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Abstract

It has become quite common in recent early oncology trials to include both the dose-finding and the dose-expansion parts
within the same study. This shift can be viewed as a seamless way of conducting the trials to obtain information on safety
and efficacy hence identifying an optimal dose (OD) rather than just the maximum tolerated dose (MTD). One approach
is to conduct a dose-finding part based solely on toxicity outcomes, followed by a dose expansion part to evaluate efficacy
outcomes. Another approach employs only the dose-finding part, where the dose-finding decisions are made utilizing both the
efficacy and toxicity outcomes of those enrolled patients. In this paper, we compared the two approaches through simulation
studies under various realistic settings. The percentage of correct ODs selection, the average number of patients allocated
to the ODs, and the average trial duration are reported in choosing the appropriate designs for their early-stage dose-finding

trials, including expansion cohorts.

Keywords Bayesian adaptive dose-finding design - Expansion cohort - Optimal dose - Seamless design - Sequential

enrollment - Oncology

Introduction

With the emergence of immune-oncology therapy, the pri-
mary goal of dose-finding trials has been broadened from
finding the maximum tolerated dose (MTD) to identify-
ing the optimal dose (OD), defined as the tolerable dose
having sufficient efficacy from a clinical point of view and
several mathematical formulas has been proposed [1-3].
Unlike traditional cytotoxic agents, for immune-oncology
therapy, dose—toxicity and dose—efficacy relationships are
often unpredictable, where the efficacy may not monotoni-
cally increase with the dose level, and the OD may be well
below the MTD. Therefore, there is a greater need to uti-
lize efficacy and toxicity information to identify the OD. In
2018, the US Food and Drug Administration released draft
guidance [4] recommending multiple expansion cohort trials
to expedite oncology drug development. Several methods
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are proposed to estimate the ODs from multiple expansion
cohorts [5].

Two approaches are often used to determine the OD based
on both the efficacy and toxicity outcomes in oncology early
phase trials. The first approach is to conduct dose-finding
using toxicity information to find the MTD, initiate multiple
expansion cohorts, and then select the OD using efficacy
outcomes from these expansion cohorts. For the dose-find-
ing part, based solely on toxicity, lots of trial designs are
proposed, for example, the algorithm-based designs such
as the 343 design [6], the model-based designs such as the
continual reassessment method [7] and the Bayesian logistic
regression model[8], and the model-assisted designs such
as the modified toxicity probability interval design [9], the
Bayesian optimal interval (BOIN) design [10], and the key-
board design [11]. The model-assisted designs are getting
popular due to the high performance in terms of correctly
selecting the MTD and the simplicity. For the expansion
part, Simon’s optimal two-stage design [12] is the most
well-known design among all frequentist approaches. In
addition, several Bayesian designs have been proposed. For
example, Thall and Simon [13] have proposed a posterior
probability approach to monitor phase II trials. Zhou et al.
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[14] have proposed the Bayesian optimal phase 2 (BOP2)
design, which maximizes the power for detecting effective
treatments while controlling the type I error. The second
approach to finding the OD is simultaneously using the
efficacy and toxicity outcomes to guide each cohort’s dose
assignment. The approach needs only a dose-finding part
instead of dose-finding and dose-expansion parts. Initially,
model-based designs have been proposed for identifying
ODs by incorporating both efficacy and toxicity response.
Some frequestist approach has been proposed, for example
[2] and [3]. Yuan et al. [15] have provided a comprehensive
review of phase I-II trials, particularly Bayesian model-
based designs. Recently, model-assisted designs based on
efficacy and toxicity have been proposed to identify the ODs
in early-phase dose-finding trials. Lin and Yin [16] have
proposed the STEIN design based on optimized intervals for
toxicity and efficacy. Li et al. [17] have proposed a toxicity
and efficacy probability interval (TEPI) design that sepa-
rately models the toxicity and efficacy to assign new patients
to a dose level with a favorable efficacy rate and a tolerable
toxicity profile. Takeda et al. [18, 19] have proposed the
Bayesian optimal interval design for dose-finding based on
both efficacy and toxicity outcomes (BOIN-ET design). Lin
et al. [20] have proposed the BOIN12 design, employing
a utility function to measure a dose risk—benefit trade-off.
In addition to incorporating both efficacy and toxicity, the
late onset of toxicity outcomes has also been a discussion
point in many early oncology trials. In immune checkpoint
inhibitors, it is well-known that some immune-related toxic-
ity can have a delayed onset; for instance, endocrinopathies
occur late and have been observed between weeks 12 and
24 [21]. Notice that late toxicity onset usually requires a
larger DLT window to make dose escalation decisions and
often causes longer enrollment suspensions. Several designs
have been proposed to allow sequential enrollment (i.e., no
enrollment suspensions) even if some enrolled patients
are still pending DLT assessment to minimize some of the
unnecessary long trial recruiting pauses. For dose-finding
studies based solely on toxicity, time-to-event CRM (TITE-
CRM) [22], rolling six design (R6) [23], time-to-event BOIN
design (TITE-BOIN) [24], time-to-event keyboard design
(TITE-keyboard) [25], rolling TPI design (R-TPI) [26], and
probability-of-decision TPI design (POD-TPI) [27], have
been proposed. For the expansion (phase II) part to assess
efficacy, Lin et al. [28] have extended the BOP2 design to the
time-to-event Bayesian optimal phase II trial (TOP) design
by incorporating the pending efficacy data into the posterior
distribution of the efficacy outcome. For phase I/II dose-
finding, Jin et al. [29] have proposed a general approach of
using data augmentation to impute delayed outcomes based
on the efficacy—toxicity trade-off design proposed by Thall
and Cook [1]. Takeda et al. [30] have extended the BOIN-
ET design to the TITE-BOIN-ET design, while Zhou et al.

[31] have extended the BOIN12 design to the TITE-BOIN12
design.

In this paper, we intend to compare the two commonly-
used designs for early-phase oncology trials in searching
for the final optimal dose. 1) Type A design: conducting
only the dose-finding part to identify the OD based on both
the efficacy and toxicity outcomes and 2) Type B design:
firstly conducting the dose-finding based solely on toxic-
ity, followed by the expansion part to evaluate the efficacy
further before a final dose can be determined as the OD.
Here the expansion cohorts can be run parallel to the dosing
finding cohorts. We focus on the model-assisted approaches
because they are more popular due to their performance and
simplicity in the actual oncology trials than the model-based
designs. We present a simulation study of these approaches
to explore the properties across various realistic settings.

The remainder of this article proceeds as follows. In
“Review of Methods” section, the selected designs are
briefly reviewed. The simulation results are summarized in
“Numerical Simulations” section. We close with some dis-
cussion in “Discussion” section.

Review of Methods

This section briefly reviews the methods being compared
in this paper.

BOIN Design and TITE-BOIN Design

The original BOIN design has gained popularity since it was
first proposed by Liu and Yuan [10].

Let p; < --- < p; be the true toxicity probability of a set
of J dose. Let @ denote the target toxicity probability by the
investigator. let y; and n; denote the number of patients who
experienced toxicities and the number of patients treated
at dose level j, respectively. Let ﬁj = y;/n; denote the esti-
mated toxicity probability based on all the cumulative data
on level j. Liu and Yuan [10] consider the following dose
allocation rule. If ﬁj <\, the dose level is escalated to
J+Lif A < /p\j < 4,, the next cohort continues to be treated
at the same dose level j; if A, < 13_,-, the dose level is de-
escalated to j—1. The optimal lower and upper boundaries
0 < 4; £ ¢ £ 4, < 1that minimize the posterior probability
of incorrect decisions are obtained by

(1-¢) o1 -¢)
A =1 1
1= logm gy /e )
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Liu and Yuan[10] recommended using ¢, = 0.6¢ and
@, = 1.4¢ as default values. For example, if the target tox-
icity probability is ¢ = 0.30 and the design parameters are
@, = 0.6@ and ¢, = 1.4¢, the optimal values of (4,, 4,) are
derived to be 4; = 0.236 and 4, = 0.359, respectively. The
BOIN design is straightforward to implement in actual clini-
cal trials, similar to the 3 +3 design in practice. During the
trial, clinicians count the number of patients who experi-
ence toxicity and compare the observed toxicity rate ﬁj with
the prespecified interval boundaries 4, and 4, to determine
the next dose assignments until the end of the dose-finding.
Subsequently, isotonic regression is applied to estimate the
observed toxicity probability at dose j using the pooled adja-
cent violator algorithm (PAVA) [32] to determine the MTD.

Yuan et al. [24] extended the BOIN design to the time-to-
event BOIN (TITE-BOIN) design to minimize enrollment
interruption for trial acceleration. The TITE-BOIN design
imputes the pending toxicity data using the observed data
from all patients as well as the existing data from the pend-
ing patients to calculate the toxicity probability at dose level

Js
v + 725 (¢ = STFT)

~

P =

;

where STFT = E;W‘l is the standardized total follow-up

time, c is the number of pending patents. The unknown par-
amter p; will be replaced with its Bayesian posterior mean
based on the observed data. For details please see reference
paper [24]. As a result, the TITE-BOIN design can use the
same optimal boundaries as the BOIN design to make dose
assignment decisions for new patients, while some enrolled
patients’ toxicity data are still pending.

BOP2 and TOP Design

Zhou et al. [14] have proposed a flexible Bayesian optimal
phase 2 (BOP2) design to evaluate the preliminary efficacy
data for phase 2 oncology trials. The design can handle both
simple (e.g., binary) and complicated (e.g., ordinal, nested,
and co-primary) endpoints under a unified framework with
multiple interim analyses allowed to make flexible trial deci-
sions. The BOP2 design uses the posterior probability of the
linear combination of model parameters to make go/no-go
decisions. Specifically, let n and N denote the sample size at
the interim analysis and the final analysis. Let p gz denote
the overall response rate (ORR) and p, denote the ineffica-
cious ORR. The trial is terminated for futility if

Pr(pogg > poldata) < /1(]%)7

where A and y are design tuning parameters to achieve the
maximum statistical power while maintaining the desirable
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type I error rate. For example, for the design with one
interim analysis at 10 and the maximum sample size is 30,
assuming that the efficacious ORR is 60% and the ineffica-
cious ORR is 30%, the design parameters are A = 0.87 and
y = 0.62, the optimal stopping boundaries are 2 and 12 at
the interim analysis and the final analysis, and the statistical
power would be approximately 97% while controlling the
type I error rate at 0.1.

Lin et al. [28] extend the BOP2 design to the TOP design
to allow real-time “go/no-go” interim decision-making in
the presence of late-onset responses by using all available
data. The TOP design can utilize pending efficacy informa-
tion using approximated likelihood and effective sample size
(ESS), defined as.

ESS = Number of nonpending patients

the sum of the follow — up time for pending patients

length of the assessment window

Lin et al. [28] showed that the TOP design could signifi-
cantly shorten the trial duration.

BOIN-ET Design and TITE-BOIN-ET Design

Takeda et al. [18] have proposed the BOIN-ET design to add
the efficacy assessment as part of the dose allocation pro-
cess. For toxicity, let p; < --- < p, be the true toxicity prob-
abilities of a set of J doses for the drug under consideration,
and let @ denote the target toxicity probability specified by
the investigator. Furthermore, let A, and 4, denote the lower
and upper cutoffs, satisfying0 < 4, < ¢ < 4, < 1. Suppose
the current cohort is treated at dose levelj, and let y; and n;
denote the number of patients who experienced toxicities
and the number of patients treated at dose levelj, respec-
tively. Let ’ﬁj = y;/n; denote the estimated toxicity probabil-
ity based on all the cumulative data on levelj. For efficacy,
let gy, ..., q; be the true efficacy probabilities of a set of J
doses, and let 6 denote the target efficacy probability speci-
fied by the investigator. Let #; denote the cutoff on the effi-
cacy, satisfying) <, < é < L. Let x; denote the number of
efficacies at dose levelj. aj = x;/n; is the estimated efficacy
probability at level j. Here we refer Fig. 1 used in the original
paper by Takeda et al. [14], which concisely illustrates the
dose allocation rule. For the lower middle cell,escalation
if the next dose level has not been tried; if the next dose
level has been tried, pick the dose level with the highest esti-
mated efficacy probability among the dose levelj — 1,j,j + 1.
The toxicity boundaries A4, and 4, and efficacy cutoff #, is
obtained by minimizing the posterior probability of incor-
rect decisions based ong, @, @,, 6, ands,. Takeda et al. [18]
recommend usingp, = 0.1¢, ¢, = 1.4¢, and 6, = 0.66 as
default values. The optimal values of (4,, 4,,#,) are esti-
mated by a grid search. Based on the cumulative efficacy and



Therapeutic Innovation & Regulatory Science (2023) 57:728-736

731

a
1
Stay Stay De-escalate
m Escalate/Stay/
Escalate scalate/tay De-escalate
De-escalate R
Pj
0 A Ay 1

Figure 1 Dose allocation rules for BOIN-ET design considering both
efficacy and toxicity.

toxicity outcomes, the BOIN-ET design selects OD at the
end of the trial. Takeda et al. [14] used isotonic regression
using the PAVA and logistic regression with the fractional
polynomial with two degrees of freedom to determine the
ODs. Other parametric/non-parametric methods could also
be employed in this step.

Takeda et al. [30] have extended the BOIN-ET design
to the time-to-event BOIN-ET (TITE-BOIN-ET) design to
accelerate the identification of the OD utilizing the likeli-
hood with cumulative and pending data of both efficacy and
toxicity outcomes.

BOIN12 Design and TITE-BOIN12 Design

Lin et al. [20] have proposed the BOIN12 design to incor-
porate efficacy information into the dose selection process.
The design uses a utility to measure the toxicity-efficacy
trade-off among the possible combination of efficacy and
toxicity outcomes and subsequently calculate the desirability
at each dose level for these outcomes to define dosing deci-
sions. Specifically, the desirability score (RDS) is estimated
from the toxicity-efficacy trade-off utilities based on possible
outcomes, i.e., (No Toxicity, Efficacy); (Toxicity, Efficacy);
(No Toxicity, No Efficacy); (Toxicity, No Efficacy). Lin et al.
[20] show that the RDS can be pre-tabulated before the trial.
The algorithm of BOIN12 shares the same escalation and
de-escalation boundary as the BOIN design. If A, < p;, the
dose level is de-escalated to j—1; if p; < Ay or 4, < p; < 4,
and n < 6, chose the dose level with the highest RDS among
{j—1,j,j+ 1} to be the next dose level; if 4, < ﬁj < 4, and
n > 6, chose the dose level with the highest RDS among
{j— 1,7} to be the next dose level. Based on the cumulative
efficacy and toxicity outcomes, the BOIN12 design selects
OD at the end of the trial. The MTD is the dose level with
the isotonically estimated toxicity probability closest to the
toxicity upper limit. The OD is the dose level that does not
exceed the MTD and has the highest RDS.

Zhou et al. [31] have extended the BOIN12 design to
the TITE-BOIN12 design considering Bayesian data aug-
mentation and an approximated likelihood method to enable

real-time decision-making when some patients’ toxicity and
efficacy outcomes are pending.

Numerical Simulations

We carried out simulation studies to evaluate the operat-
ing characteristics of designs categorized into two types (A)
one-part dose-finding designs based on both efficacy and
toxicity outcomes; (B) two parts designs conducting dose-
finding part based on toxicity outcome and then opening the
expansion part based on efficacy outcomes.

e Type A: (1) BOIN-ET design; (2) TITE-BOIN-ET
design; (3) BOIN12 design; (4) TITE-BOIN12 design

e Type B: (5) BOIN and BOP2 designs; (6) TITE-BOIN
and BOP2 designs; (7) BOIN and TOP designs; (8)
TITE-BOIN and TOP designs

Simulation Settings

As summarized in Fig. 2, to avoid cherry-picking scenarios
that favored a specific design, we adopted 12 different sce-
narios for the true probabilities of efficacy g; and toxicity p;
at the dose levels used in Sato et al.[33]. In every scenario,
the dose—toxicity curve monotonically increased, and the
dose—efficacy relationships were monotone, plateau, and bell
shape. For all designs, in the dose-finding part, we set the
target toxicity at 0.3, the cohort size was three subjects per
cohort, and skipping doses was not allowed. The accrual rate
was one patient every two weeks, the toxicity observation
period was 28 days, and the efficacy observation period was
56 days. The trials were simulated 1,000 times.

Although different designs had different perspectives,
we considered the settings to compare the designs as pos-
sible as we could fairly. For type A design, i.e., design
1)-4), the maximum sample size was 126 with a stopping
rule if the number of patients at the current dose reached
30. For the BOIN-ET and TITE-BOIN designs, the target
efficacy was set at 0.6. The optimal values of (4, 4,,7,)
were 4, = 0.14, 1, = 0.35,andn; = 0.48. The dose level sat-
isfying the tolerability based on isotonic regression using
the PAVA and maximizing the efficacy probability based on
logistic regression with the fractional polynomial with two
degrees of freedom was selected as the OD, as described
in “BOIN-ET Design and TITE-BOIN-ET Design” section.
For the BOIN12 and TITE-BOIN12 designs, the optimal
values of (4, 4,) were A; = 0.236 and 4, = 0.359, and the
toxicity-efficacy trade-off utilities were set as (No Toxic-
ity, Efficacy) = 100; (Toxicity, Efficacy) = 60; (No Toxicity,
No Efficacy) =40; (Toxicity, No Efficacy)=0. The dose
level that did not exceed the MTD and the highest RDS was
selected as the OD, as described in “BOIN12 Design and
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Figure 2 Dose-toxicity and dose-efficacy relationships considered in the simulation study. The true probabilities of efficacy (dotted line) and tox-

icity (solid line) for each dose level. The optimal doses are in squares.

TITE-BOIN12 Design” section. Stopping criteria were set
to avoid allocating patients to ineffective or severely toxic
doses. If the posterior probability of efficacy outcome is
less than the lower limit of efficacy 0.20 is more than 0.90,
the dose levels j are eliminated from the trial. If the poste-
rior probability of toxicity outcome is more than the upper
limit of toxicity 0.40 is more than 0.90, the dose levels j and
higher are eliminated from the trial. The trial is terminated
if all dose levels are eliminated. We assume that the efficacy
and toxicity endpoints follow vague beta priors beta(1,1).
For type B designs, i.e., design 5)-8), the dose-finding
part using the BOIN and TITE-BOIN designs had eight
cohorts with a stopping rule, that is, if nine subjects were
assigned to a single dose level and the decision was to stay,
the trial would be stopped. The optimal values of (4, 4,)
were A; = 0.236 and A, = 0.359, as described in “BOIN
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Design and TITE-BOIN Design”. Stopping criteria were
set to avoid allocating patients to severely toxic doses. If
the posterior probability of toxicity outcome is more than
the target toxicity probability 0.30 is more than 0.95, the
dose levels j and higher are eliminated from the trial. The
trial is terminated if all dose levels are eliminated. We
assume that the toxicity endpoints follow vague beta pri-
ors beta(1,1). The expansion part used the BOP2 and TOP
designs described in “BOP2 and TOP Design”. The sample
sizes for the interim and final analysis were 10 subjects and
30 subjects, respectively. Assuming the inefficacious ORR
was 0.3 and the efficacious ORR was 0.6, the optimal stop-
ping boundaries were estimated to be 3 and 8 at the interim
and final analyses while controlling for 0.1 type I error
and achieving 0.97 power. The expansion cohort opened
at the dose level in which a response was observed and at
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Figure 3 Percentage of times the optimal dose was correctly selected.

Figure 5 Average number of patients per trial.
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Figure 4 Percentage of patients allocated to the optimal dose.

all subsequent dose levels once each dose level had been
deemed tolerable. Subjects in the expansion cohort contrib-
uted to the tolerability assessment and dose escalation deci-
sions in the escalation part of the trial. The OD was selected
by fitting a unimodal isotonic regression using efficacy infor-
mation from both dose-escalation and expansion cohorts.
The unimodal isotonic regression allowed the estimation of
the umbrella-shaped dose—response curve. Only those dose
levels that had not crossed the optimal stopping boundaries
of the BOP2 and TOP designs were considered in the pro-
cess of OD selection.

Simulation Results

Each simulation under certain scenarios can be viewed as a
hypothetical study. The results of the simulation gave us the
operating characteristic of each design under a certain sce-
nario and can be used to guide us to select the right design
for our study and later to help us select the Optimal Dose for
the compound. The operating characteristics of the designs
were summarized in Figs. 3, 4, 5, and 6 and Table S1-S4,
which were organized by scenario. The results were sum-
marized in terms of the percentage of times the optimal dose
was correctly selected, the percentage of patients allocated

Figure 6 Average trial duration in weeks.

to the optimal dose, the average number of patients per trial,
and the average trial duration.

Figure 3 and Table S1 showed the percentage of times
the optimal dose was correctly selected for the eight designs
under comparison. Under Scenarios 1 and 11, the lower doses
had sufficient efficacy. In Scenario 1, the type A designs out-
performed the type B designs. In Scenario 11, the BOIN12,
TITE-BOIN-12, and the type B designs showed similar
performance. The BOIN-ET and TITE-BOIN-ET designs
selected the correct ODs at lower percentages because the
BOIN-ET and TITE-BOIN-ET designs tended to select lower
doses as the ODs. Under Scenarios 2 and 4, the dose-efficacy
curve monotonically increased. The BOIN-ET and TITE-
BOIN-ET designs outperformed the other designs. Compared
with the type B designs, the percentage of correct OD selec-
tion by the type A designs were higher by more than 15%.
Under Scenarios 3, 5, and 7, the dose-efficacy curve non-
monotonically increased. In Scenarios 3 and 7, all designs
showed similar performance. In Scenario 5, the BOIN-ET
and TITE-BOIN-ET designs selected sub-optimal doses as
the ODs compared with other designs. Under Scenarios 6
and 8, the dose-efficacy curve reached a plateau. In Scenario
6, the BOIN-ET and TITE-BOIN-ET designs captured the
correct ODs at higher percentages than the other designs.
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In Scenario 8, the type A designs selected the correct ODs
higher by more than 15% than the type B designs. Under
Scenarios 9 and 10, the lowest dose level was only toler-
able, and the dose-efficacy curve monotonically decreased.
In Scenario 9, the BOIN-ET and the type B designs provided
similar performance. In Scenario 10, the BOIN-ET, TITE-
BOIN-ET, and BOIN12 designs showed higher percentages
of correct OD selection. Under scenario 12, all dose levels
were too toxic. All designs selected early stopping.

Figure 4 and Table S2 showed the percentage of patients
allocated to the optimal dose. In Scenarios 1, 2, 3, 4, 6, 7, 8,
and 9, the type A designs, especially the BOIN-ET design,
allocated greater percentage of patients to the optimal doses.
In Scenarios 5 and 11, the BOIN12 and TITE-BOIN12
designs allocated more patients to the optimal doses.

Figure 5 and Table S3 showed the average number of
patients per trial. In All Scenarios except for Scenario 12,
the type A designs, especially the BOIN-ET design, needed
fewer patients to detect the OD than the type B designs.

Figure 6 and Table S4 showed the average trial dura-
tion in weeks. In all Scenarios except for scenario 12, the
TITE-BOIN-ET and TITE-BOIN12 designs significantly
shortened the average trial duration compared with the type
A designs without sequential enrollment and the type B
designs. In Scenario 12, the type A designs shortened the
average trial duration than the type B designs. Within type
B designs, the TITE-BOIN and TOP designs shortened the
average trial duration than the other type B designs.

In summary, in most scenarios, the type A designs out-
performed the type B designs in correctly selecting the
ODs, efficiently assigning patients to the ODs, and reduc-
ing the total sample size. In terms of the trial duration, the
TITE-BOIN-ET and TITE-BOIN12 designs in type A had
the shortest trial duration. Within the type A designs, the
BOIN-ET and BOIN12 designs slightly outperformed the
TITE-BOIN-ET and TITE-BOIN12 designs in terms of cor-
rectly selecting the ODs and efficiently assigning patients to
the ODs for many scenarios. On the other hand, the TITE-
BOIN-ET and TITE-BOIN12 designs significantly short-
ened the average trial duration across different scenarios
compared with the BOIN-ET and BOIN12 designs. The
type B designs were generally less efficient than the type A
designs, although a slightly higher percentage of OD selec-
tion was observed in Scenario 7 and 9; substantially more
subjects and a longer trial duration were needed under Sce-
narios 7 and 9 for these designs.

Discussion
We compare the operating characteristics of optimal dose-

finding approaches in early-phase oncology trials, includ-
ing multiple expansion cohorts. The designs that utilize

@ Springer

both efficacy and toxicity to guide their dose-finding as a
one-part design has shown superior performance in term
of the higher percentage of correct selection of OD, the
higher percentage of allocating patients to the OD, and
reducing the total sample size in most cases. However,
the BOIN-ET and BOIN12 designs may result in long trial
duration in some cases, as shown in the figure on trial
duration. The TITE version of these two designs can sig-
nificantly reduce the trial duration. On the other hand, the
TITE assumption does not work well if efficacy readouts
are delayed. So a more real-time readout of the efficacy
outcome, once it occurs, is required in practice. We also
want to point out that with the dose-finding part, followed
by the dose-expansion part approach, e.g., the combination
of the BOIN and the BOP2 designs, additional information
is gained from the BOP2 design interim and final analy-
sis. Therefore, there is a lower chance of selecting a sub-
therapeutic dose level as the OD because the OD selection
will be based on those dose levels considered promising
at the end of the BOP2 or TOP designs. In addition, the
type B designs are still valuable if a dose-finding trial with
expansion cohorts wants to strictly control the type I error
rate for efficacy evaluation. Our simulation result has some
limitations due to limited settings and scenarios. Although
the current setting of 28 days and 56 days of safety and
efficacy assessment windows is one of the practical set-
tings, depending on the compound and indication, the
safety and efficacy assessment window might be different,
and these can possibly change the operating characteristic
of the designs. For example, if the window of the outcome
assessment for efficacy is much longer than 56 days, the
average trial duration for the designs in type A might be
longer, and the accuracy of the estimation of OD might
be worse in the TITE approaches. In addition, in type A
designs, the BOIN-ET design and the BOIN12 design have
different OD selection criteria. The difference may affect
the performance of correct OD selection. Therefore, it is
important to conduct a comprehensive simulation before
the trial to understand the operating characteristics. We
would like to advocate type A design based on the simu-
lation result we see in this paper and strongly encourage
statisticians to include type A designs and compare type A
designs and type B designs in their trial design operating
characteristic simulations. As type A design is relatively
new, real clinical trial examples utilizing type A design is
limited. Therefore, it is valuable to publish the results and
findings when the type A designs are implemented in the
actual clinical trials.

In recent years, many new methods have been proposed
for the oncology early phase dose-finding trial. Statisticians
should work with clinicians to carefully consider candidate
designs. Furthermore, willing to take an innovative approach
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to facilitate better and accelerate trials. Case-by-case simula-
tion of the novel designs is essential in this process.

Conclusion

The operating characteristics show that the designs that
utilized toxicity and efficacy simultaneously are superior
in selecting the ODs, efficiently assigning patients to the
ODs, and reducing the total sample size to designs that
utilized toxicity and efficacy sequentially under most sce-
narios. In addition, the TITE version of designs that uti-
lized toxicity and efficacy simultaneously with sequential
enrollment significantly reduce the trial duration compared
with other designs.
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