 = 1.

Therefore, it is proved that lim {Pr((Xn, Yn) ∈ [x0, x1] × [y0, y1])} = 1. □
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The proof of Theorem 1 is as follows.

Proof. Since (p*, q*) is in the interior of w*, there exists ϵ > 0 such that [p* − ϵ, p* + ϵ] ×
[q* − ϵ, q* + ϵ] ∈ w*.
Following the convergence theorem of the posterior distribution,45 Pr(p ∈ [p* − ϵ, p* + ϵ]|H)
→ 1 and Pr(q ∈ [q* − ϵ, q* + ϵ]|H) → 1.
Following Lemma 1, we then have
Pr (p, q) ∈ p* − ϵ, p* + ϵ × q* − ϵ, q* + ϵ | H

1.

Since Pr((p, q) ∈ ω*|H) ≥ Pr ((p, q) ∈ [p* − ϵ, p* + ϵ] × [q* − ϵ, q* + ϵ]|H), we also have
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Pr (p, q) ∈ ω* | H

1.

Pr (p, q) ∈ ω′ | H

0,

It is also true that

where ω′ is any union of the sets in {TT, NME, SE, UN} − ω*.
If ω* = TT, then we have
Pr p > pT | H = Pr((p, q) ∈ TT | H)

1.
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Thus,
Pr ω = ω* | H = Pr Pr p > p | H > 𝒞
T
1

If ω* = NME, then we have
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Pr p > pT | H = Pr((p, q) ∈ TT | H) 0
Pr((p, q) ∈ NME | H)
Pr(q ≤ q (l − 1) | p ≤ pT , H) =
1 − Pr((p, q) ∈ TT | H)

1.

Thus,
Pr ω = ω* | H = Pr Pr p > pT | H ≤ 𝒞1 ∩ Pr q ≤ q (l − 1) | p ≤ pT , H > 𝒞2
Pr 0 ≤ 𝒞1 ∩ 1 > 𝒞2 = 1.

If ω* = SE, then we have
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Pr p > pT | H = Pr ((p, q) ∈ TT | H)
0
Pr((p, q) ∈ NME | H)
(l
−
1)
Pr q ≤ q
| p ≤ pT , H =
0
1 − Pr((p, q) ∈ TT | H)
Pr((p,
q)
∈ SE | H)
Pr p ≤ p A|p ≤ pT , q > q (l − 1), H =
Pr((p, q) ∈ SE|H) + Pr((p, q) ∈ UN|H)

1.

Thus,
Pr ω = ω* | H = Pr Pr(p > pT | H) ≤ 𝒞1 ∩ Pr(q ≤ q (l − 1) | p < pT , H) ≤ 𝒞2 ∩
Pr(p ≤ p A|p ≤ pT , q > q (l − 1), H) > 𝒞3
Pr(0 ≤ 𝒞1 ∩ 0 ≤ 𝒞2 ∩ 1 > 𝒞3) = 1.
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If ω* = UN, then we have
Pr p > pT | H = Pr((p, q) ∈ TT | H) 0
Pr((p, q) ∈ NME | H)
Pr q ≤ q (l − 1) | p ≤ p , H =
0
T
1 − Pr((p, q) ∈ TT | H)
Pr((p,
q)
∈ SE | H)
Pr p ≤ p A|p ≤ pT , q > q (l − 1), H =
Pr((p, q) ∈ SE|H) + Pr((p, q) ∈ UN|H)

0.

□
Thus,
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Pr(ω = ω* | H) = Pr{Pr(p > pT | H) ≤ 𝒞1 ∩ Pr(q ≤ q (l − 1) | p < pT , H) ≤ 𝒞2 ∩
Pr(p ≤ p A|p ≤ pT , q > q (l − 1), H) ≤ 𝒞3}
Pr(0 ≤ 𝒞1 ∩ 0 ≤ 𝒞2 ∩ 0 ≤ 𝒞3 = 1.

The proof of Corollary 1 is as follows.

Proof. The proof is trivial since, for all the models, the likelihood is a continuous function of
p and q. Moreover, the prior distributions, possibly induced by π(θ), all have support [0, 1] ×
[0, 1]. □
Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Page 19

Author Manuscript

REFERENCES

Author Manuscript
Author Manuscript
Author Manuscript

1. Rosenberg SA, Yang JC, Restifo NP. Cancer immunotherapy: moving beyond current vaccines. Nat
Med. 2004;10(9):909–915. [PubMed: 15340416]
2. Lollini PL, Cavallo F, Nanni P, Forni G. Vaccines for tumour prevention. Nat Rev Cancer. 2006;6(3):
204–216. [PubMed: 16498443]
3. Finn OJ. Cancer immunology. N Engl J Med. 2008;358(25):2704–2715. [PubMed: 18565863]
4. Kantoff PW, Higano CS, Shore ND, et al. Sipuleucel-T immunotherapy for castration-resistant
prostate cancer. N Engl J Med. 2010;363(5):411–422. [PubMed: 20818862]
5. Cheever MA, Allison JP, Ferris AS, et al. The prioritization of cancer antigens: a national cancer
institute pilot project for the acceleration of translational research. Clin Cancer Res. 2009;15(17):
5323–5337. [PubMed: 19723653]
6. Simon RM, Steinberg SM, Hamilton M, et al. Clinical trial designs for the early clinical
development of therapeutic cancer vaccines. J Clin Oncol. 2001;19(6):1848–1854. [PubMed:
11251017]
7. Hoos A, Parmiani G, Hege K, et al. A clinical development paradigm for cancer vaccines and
related biologics. J Immunother. 2007;30(1):1–15. [PubMed: 17198079]
8. Simon R, Rubinstein L, Arbuck SG, Christian MC, Freidlin B, Collins J. Accelerated titration
designs for phase I clinical trials in oncology. J Natl Cancer Inst. 1997;89(15):1138–1147.
[PubMed: 9262252]
9. Skolnik JM, Barrett JS, Jayaraman B, Patel D, Adamson PC. Shortening the timeline of pediatric
phase I trials: the rolling six design. J Clin Oncol. 2008;26(2):190–195. [PubMed: 18182661]
10. Lin Y, Shih WJ. Statistical properties of the traditional algorithm-based designs for phase I cancer
clinical trials. Biostatistics. 2001;2(2):203–215. [PubMed: 12933550]
11. O’Quigley J, Pepe M, Fisher L. Continual reassessment method: a practical design for phase 1
clinical trials in cancer. Biometrics. 1990:33–48. [PubMed: 2350571]
12. Ji Y, Liu P, Li Y, Bekele BN. A modified toxicity probability interval method for dose-finding
trials. Clin Trials. 2010;7(6):653–663. [PubMed: 20935021]
13. Tighiouart M, Rogatko A. Dose finding with escalation with overdose control (EWOC) in cancer
clinical trials. Stat Sci. 2010;25(2):217–226.
14. Le Tourneau C, Lee JJ, Siu LL. Dose escalation methods in phase I cancer clinical trials. J Natl
Cancer Inst. 2009;101(10):708–720. [PubMed: 19436029]
15. Kotloff KL, Wasserman SS, Losonsky GA, et al. Safety and immunogenicity of increasing doses of
aclostridium difficile toxoid vaccine administered to healthy adults. Infect Immun. 2001;69(2):
988–995. [PubMed: 11159994]
16. Depelsenaire AC, Meliga SC, McNeilly CL, et al. Colocalization of cell death with antigen
deposition in skin enhances vaccine immunogenicity. J Investig Dermatol. 2014;134:2361–2370.
[PubMed: 24714201]
17. Catanzaro AT, Koup RA, Roederer M, et al. Phase 1 safety and immunogenicity evaluation of a
multiclade HIV-1 candidate vaccine delivered by a replication-defective recombinant adenovirus
vector. J Infect Dis. 2006;194(12):1638–1649. [PubMed: 17109335]
18. Bresson JL, Perronne C, Launay O, et al. Safety and immunogenicity of an inactivated split-virion
influenza A/Vietnam/1194/2004 (H5N1) vaccine: phase I randomised trial. Lancet.
2006;367(9523):1657–1664. [PubMed: 16714186]
19. Phuphanich S, Wheeler CJ, Rudnick JD, et al. Phase I trial of a multi-epitope-pulsed dendritic cell
vaccine for patients with newly diagnosed glioblastoma. Cancer Immunol Immunother.
2013;62(1):125–135. [PubMed: 22847020]
20. Gurwith M, Lock M, Taylor EM, et al. Safety and immunogenicity of an oral, replicating
adenovirus serotype 4 vector vaccine for H5N1 influenza: a randomised, double-blind, placebocontrolled, phase 1 study. Lancet Infect Dis. 2013;13(3):238–250. [PubMed: 23369412]
21. Grode L, Ganoza CA, Brohm C, Weiner J, 3rd, Eisele B, Kaufmann SH. Safety and
immunogenicity of the recombinant BCG vaccine VPM1002 in a phase 1 open-label randomized
clinical trial. Vaccine. 2013;31(9):1340–1348. [PubMed: 23290835]

Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Page 20

Author Manuscript
Author Manuscript
Author Manuscript
Author Manuscript

22. Wages NA, Slingluff CL, Jr, Petroni GR. A phase I/II adaptive design to determine the optimal
treatment regimen from a set of combination immunotherapies in high-risk melanoma. Contemp
Clin Trials. 2015;41:172–179. [PubMed: 25638752]
23. Wages NA, Slingluff CL, Jr, Petroni GR. Statistical controversies in clinical research: early-phase
adaptive design for combination immunotherapies. Ann Oncol. 2016;28(4):696–701.
24. FDA. Guidance for industry: clinical considerations for therapeutic cancer vaccines. 2011.
25. Richert L, Doussau A, Lelièvre JD, et al. Accelerating clinical development of hiv vaccine
strategies: methodological challenges and considerations in constructing an optimised multi-arm
phase I/II trial design. Trials. 2014;15(1):68. [PubMed: 24571662]
26. Richert L, Lhomme E, Fagard C, Lévy Y, Chêne G, Thiébaut R. Recent developments in clinical
trial designs for HIV vaccine research. Hum Vaccines Immunother. 2015;11(4):1022–1029.
27. Cunanan KM, Koopmeiners JS. A Bayesian adaptive phase I–II trial design for optimizing the
schedule of therapeutic cancer vaccines. Statist Med. 2017;36(1):43–53.
28. Zohar S, Baldi I, Forni G, Merletti F, Masucci G, Gregori D. Planning a Bayesian early-phase
phase I/II study for human vaccines in HER2 carcinomas. Pharm Stat. 2011;10(3):218–226.
[PubMed: 20922817]
29. Thall PF, Russell KE. A strategy for dose-finding and safety monitoring based on efficacy and
adverse outcomes in phase I/II clinical trials. Biometrics. 1998:251–264. [PubMed: 9544520]
30. O’Quigley J, Hughes MD, Fenton T. Dose-finding designs for HIV studies. Biometrics.
2001;57(4):1018–1029. [PubMed: 11764240]
31. Thall PF, Cook JD. Dose-finding based on efficacy–toxicity trade-offs. Biometrics. 2004;60(3):
684–693. [PubMed: 15339291]
32. Yin G, Li Y, Ji Y. Bayesian dose-finding in phase I/II clinical trials using toxicity and efficacy odds
ratios. Biometrics. 2006;62(3):777–787. [PubMed: 16984320]
33. Braun TM. The bivariate continual reassessment method: extending the CRM to phase I trials of
two competing outcomes. Control Clin Trials. 2002;23(3):240–256. [PubMed: 12057877]
34. Houede N, Thall PF, Nguyen H, Paoletti X, Kramar A. Utility-based optimization of combination
therapy using ordinal toxicity and efficacy in phase I/II trials. Biometrics. 2010;66(2):532–540.
[PubMed: 19673865]
35. Thall PF, Nguyen HQ. Adaptive randomization to improve utility-based dose-finding with bivariate
ordinal outcomes. J Biopharm Stat. 2012;22(4):785–801. [PubMed: 22651115]
36. Liu S, Johnson VE. A robust Bayesian dose-finding design for phase I/II clinical trials.
Biostatistics. 2015;17(2):249–263. [PubMed: 26486139]
37. Kim SB, Gillen DL. A Bayesian adaptive dose-finding algorithm for balancing individual-and
population-level ethics in phase I clinical trials. Seq Anal. 2016;35(4):423–439.
38. Liu S, Guo B, Yuan Y. A Bayesian phase I/II trial design for immunotherapy. J Am Stat Assoc.
2017;113:1016–1027.
39. Yuan Y, Nguyen HQ, Thall PF. Bayesian Designs for Phase I–II Clinical Trials. Boca Raton, FL:
CRC Press; 2016.
40. Wu TC. Immunology of the human papilloma virus in relation to cancer. Curr Opin Immunol.
1994;6(5):746–754. [PubMed: 7826530]
41. Yin G, Yuan Y. Bayesian model averaging continual reassessment method in phase I clinical trials.
J Am Stat Assoc. 2009;104(487):954–968.
42. Albert JH, Gupta AK. Bayesian estimation methods for 2 × 2 contingency tables using mixtures of
Dirichlet distributions. J Am Stat Assoc. 1983;78(383):708–717.
43. Davidson EJ, Faulkner RL, Sehr P, et al. Effect of TA-CIN (HPV 16 l2e6e7) booster immunisation
in vulval intraepithelial neoplasia patients previously vaccinated with TA-HPV (vaccinia virus
encoding HPV 16/18 E6E7). Vaccine. 2004;22(21):2722–2729. [PubMed: 15246603]
44. Towns J, Cockerill T, Dahan M, et al. XSEDE: accelerating scientific discovery. Comput Sci Eng.
2014;16(5):62–74.
45. Gelman A, Carlin JB, Stern HS, Dunson DB, Vehtari A, Rubin DB. Bayesian Data Analysis. Boca
Raton, FL: CRC Press; 2014.

Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Page 21

Author Manuscript
Author Manuscript
FIGURE 1.

Dose escalation decision regions based on the posterior distribution π(p(l), q(l)|H). The entire
space is split into Regions TT: too toxic, NME: no more effective than its lower dose levels,
SE: safe and effective, and UN: uncertain
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FIGURE 2.

Flow chart of the overall study design
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FIGURE 3.

Scenarios for the simulation study. The solid red line is DLT risk p(l); the dashed blue line is
the immune response probability q(l); the gray dashed line is at pT = 0.3
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FIGURE 4.

Average total number of patients and rate of reporting the optimal dose level(s) for scenarios
1 to 15
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FIGURE 5.

Average rate of reporting the optimal dose level(s) for scenarios 7 to 15. The numbers in the
parenthesis following the design are batch sizes

Author Manuscript
Author Manuscript
Stat Med. Author manuscript; available in PMC 2019 March 30.

Wang et al.

Page 26

Author Manuscript
Author Manuscript

FIGURE 6.

Scenarios under which the study operating characteristics are evaluated for the TA-CIN
phase I study
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FIGURE 7.

Author Manuscript

Cohort-by-cohort dose escalation illustration. NoT(T): Without(With) DLT; NoR(R):
Without(With) immune response. E: Escalate to the next higher dose level when applicable.
In the decision maps I-III that correspond to interim analyses I-III, respectively, the region
filled with color corresponds to the region identified by the proposed algorithm. The
numbers in each region are the posterior probabilities (%) and the numbers in parenthesis are
the conditional probabilities (%)
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TABLE 1

Author Manuscript

Simulation results using the nonparametric model for scenarios 1 to 6 from Thall and Cook.31(p, q): DLT risk
and immune response probability. Dose levels that are safe (p ≤ pT) and have the highest immune response
probability are in bold. %: rate of reporting a dose level. N: average number of patients treated. (D, R):
average number of DLTs and immune responses. Note that the total rate of reporting any dose level is less than
100% when the chance that dose level 1 is considered too toxic is larger than 0 (eg, in scenarios 5 and 6)
Dose Level
Scenario
1

(p, q)
%
N

2

5

(0.01,0.05)

(0.02,0.2)

(0.03,0.35)

(0.04,0.6)

(0.05,0.8)

2.1

6.2

3.7

4.3

83.7

Total

100

Author Manuscript

8.48

8.16

8.05

8.01

40.17

(0.14,1.65)

(0.24,2.89)

(0.34,4.81)

(0.43,6.39)

(1.23,16.12)

(p, q)

(0.01,0.57)

(0.03,0.58)

(0.06,0.6)

(0.2,0.62)

(0.32,0.64)

21.7

20.3

27.7

20

10.3

100

7.5

8.3

7.16

5.98

2.93

31.88

(D,R)

(0.08,4.3)

(0.28,4.84)

(0.46,4.34)

(1.23,3.66)

(0.99,1.92)

(3.04,19.06)

(p, q)

(0.02,0.2)

(0.03,0.4)

(0.04,0.6)

(0.06,0.68)

(0.2,0.74)

4.1

5

12.9

24.9

53.1

N

100

7.86

8.34

8.3

8.36

8.46

41.32

(D,R)

(0.14,1.55)

(0.24,3.29)

(0.32,5.03)

(0.49,5.67)

(1.71,6.27)

(2.91,21.81)

(p, q)

(0.01,0.52)

(0.01,0.62)

(0.02,0.71)

(0.03,0.79)

(0.03,0.86)

12.4

10.9

7.9

6.4

62.4

%
N

100

Author Manuscript

7.46

7.58

6.96

6.1

5.59

33.68

(D,R)

(0.07,3.85)

(0.11,4.68)

(0.16,4.9)

(0.14,4.87)

(0.16,4.8)

(0.63,23.09)

(p, q)

(0.18,0.05)

(0.22,0.2)

(0.26,0.35)

(0.3,0.47)

(0.33,0.58)

15.6

24.1

24

15.6

9.9

%
N

6

4

7.47

%

5

3

(0.08,0.38)

N

4

2

(D,R)

%

3

1

89.2

11.65

10.57

8.35

5.26

2.58

38.4

(D,R)

(2.09,0.6)

(2.22,2.03)

(2.2,3.04)

(1.6,2.5)

(0.89,1.53)

(9,9.7)

(p, q)

(0.08,0.15)

(0.18,0.38)

(0.25,0.52)

(0.3,0.59)

(0.35,0.62)

14.9

26.7

29.1

19.7

8.2

%
N
(D,R)

98.6

10

11.32

9.5

6

2.62

39.44

(0.8,1.49)

(2.03,4.25)

(2.39,4.91)

(1.82,3.5)

(0.96,1.71)

(7.99,15.85)
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Author Manuscript

Selected percentage followed by the average number of patients treated in parenthesis. Dose levels with bold
(p, q) are the optimal dose level(s) in each scenario. The numbers in the parenthesis following the design are
batch sizes
Dose Level
Scenario
7

2

3

4

5

(0.01,0.05)

(0.02,0.25)

(0.03,0.25)

(0.04,0.25)

(0.05,0.25)

1.8(7.4)

20(8.4)

20(8.4)

15.4(6.6)

42.8(5.3)

100(36.1)

EffTox(7)

5(9.1)

52(18.2)

32(11.1)

4(1.2)

1(0.2)

94(39.8)

EffTox(3)

4(5.6)

40(15.2)

26(10.9)

10(3.4)

5(1.1)

85(36.2)

UAROET(6)

0.5(7.5)

16.2(12)

29.7(11.1)

34.4(7)

15.5(3.5)

96.3(41.1)

UAROET(3)

0.2(4.5)

11(8.8)

25(10)

28.8(9.2)

30.5(8.1)

95.5(40.7)

(0.01,0.05)

(0.02,0.25)

(0.03,0.4)

(0.04,0.4)

(0.05,0.4)

1.5(7.5)

7.5(8.2)

21.5(8.1)

17.6(7.7)

51.9(6.2)

100(37.7)

EffTox(7)

4(8.8)

31(14.8)

52(15)

7(1.4)

1(0.2)

95(40.2)

EffTox(3)

4(5.5)

27(11.9)

48(16.9)

11(3.2)

2(0.8)

92(38.3)

UAROET(6)

0.3(7.2)

12.5(11.1)

33.8(12.5)

34.7(7.2)

16.5(3.3)

97.8(41.3)

UAROET(3)

0.1(4.4)

4.9(8.4)

28.2(11.1)

34.1(9.5)

30.3(7.8)

97.6(41.2)

(0.01,0.05)

(0.02,0.25)

(0.03,0.4)

(0.04,0.6)

(0.05,0.6)

1.4(7.5)

7.3(8.1)

7.1(8.2)

19.4(7.8)

64.8(7.2)

100(38.8)

EffTox(7)

3(8.6)

32(14.8)

47(14.3)

9(1.7)

3(0.2)

94(39.6)

EffTox(3)

5(5.7)

22(10.9)

39(14.7)

18(4.8)

4(0.9)

88(37)

(p, q)
Nonparametric(7)

8

Author Manuscript

1

(p, q)
Nonparametric(7)

9

(p, q)
Nonparametric(7)

10

Author Manuscript

0.6(7.4)

9.1(11)

28.2(11.9)

40.3(7.8)

19.3(3.1)

97.5(41.3)

UAROET(3)

0(4.3)

3.7(7.7)

16.4(9.9)

40.4(10.9)

37(8.4)

97.5(41.2)

(0.01,0.05)

(0.02,0.25)

(0.03,0.05)

(0.04,0.05)

(0.05,0.05)

1.2(7.6)

65.7(8.3)

10.3(9.2)

5.2(3.8)

17.6(2.6)

100(31.5)

EffTox(7)

5(9.4)

78(22.6)

4(6.2)

2(0.7)

1(0.3)

90(39.2)

EffTox(3)

5(5.7)

54(19.7)

6(4.2)

5(1.8)

3(1.2)

73(32.6)

UAROET(6)

0.5(7.4)

22.3(12.2)

17.9(8.2)

21.7(5.9)

8.5(3.8)

70.9(37.5)

UAROET(3)

0.6(4.4)

16.3(10)

18.7(8)

17.9(7.1)

10.3(6.1)

63.8(35.7)

(0.01,0.05)

(0.02,0.2)

(0.03,0.4)

(0.04,0.15)

(0.05,0.15)

2.3(7.5)

4.7(8.4)

61.2(8.2)

10.7(7.3)

21.1(3)

100(34.5)

EffTox(7)

5(9.5)

23(12.2)

61(15.9)

3(1.5)

0(0)

92(39.1)

EffTox(3)

4(5.7)

19(9.5)

58(19.1)

5(2.1)

3(0.7)

89(37.1)

UAROET(6)

0.3(7.3)

11.3(11)

44.2(12.6)

29.8(6.7)

9.8(3.3)

95.4(40.8)

UAROET(3)

0.3(4.6)

6.5(7.8)

44(12.7)

26.9(8.6)

16.5(6.8)

94.2(40.5)

(0.01,0.05)

(0.02,0.2)

(0.03,0.3)

(0.04,0.6)

(0.05,0.3)

1.7(7.5)

8.3(8.4)

2.2(8.4)

62.6(7.9)

25.2(6.9)

100(39.1)

(p, q)

(p, q)
Nonparametric(7)

12

Author Manuscript

UAROET(6)

Nonparametric(7)

11

Total

(p, q)
Nonparametric(7)
EffTox(7)

6(9.2)

32(14)

39(13.5)

13(2.2)

2(0.3)

92(39.2)

EffTox(3)

4(5.7)

25(11.1)

28(11.3)

29(8)

2(0.8)

88(36.9)

UAROET(6)

0.2(7.5)

10(10.7)

24.1(10.9)

49.2(8.7)

13.4(3.3)

96.9(41.1)

UAROET(3)

0.1(4.4)

6(8)

13.8(10)

49.6(11.3)

27.2(7.3)

96.7(41)
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Dose Level
Scenario

Author Manuscript

13

14

Author Manuscript

15

(p, q)

1

2

3

4

5

Total

(0.01,0.05)

(0.02,0.05)

(0.03,0.3)

(0.04,0.05)

(0.05,0.05)

Nonparametric(7)

15.1(7.4)

0.8(9.5)

64.2(7.3)

6.2(7.3)

13.7(2.4)

100(34)

EffTox(7)

15(12.6)

8(8.8)

57(14.4)

6(2.5)

2(0.2)

88(38.5)

EffTox(3)

6(6.7)

6(4.9)

51(16.6)

5(2.7)

3(1.1)

71(32)

UAROET(6)

0.6(7.4)

2.1(6.7)

46.3(13.8)

20.5(6.6)

9(3.3)

78.5(38)

UAROET(3)

0.2(4.4)

1.9(5.5)

42.4(13.1)

15.5(7.3)

11.7(5.6)

71.7(35.9)

(p, q)

(0.01,0.05)

(0.02,0.05)

(0.03,0.05)

(0.04,0.3)

(0.05,0.05)

Nonparametric(7)

13.3(7.5)

14.8(9.5)

0.6(8.9)

55.1(6.7)

16.2(6.2)

100(38.8)

EffTox(7)

20(13.9)

18(10.9)

7(6.2)

32(4.9)

4(1.3)

81(37.2)

EffTox(3)

8(6.8)

8(6)

8(4.5)

40(11)

4(2.1)

68(30.4)

UAROET(6)

0.6(7.3)

3.3(6.6)

7.3(6.5)

43.8(11.2)

22.9(6.3)

77.9(37.9)

UAROET(3)

0.5(4.3)

0.8(5.1)

6.2(6)

36.1(11.2)

29.1(9.6)

72.7(36.2)

(p, q)

(0.01,0.05)

(0.02,0.05)

(0.03,0.05)

(0.04,0.05)

(0.05,0.3)

Nonparametric(7)

15(7.5)

13.2(9.5)

11.9(8.6)

0.9(7.7)

59(5.4)

100(38.6)

EffTox(7)

20(13.7)

18(10.6)

13(7.2)

9(3.2)

16(1.8)

76(36.5)

EffTox(3)

10(7.3)

8(5.7)

9(5.1)

8(3.2)

28(7.1)

63(28.4)

UAROET(6)

0.5(7.4)

4.3(6.6)

6.6(6.5)

13.4(6.4)

52.9(10.9)

77.7(37.8)

UAROET(3)

0.1(4.4)

1.8(5.3)

4.8(5.8)

9.2(6.5)

57.9(14)

73.8(36)
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TABLE 3

Author Manuscript

Simulation results based on the parametric model approach for scenarios 5 and 6. Correct τ(l) are chosen to be
the true p(l); misspecified τ(l) are chosen to be half of the true p(l)
Dose Level
Scenario
5

τ(l)
Correct

(p, q)

Correct

4

5

(0.3,0.47)

(0.33,0.58)

Total

9.3

12.6

19.7

19.1

33.7

94.4

12.11

11.73

11.06

9.11

6.38

50.39

(2.24,0.65)

(2.59,2.28)

(2.88,3.89)

(2.89,4.39)

(2.08,3.65)

(12.69,14.86)

8.3

11.2

15.5

14.9

46.6

96.5

%

Author Manuscript

12.25

12.22

11.57

9.93

7.83

53.8

(D,R)

(2.23,0.59)

(2.66,2.36)

(3.02,4.1)

(2.94,4.65)

(2.57,4.54)

(13.41,16.24)

(p, q)

(0.08,0.15)

(0.18,0.38)

(0.25,0.52)

(0.3,0.59)

(0.35,0.62)

4.8

15.6

25.2

31

23.3

%
N
(D,R)
Misspecified

3
(0.26,0.35)

N

N

6

2
(0.22,0.2)

%

(D,R)
Misspecified

1
(0.18,0.05)

99.9

9.99

11.45

11.97

9.71

5.85

48.97

(0.76,1.5)

(2.1,4.43)

(3.06,6.17)

(2.9,5.73)

(2.02,3.6)

(10.84,21.43)

%

4.6

11.5

21.9

29.3

32.5

99.8

N

10.03

11.19

12.26

10.46

7.1

51.04

(0.8,1.5)

(2.05,4.24)

(3.14,6.43)

(3.25,6.22)

(2.53,4.39)

(11.77,22.78)

(D,R)

Author Manuscript
Author Manuscript
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TABLE 4

Author Manuscript

Study operating characteristics for the TA-CIN phase I study
Dose Level
Scenario

r
(p, q)

1
10

%
N
(D,R)

100

2
10

Author Manuscript

10

Author Manuscript

10

10

100

10.9

11.94

9.86

32.69

(0.21,0.57)

(0.76,1.23)

(0.78,2.48)

(1.76,4.28)

68.1

99.7

10.25

33.3

(D,R)

(0.23,0.55)

(0.76,1.26)

(0.86,2.55)

(1.85,4.36)

(p, q)

(0.02,0.05)

(0.06,0.15)

(0.08,0.15)

%

11.3

38.1

50.5

99.9

N

10.84

12.16

10.48

33.48

(0.2,0.51)

(0.73,1.8)

(0.83,1.57)

(1.76,3.87)

12.6

39

48.2

99.8

%

10.93

12.21

10.43

33.56

(D,R)

(0.22,0.56)

(0.75,1.86)

(0.86,1.61)

(1.83,4.03)

(p, q)

(0.02,0.05)

(0.06,0.25)

(0.08,0.1)

5.6

74.8

19.5

%

99.9

11.02

12.13

10.12

33.27

(0.24,0.57)

(0.68,3.08)

(0.78,1.01)

(1.71,4.66)

%

4.3

80

15.5

99.8

N

10.88

12.14

10.32

33.34

(D,R)

(0.22,0.55)

(0.72,3.08)

(0.84,1.04)

(1.78,4.66)

(p, q)

(0.02,0.05)

(0.06,0.05)

(0.08,0.25)

%

25.6

6

68.4

100

N

10.93

11.7

9.5

32.13

(0.22,0.51)

(0.69,0.59)

(0.8,2.34)

(1.71,3.44)

28.1

5.8

65.9

99.8

%

10.94

11.86

9.09

31.88

(D,R)

(0.23,0.57)

(0.7,0.58)

(0.74,2.23)

(1.68,3.38)

(p, q)

(0.02,0.05)

(0.08,0.2)

(0.3,0.35)

10.8

73

16.1

%
N
(D,R)

100

67.2

13.7

N

5

(0.08,0.25)

12.3

12.14

(D,R)
100

(0.06,0.1)

20.5

17.9

N

4

(0.02,0.05)

Total

10.92

(D,R)
100

3

N

N

3

2

%

(D,R)
100

1

99.9

10.96

12.55

10.16

33.67

(0.23,0.58)

(1.03,2.52)

(3.02,3.57)

(4.28,6.68)
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%

11.6

74.7

13.6

99.9

N

10.82

12.54

9.88

33.24

(0.2,0.54)

(1.02,2.53)

(2.95,3.46)

(4.17,6.54)

(D,R)
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