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ABSTRACT

The objective of phase 1 dose-escalation clinical trials has generally been to determine the Maximum Tolerated
Dose (MTD). However, with the advent of molecular targeted therapies this approach has changed, as dose limiting
toxicities are less frequently observed. For this reason, the concept of Optimal Biological Dose (OBD) has been
developed, which considers efficacy and toxicity. Several Bayesian model-assisted designs have been proposed to
target the MTD more accurately and/or the OBD compared to traditional rule-based approaches such as the 3+3
design. These include the Bayesian Optimal Interval (BOIN) and the BOIN phase I/II (BOIN12) design. The BOIN
design targets the MTD, while the BOIN12, which takes both efficacy and toxicity into account in decisions to
escalate/de-escalate the dose, targets the OBD. In this article we use a real-life case study to compare the BOIN and
the BOIN12 designs under different scenarios and showcase how each of the designs perform when the compound
under investigation has a benign toxicity profile. We argue that both efficacy and toxicity should be taken into
consideration when designing early-phase oncology studies.

Keywords: Bayesian adaptive designs; Dose escalation; Toxicity-efficacy trade-off; Optimal biologic dose; Phase I
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the trial is terminated and the dose below this level is declared the
MTD. The 3+3 design uses only data at the current dose to choose
the next dose and the MTD, resulting in uncertainty around the
estimated DLT risks at each dose. Furthermore, as no TTL is
specified by investigators when using the 3+3 design, the identified

INTRODUCTION

In oncology, dose-finding trials are essential to drug development
as they establish recommended doses for later-phase testing.
Numerous phase I trial designs have been proposed to identify the
Maximum Tolerated Dose (MTD) of a new drug, which is typically
defined as the highest dose of a drug or treatment that does not

MTD often has a true risk of causing severe toxicity far different

to what clinicians may deem acceptable for the treatment under

cause unacceptable side effects in a specified proportion of patients. investigation. These and other drawbacks in rule-based designs

The MTD is determined by testing increasing doses on different  have been identified and reported frequently by many researchers
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commonly known as the Target Toxicity Level (TTL).

Most phase I trials use rule-based approaches, such as the standard
3+3 design because of its simplicity in implementation [1,2]. Under
the 3+3 design, cohorts of three patients are assigned to increasing
dose levels until one or more Dose-Limiting Toxicities (DLTs) is
observed. If one out of three patients have a DLT, a further three
patients are assigned to the current dose. If two or more patients
out of three or six patients at the current dose experience a DLT,

Research’s Adaptive Designs Working Group published a short
note on why the 3+3 design, and A+B designs in general, should
not be used for dose-finding studies [4].

Other model-based designs such as the Continual Reassessment
Method (CRM) [5], the Bayesian logistic regression model [6],
the Bayesian model averaging CRM (7], biased coin design [8,9]
and the decision-theoretic approach [10], have been proposed in
the literature. These methods assume a parametric model for the
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dose toxicity curve and then, based on the accumulating trial data,
continuously update the estimate of the curve to guide the dose
assignment and MTD selection. However, the use of these methods
has been limited due to the computational complexity, increased
cost of a statistician to determine the dose and the need for
sophisticated software to perform pre-trial simulation. The model-
assisted designs such as the isotonic designs [11], modified Toxicity
Probability Interval (mTPI) design [12], the keyboard design [13],
and the BOIN design [14], combine the superior performance
of model-based designs with the simplicity of algorithm-based
designs. The model-assisted designs use a statistical model for
efficient decision-making like model-based designs, however, their
dose-escalation and de-escalation rules can be tabulated before the
onset of a trial, as with rule-based designs. Comprehensive reviews
of dose-finding methods for phase I clinical trials are available

elsewhere [15-17].

The Bayesian interval based design is a relatively new class of phase
I trial designs, of which the Bayesian Optimal Interval (BOIN)
design is probably the most widely used [18,19]. Dose titration is
defined by the relative location of the observed toxicity rate (i.e.,
the number of patients who experienced toxicity divided by the
total number of patients treated) at the current dose with respect
to a prespecified toxicity tolerance interval. If the observed toxicity
rate is located within the interval, the current dose is retained; if
the observed toxicity rate is greater than the upper boundary of
the interval, the dose is de-escalated; and if the observed toxicity
rate is smaller than the lower boundary of the interval, the dose is
escalated. The BOIN design only considers toxicity in dose finding
to determine the MTD.

Most dose-finding designs available for phase I cancer clinical trials
were initially developed in the context of cytotoxic conventional
agents. These methods are based on the underlying assumption
of a monotonically increasing relationship between toxicity and
the dose of a cytotoxic drug. With the emergence of molecular
targeted agents, immunotherapies, such as checkpoint inhibitors
and chimeric antigen receptor T-cell therapy, this paradigm has
changed. Severe toxicities are rare, often delayed in subsequent
treatment cycles, preventing the MTD from being reached. Poorly
characterized dose and schedule may lead to selection of a dose
that provides more toxicity without additional efficacy. Noticing
the importance of dose optimization in early phase dose finding
studies, the FDA has launched Project Optimus with the goal of
educating, innovating, and collaborating with companies, academia,
professional societies, international regulatory authorities, and
patients to move forward with a dose optimization paradigm across
early phase oncology that emphasizes selection of a dose or doses
that maximizes not only the efficacy of a drug but the safety and
tolerability as well [20].

Targeted therapies, have revolutionized the treatment of many
cancers. For these novel therapies, although toxicity may increase
with the dose, efficacy may plateau or even decrease at high doses
[21,22]. Therefore, the objective of dose-finding trials in this setting
is to identify the Optimal Biological Dose (OBD) that optimizes
patients’ risk-benefit trade-off [23]. The OBD is generally defined
as the lowest dose providing the highest rate of efficacy while being
safely administered [24]. Various phase I/II dose-finding designs
have been proposed to identify the OBD. These include the rule-
based design [25], model-based Efficacy-Toxicity (EffTox) design

[26], which assumes a statistical model to describe the dose toxicity
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and efficacy curves, as well as model-assisted designs such as the
BOIN-ET design [27], and the U-BOIN design [28]. As toxicity and
efficacy data accrue during the trial, the EffTox design continuously
updates the estimates of the fitted model after each cohort and
uses them to determine the dose for the next cohort. However,
such designs are rarely used in practice as they are difficult to
understand for a non-statistician and require complicated statistical
modeling and computation as well as an expensive infrastructure
for implementation. The BOIN phase I/II (BOIN12) design has
been developed as an extension of the standard BOIN design to
find the OBD that optimizes the risk-benefit trade-off [25]. In
the BOIN12 design decisions to escalate, de-escalate or continue
with the same dose are made by simultaneously taking account
of efficacy and toxicity and optimizing the toxicity-efficacy trade-
off. Compared with model-based phase 1/II dose-finding designs,
such as the EffTox design [26], which requires regular complicated
model fitting and estimation for the decision of dose escalation/de-
escalation, BOIN12 is simpler to implement. In addition, BOIN12
enjoys the advantage of being more robust than the EffTox design
[26], because it does not make any model assumptions on the dose
toxicity and efficacy curves. BOIN12 differs from the model-assisted
U-BOIN design, in that U-BOIN is a two-stage design where the
first stage performs dose escalation on the basis of toxicity only,
and it’s only the second stage the uses the toxicity-efficacy tradeoff
for decision making. The BOIN12 design, in contrast, is a single
stage design and uses the toxicity-efficacy trade-off throughout,
thus being more efficient for finding the OBD.

The objective of this paper is to present a reallife case study
where the performance of the BOIN design is compared and
contrasted to the BOIN12 in various scenarios, including where
the investigational drug has a benign toxicity profile. Section 2
briefly summarizes the methodology underpinning the standard
BOIN and BOIN12 designs. Sections 3, 4 and 5 present the details
of a reallife clinical trial which is used as a motivating example for
this paper. Section 6 concludes the paper with a brief discussion on
the key findings and recommendation for further work.

METHODOLOGY

In the following we provide a short overview of the standard BOIN
and BOIN12 designs.

The BOIN design

The BOIN design is described extensively in the literature [19]. Dose
escalation and de-escalation rules are determined by comparing the
observed DLT rate at the current dosing level with a pair of fixed
dose escalation and de-escalation boundaries, predetermined at

study outset. We outline the approach in the following. Let #=3"

represent the observed DLT rate at the current dose level j, where
y, and n, are the observed number of DLT’s and the number of
patients treated respectively. Let represent the unknown target
DLT rate and 4 (j,nj,¢) and ’Id(j,nj,¢) represent the dose escalation

and de-escalation boundaries at each dose level with 4, (j,n],,¢)< z
(j,n},¢). The BOIN approach is as follows:

e Datients in the first cohort are treated at the lowest or pre-
specified starting dose level.

e At the current dose level j

> Escalate the dose level to j+1if 7, <4, (/.n,.9)
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> Deescalate the dose level to J71 if B,>4(sn.9)

> Stay at dose level j if 4 (j:7,8)<p, <4, (jn,.9)

e This process is continued until the maximum total sample size
is reached

The BOIN design is obtained by choosing the optimal dose
escalation and deescalation boundaries to minimize the
probability of making incorrect dose escalation and de-escalation
decisions [14]. The optimal le(j,nj,qﬁ) and 4,(/.n,.4) for each
dose level are identified with regard to the three hypotheses:
H :p, =¢;H, ‘P =¢:H, ‘P =4,

Where, ¢ is the target DLT rate as previously, # denotes a
DLT probability that is substantially lower than the target MTD
(suggesting escalation) and ¢, denotes a DLT probability that is
substantially higher than the target MTD such that de-escalation
is required. The three hypotheses represent, in sequence, staying
at the current dose level (H)), escalating to the next dose level (H.)
and de-escalating to a lower dose level (H,). It has been shown
by Liu et al. that the optimal decision boundaries that minimize
correct decisions are given by:

Defaultvalues of #1=0.6 x ¢ and & =1.4 x ¢ has been recommended
by Liu et al., which lead to desirable operating characteristics and
the decision rule that fits most clinical practices. The approach
simplifies if, a-priori, each of the three hypotheses are considered
equally likely, i.e. m,=m,=m,=1/3 with the benefit that 4 and 4,
will be the same for each dose level resulting in a straightforward
trial design.

The BOIN12 method

The Bayesian optimal interval phase I/II (BOIN12) trial design
proposed by Lin et al. estimates the OBD that optimizes the
risk-benefit trade-off and is used where late onset toxicities are
not expected. The BOIN12 design makes the decision of dose
escalation and de-escalation by simultaneously taking account of
efficacy and toxicity and adaptively allocates patients to the dose
that optimizes the toxicity- efficacy trade-off. BOIN12 uses a utility
function to measure the toxicity-efficacy tradeoff, whose value
should be elicited from clinicians to reflect the clinical desirability
of each possible toxicity and efficacy outcome observed in Table 1.

Table 1: The decision framework is presented in BOIN12 method by Lin et al.
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The risk-benefit tradeoff of a dose is defined in terms of a simple
2 x 2 contingency table where a utility value is ascribed to each of
the possible toxicity-efficacy outcomes.

In their example the most desirable outcome (No Toxicity, Efficacy)
is assigned a score of 100 and the least desirable outcome (Toxicity,
No Efficacy) a score of 0. Clinicians are then asked to specify scores
u, and u, for the other two outcomes. Averaging over the four
possible outcomes, the utility of a particular dose (d) is:

u(d)=p,u,*p,u,*pu;p,u,

A higher value of u(d) indicates a more desirable risk-benefit trade-

off. The dose with the highest value of u(d) is the OBD.

The decision rule of BOIN12 design is depicted below in Figure 1,
and the optimal boundaries used in this design is given in Table 2.
In the BOIN12 design, the calculation of dose desirability can be
pre-tabulated and included in the trial protocol before the initiation
of the trial, which simplifies design implementation as compared
to the model-based methods such as the EffTox esign [26-28].
The computation of the dose desirability is achieved by using the
quasi-beta-binomial model which converts complicated desirability
calculations involving bivariate toxicity and efficacy outcomes into
simple beta-binomial modeling. To safeguard patients from toxic
and/or futile doses, two dose-acceptability criteria are used in the
BOIN12 design to decide which doses may be used to treat patients.
These are the clinician-specified toxicity upper limit and efficacy
lower limit, respectively. Generally, the efficacy lower limit can take
the value of the target response rate specified for a standard phase
II trial. The value of the clinician-specified toxicity upper limit
should be set slightly higher than the target toxicity rate used in
conventional toxicity-based phase 1 designs. During the trial, the
desirability of a dose can be determined by counting the number of
patients treated at that dose level along with the number of patients
who experienced toxicity, the number of patients who experienced
efficacy and also the number of patients who experienced efficacy
without toxicity and then look up at the pre-tabulated Rank based
Desirability Score (RDS) table as shown in Lin et al., to determine
the optimal dose for the next cohort of patient.

Compared with existing phase I/II dosefinding designs, the
BOIN12 design is simpler to implement, has higher accuracy to
identify the OBD, and allocates more patients to the OBD. The
fact that its adaptation rule can be pre-tabulated and included in
the protocol, makes the design very appealing to the investigators as
they are aware of the escalation/de-escalation pathways prior to the
initiation of the trial. During the trial, the clinical team can allocate
patients to a dose based on decision table from the BOIN12 design
as suggested by Lin et al.

Efficacy
Toxicity
No
No u,=100 u,
Yes u,=0
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Start at the lowest dose or
prespecified Starting dose

k4

Treat a patient or a cohort of patient

Stop the trial and

select the OBD ;
size?

dose j

Within

h 4

Reach the
maximum sample

ompute the DL
rate at current

Count the number
of patients at dose j

F 3

De-escalate to dose j-1

Choose a dose from {j-1, j}
using the desirability
score table

Choose a dose from {j-1,j,+1}
using the desirability score
table

and N* is a prespecified sample size cutoff (e.g., N*=6).

Figure 1: BOIN12 design decision rule design, where, (A 1 ). are the dose escalation and de-escalation boundaries adopted from the BOIN design,

Table 2: Escalation and de-escalation boundaries for BOIN12 design.

Target toxicity rate 0.20 0.25 0.30 0.35 0.40
Escalation boundaries 0.157 0.197 0.236 0.276 0.316
De-escalation boundaries 0.238 0.298 0.359 0.419 0.48

CASE STUDY

The case study presented in this manuscript, which was designed
and conducted by Numab Therapeutics AG and ICON plc, has
been described elsewhere [29]. The primary objective was to
estimate the MTD, based on the number of DLTs observed at a
specific dose level. A BOIN design was used and comprised eight
planned escalating dose levels; dose levels 1 to 8 (0.15 mg-1400
mg).

After enrolling into dose level 1, subsequent dose levels were only
opened if the previous dose level was deemed well tolerated. The
first dose level was to enroll a minimum of one patient. If a Grade
2 or higher Adverse Event (AE) was observed during the evaluation
period or when dose level 5 was reached, a minimum of three
patients were to be enrolled per dose level in accordance with the
BOIN design dosing rules. Cohorts of three patients were recruited
after the first dose level enrolling three patients. The drug was

J Clin Trials Vol.14 Iss.4 No:1000566

administered as a single Intravenous (IV) infusion approximately
every 14 days for a total of two infusions per treatment cycle. The
DLT observation period was therefore 28 days.

The target toxicity rate for the MTD was set as < 30% (i.e, =0.3),
and the maximum sample size was 27 with a maximum of 12
patients per cohort. If the observed DLT rate at the current dose
was < 0.236, the next cohort of patients would be treated at the
next higher dose level; if it was > 0.359, the next cohort of patients
would be treated at the next lower dose level. If the DLT rate was
>0.236 or <0.359 then the next cohort of patients would be treated
at the current dose. A 1 patientper-dose dose-escalation process
was applied until the first > Grade 2 toxicity was observed, or dose

level 5 (80 mg dose level) reached.

Whilst enrolling patients into dose levels 1 to 5 it became clear
that the drug had a benign safety profile. Further, newly available
Pharmacodynamics (PD) data suggested that toxicity may not
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increase monotonically with dose and that PD activity might plateau
due to the affinity-balanced design of the molecule, i.e., activity
might initially increase and then plateau over a relatively broad dose
range before decreasing. The biological explanation for such a bell-
shaped dose-response relationship is that at high concentrations
the target engagers for the drug may become saturated resulting in
“insulating effects” that restrict drug activity. Based on the PD and
emerging clinical data it was decided to amend the study design to
remove the highest pre-specified dose level (1400 mg) from the dose
escalation scheme [29].

We now investigate the application of BOIN12 to the same study
setting and compare and contrast the use of the two models first
through simulation and then analysis of the study data. The
original design with the eight dose levels will be investigated.

Simulations

We used the same DLT profiles when evaluating the BOIN and
BOIN12 designs. With the exception of the accelerated titration,
which is not a feature of the BOIN12 design, the characteristics
of the BOIN and BOIN12 were as described in the previous
section. For the BOIN12 a target efficacy of 0.25 was used and
the riskbenefit tradeoff was as shown above. A total of 10,000
simulations were conducted for each scenario using the simulation

tool for the BOIN and BOIN12 designs in the BOIN suite [30].

The assumed DLT rates are shown in Table 3. The scenarios were
designed to evaluate the performance of the BOIN and BOIN12
designs where the toxicity was expected to range from quickly
escalating and plateauing (Scenario S1) to becoming increasingly
more benign across dose levels (Scenario S5).

Table 3: Assumed DLT rates for BOIN and BOIN12.
Dose level/

scenario
S1 010 030 045 048 051 054 056 0.58
S2 0.04 0.06 011 016 029 047 055 0.60
S3 0.03 0.06 010 0.5 030 0.46 0.68 0.80
S4 0.01 0.03 006 009 011 030 045 0.60
S5 0.02 0.03 0.05 006 007 0.08 009 0.10

The BOIN design

2 3 4 5 6 7 8

The sample size probabilities, which represent the proportion
of times that a particular sample size occurred in the 10,000
simulations, are shown in Table 4. As expected, fewer subjects are
likely to be enrolled in DLT scenario 1, where there is a higher
probability of observing a DLT at lower doses. In all other scenarios
the most probable sample size is 21 subjects.

Table 4: Sample size probabilities.

Sample
size/DLT 6 9 12 15 18 21 24 27

scenario

DLTS1 0.04 0.06 012 019 030 029 0.04 0.06
DLTS2 <0.01 <0.01 0.02 0.04 0.06 0.88 <0.001 <0.001
DLTS3 <0.001 <0.01 0.01 0.03 0.07 0.88 <0.001 <0.001
DLT S4 <0.001 <0.001 ;0.01 ;0.01 0.02 0.96 <0.001 <0.001
DLT S5 <0.001 <0.001 0.03 0.01 0.01 0.98 <0.001 <0.001
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Probabilities for the optimal dose are given in Table 5. For the
scenario where the toxicity profile is more benign (Scenario 5),
which is what was actually observed in the study, the highest dose
is the most likely to be chosen [29]. However, this is only because
the DLT rate always stays below the lower boundary and the dose
is always escalated. So, in effect, this is the highest dose tested and
not necessarily the most clinically active dose.

Table 5: Probability of optimal dose.

Sample
Size/DLT 1 2 3 4 5 6 7 8

scenario

DLT S1 0.14 0.65 0.17 0.03 <0.01 <0.001 <0.001 <0.001

DLTS2 <0.001 0.01 0.06 024 048 0.8 0.03 <0.001

DLT S3 <0.001 <0.001 0.05 0.25 0.49 0.19 <0.01 <0.001

DLT S4 <0.001 <0.001 <0.01 0.03 0.23 0.50 0.20 0.02

DLT S5 <0.001 <0.001 <0.01 <0.01 0.03 0.11 0.27 0.56
The BOIN12 method

The assumed efficacy rates are shown in Table 6. The scenarios
were designed to evaluate the performance of the BOIN12 designs
where the dose response curve is: (1) bell-shaped (Efficacy Scenario

(ES1); (2) S-shaped (ES2); and (3) monotonic increasing (ES3).

Table 6: Assumed efficacy rates.

Sample size/

efficacy 1 2 3 4 5 6 7 8
scenario

EFF S1 0.05 010 020 030 040 035 030 0.20
EFF S2 0.05 020 030 035 040 045 048 050
EFF S3 0.05 010 015 0.20 0.25 030 0.35 040

DLT scenario 1: The sample size probabilities for each efficacy
scenario for DLT scenario 1 (Table 3), are shown in Table 7. In
contrast to the standard BOIN design the most probable sample
size is 27 subjects. This is the case for each of the efficacy scenarios.

Table 7: Sample size probabilities.

Sample size/

efficacy 3 6 9 12 15 18 21 24 27
scenario

EFFSI  <0.001 <0.01 <0.01 0.02 0.02 0.03 0.04 0.04 0.85
EFFS2  <0.001 <0.001 <0.01 0.02 0.02 0.02 0.02 0.02 0.89
EFFS3  <0.001 <0.001 <0.01 0.02 0.02 0.03 0.04 0.04 0.84

Probabilities for the optimal dose for DLT scenario 1 are given in
Table 8. Dose levels 1 or 2 are the most probable using the BOIN12
design. In contrast, dose level 2 is by far the most probable with the
standard BOIN.

Table 8: Probability of optimal dose.

Dose level/

efficacy Early 2 3 4 5 6 7 8

. stop
scenario
EFFSI 018 0.38 0.28 0.11 0.04 0. <0.01 <0.001 <0.001
EFFS2 0.3 0.28 0.44 0.10 0.03 0.0l <0.01 <0.001 <0.001
EFFS3 018 0.39 0.27 0.10 0.03 0.02 <0.01 <0.01 <0.001
BOIN  0.99 0.14 0.65 0.17 0.03 <0.01 <0.001 <0.001 0.0
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The BOIN design has two “built-in early stopping rules”, i.e. study
stops before the maximum sample size is reached:

e Stop the trial if the lowest dose is eliminated due to toxicity,
and no dose should be selected as the MTD. This can only
really happen if the first dose level is very toxic and thus this
“early stopping” definition only applies in this context. Early
stopping is achieved if the posterior probability that the DLT
rate of the first dose is higher than the target DLT rate is
greater than a pre-defined threshold.

e Stop the trial and select the MTD if the number of patients
treated at the current dose reaches the maximum to be exposed
at any dose level, which was 12 subjects in this case study.

The first stopping rule is a safety rule to protect patients from being
exposed to doses that are all overly toxic. This corresponds to a
scenario where all the doses have a DLT rate greater than the target
DLT rate. The rationale for the second stopping rule is that when
there is a large number of patients assigned to a dose, it means that
the dose-finding algorithm has approximately converged. Thus, we
can stop the trial early and select the MTD to save sample size and
reduce the trial duration.

The BOIN12 design appears to have two built-in stopping rules:

e Stop the trial and select the OBD if the number of patients
treated at the current dose reaches the maximum to be exposed
at any dose level, which was 12 subjects in this case study.

e When the observed toxicity rate indicates that subjects should
continue to be exposed at the current dose level, then stop
exploring higher doses if the number of patients N*. The
recommended range for N* is between 0 and 6.

In the case of the BOIN design it was almost certain (>99%) to stop
early whereas with the BOIN12 design the probability was 12%-
20%. This was presumably due to how the first and the second
stopping rules given above work together. In our simulations the
first rule was set to 12 and the second (N*) to 6. This second rule
essentially means that once at least 6 patients have been exposed
to a particular dose then no further dose escalation will occur. The
study will then continue until 12 have been exposed at any dose
level. The second rule is essentially a safety rule to prevent subjects
being exposed unnecessarily to higher doses.

DLT scenarios 2 to 5: The sample size probabilities for each efficacy
scenario for DLT scenario 2 are shown in Table 9. A similar pattern
was seen for DLT Scenarios 3-5. In contrast to the standard BOIN
design the sample size is always 27 subjects. This is the case for each
of the efficacy scenarios.

Table 9: Sample size probabilities.

Sample size/
efficacy 3 6 9 12 15 18 21 24 27
scenario

EFF S1 00 00 00 00 00 00 00 00 10

EFF S2 00 00 00 00 00 00 00 00 10

EFF S1 00 00 00 00 00 <0.001 0.0 .00.0 10

Probabilities for the optimal dose for DLT Scenario 2 are given in
Table 10. Here we see a difference between the efficacy scenarios.
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Dose levels 3-5 are the most probable using the BOIN12 design for
the bell-shaped curve, dose levels 3-4 for the Sshaped curve and
1-4 for the monotonically increasing scenario. In contrast, doses
4.5 are the most probable doses when using the BOIN design, with
dose level 5 having a probability of 0.4.

Table 10: Probability of optimal dose.

Dose level/

efficacy arly 2 3 4 5 6 7 8
. stop
scenario
EFFS1 <0.001 0.09 0.13 0.22 0.27 0.24 0.03 <0.01 <0.01
EFF S2 0.0 0.06 0.16 0.24 0.28 0.17 0.07 <0.01 <0.01
EFF S3 0.0 0.21 020 0.20 0.19 0.15 0.04 0.01 <0.001
BOIN 1.0 <0.01 0.04 0.11 0.27 040 0.16 0.01 <0.001

Again, there was a marked difference between the two designs in
terms of “early stop” with the BOIN always stopping early in DLT
scenario 2. The probabilities for the optimal dose for DLT Scenario
3 were similar to those for DLT Scenario 2.

With respect to DLT Scenario 4, dose levels 4-5 are the most
probable to be identified as optimal using the BOIN12 design for
the bell-shaped curve and the Sshaped curve. For the monotonically
increasing curve the most probable doses identified as optimal are
2-5. In contrast, dose level 6 is clearly the most probable dose when
using the BOIN design. Again, there was a marked difference
between the two designs in terms of “early stop” with the BOIN
always stopping early in DLT scenario 4.

Finally, for DLT Scenario 5, dose levels 5-6 are identified as the
most likely to be optimal using the BOIN12 design for the bell-
shaped curve and the S-sshaped curve. For the monotonically
increasing curve the most probable doses are 7-8. In contrast, dose
level 8 is clearly the most probable dose when using the BOIN
design. Again, there was a marked difference between the two
designs in terms of “early stop” with the BOIN always stopping
early in DLT scenario 5.

RESULTS

Illustration

The clinical results of the study have been published elsewhere [29].
In summary, 26 patients with various primary solid tumors were
enrolled in the study. Of the 26 enrolled, 23 were evaluable for
efficacy. One patient experienced a DLT. In the 8 mg-800 mg dose
range, disease control, i.e., at least stable disease at first assessment
at 8 weeks, occurred in 13/23 patients (54%). PD activity remained
stable at a broad dose range (24 mg-800 mg). The MTD for the
BOIN study design and the OBD for the BOIN12 study design

were determined using the simulation tools in the BOIN suite [30].

The BOIN design
The MTD for the BOIN design is determined by applying

isotonic regression to the observed DLT rates so that they are
monotonically non-decreasing, and then selecting the dose for
which the smoothed DLT rate is closest to the target DLT rate [31].
The results of the analysis are given in Table 11. One patient in the
80 mg cohort died due to rapid disease progression before the end
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of the DLT observation period and was therefore not included in ~ The BOIN12 design

the DLT rate calculation for that dose. As can be observed in Table

11, the toxicity profile was extremely benign so the early stopping Table 12, provides a summary of the study results. Table 13,
rule of a maximum of 12 patients exposed at any dose level was not provides estimates of the marginal toxicity probability, marginal
met. Instead, the study stopped when the maximum sample size efficacy probability, and mean utility for each dose. The OBD was
was reached. The MTD was determined to be dose level 7 (800 mg). determined to be dose level 4 (24 mg).

Table 11: Maximum Tolerated Dose (MTD) selection smoothed DLT rate is closest to the target DLT rate.

Dose level Number of patients Patients with DLTs  Posterior DLT estimate ~ 95% credible interval Posterior toxicity>0.3
0.15 mg 1 0 0.01 (0.00,0.13) 0.03
1.5 mg 1 0 0.01 (0.00,0.13) 0.03
8 mg 3 0 0.01 (0.00,0.13) 0.03
24 mg 3 0 0.01 (0.00,0.13) 0.03
80 mg 5 1 0.01 (0.00,0.13) 0.09
240 mg 3 0 0.01 (0.00,0.13) 0.09
800 mg 9 0 0.01 (0.00,0.13) 0.09

Table 12: Summary of clinical study results.

Dose level/outcomes DL1 DL2 DL3 DL4 DL5 DL6 DL7
0.15 mg 1.5 mg 8 mg 24 mg 80 mg 240 mg 800 mg
No. of Patients 1 1 3 3 5 3 9
No.(Toxicity=0,Efficacy=1) 0 0 1 3 2 3 4
No.(Toxicity=1,Efficacy=1) 0 0 0 0 0 0 0
No.(Toxicity=0,Efficacy=0) 1 1 2 0 2 0 5
No.(Toxicity=1,Efficacy=0) 0 0 0 0 1 0 0
No. of Toxicity 0 0 0 0 1 0 0
No. of Efficacy 0 0 1 3 2 3 4
Note: DL: Dose Level
Table 13: Summary of clinical study results.
Dose level/probabilities DL1 DL2 DL3 DL4 DL5 DL6 DL7
0.15 mg 1.5 mg 8 mg 24 mg 80 mg 240 mg 800 mg
No.(Toxicity=0,Efficacy=1) 0 0 0.33 1 0.4 1 0.44
No.(Toxicity=1,Efficacy=1) 0 0 0 0 0 0 0
No.(Toxicity=0,Efficacy=0) 1 1 0.67 0 0.4 0 0.56
No.(Toxicity=1,Efficacy=0) 0 0 0 0 0.2 0 0
Pr(Toxicity) 0 0 0 0 0.01 0.01 0.01
Pr(Efficacy) 0 0 0.33 1 0.4 1 0.44
Mean Utility 46.67 46.67 56 80 54.29 80 63.64

Note: DL: Dose Level
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DISCUSSION

We present a real-life case study where a standard BOIN design
was used to estimate the MTD [29]. As the investigational drug
was found to have a benign toxicity profile, we decided to compare
the performance of the BOIN design, as originally conceived, and
the BOIN12 design, which uses both efficacy and toxicity data
to estimate the OBD, first in a simulation study and then in a
comparative analysis of the actual study results.

The simulation study indicates that the BOIN12 design generally
leads to a larger sample size compared to the standard BOIN
design. This is presumably because the dose-escalation decisions
under the BOIN12 design, in contrast to the BOIN design, are
based on the efficacy-toxicity trade-off [25]. The simulation study
showed that in the majority of runs the BOIN design needed no
more than 21 patients to estimate the MTD, whereas the BOIN12
needed the maximum sample size of 27 patients to estimate the
OBD. However, the disadvantage of the BOIN design is that dose
selection is based on toxicity alone.

When the toxicity profile of a compound is benign (DLTS5), as
was seen in the case study, the BOIN design most frequently selects
the highest dose as the MTD, whereas the selection of the OBD
depends on the shape of the dose-response curve. In the simulation
study, under DLTS5, dose levels 5-6 were the most probable using
the BOIN12 design for the bell-shaped (ES1) and the S-shaped (ES2)
dose-response curves. For the monotonically increasing (ES3) dose-
response curve, dose levels 7-8 were the most likely to be selected.
In contrast dose levels 8 was the most likely MTD using the BOIN
design. This is due to the fact that the dose escalation/de-escalation
rules in the BOIN design only take account of observed DLTs and
if the rate always stays below the lower boundary, then the dose will
always be escalated irrespective of any efficacy signal. Hence, for a
compound with a benign toxicity profile, the BOIN12 design may
be more suitable.

The selection of the OBD using the BOIN12 design is dependent
on the shape of the dose-response curve irrespective of the toxicity
profile of the compound. Even when the toxicity profile was not
benign, the OBD is dependent on the dose-response relationship
and usually lower than the MTD. This makes the BOIN12 design
an attractive option to implement in early-phase oncology trials, as
it selects the lowest dose providing the highest rate of efficacy while
being safely administered. The BOIN design can be a useful option
for cytotoxic chemotherapies where the dose-response relationship
is steeply increasing monotonically. However, dosefinding trials
that select the phase 2 dose based on dose- and exposure- response,
represent a more informed approach to identify the optimal

dosages [20].

The actual study results tend to support the BOIN12 as the more
attractive option. As predicted, the maximum sample size of 27
subjects was enrolled as the early stopping rule was not met at any
dose level. The BOIN design determined dose level 7 (800 mg) to
be the MTD, although this was in effect just the maximum dose
tested, whereas the BOIN12 determined dose level 4 (24 mg) to be
the OBD when taking efficacy and safety into account.

The limitation of our study is that we consider only one trial.
We hope that this article will encourage other investigators to
publish case studies comparing early-phase oncology designs, so
we can better understand how these perform in real-life situations.
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Targeted therapies with different dose-response relationships and
other designs such as EffTox [26] or the Probability Intervals of
Toxicity and Efficacy (PRINTE) method could be compared to the
BOIN and BOINI12 [32]. This will enable us to better understand
these methodologies and make more informed dose selection
decisions in clinical development.

CONCLUSION

The case study presented in this article suggests that model-assisted
designs may select different optimal doses depending on whether
only toxicity or both toxicity and efficacy data are considered. We
would therefore encourage investigators to utilize methods that
take account of both efficacy and toxicity when designing early-
phase oncology studies.

ACKNOWLEDGEMENT

This work is a result of the collaboration between ICON plc.,
IQVIA, Numab Therapeutics AG and University of Limerick (UL).
The authors would like to specially thank the Drug Development
Services group in [CON plec., the RADDS department in IQVIA,
and University of Limerick for providing resources in support of
completing this research work. Special thanks also goes to Numab
Therapeutics AG.

DECLARATIONS

This work is not under consideration for publication elsewhere,
that its publication is approved by all authors and tacitly or explicitly
by the responsible authorities where the work was carried out, and
that, if accepted, it will not be published elsewhere in the same
form, in English or in any other language, including electronically,
without the written consent of the copyright-holder.

FUNDING

This research work has been supported jointly by ICON plc. and
IQVIA. The authors declare that there has been no additional
funding sources for this research work. The analyses, conclusions,
opinions and statements expressed herein are those of the authors’.

AUTHOR CONTRIBUTIONS

Tim Clark (TC), Ayon Mukherjee (AM), Peter Lichtlen (PL) and
James Sweeney (JS) initiated the project. The concept originated
from AM and then further developed by TC and JS. The first draft
of the manuscript was written by TC and refined by AM, PL and
JS. JS conducted the simulations which has been validated by AM
and TC. All authors contributed to the manuscript and read and
approved the final manuscript.

CONFLICT OF INTEREST
The authors declare no potential conflict of interests.

DATA AVAILABILITY STATEMENT

Data sharing not applicable to this article as no datasets were
generated or analysed during the current study.

ETHICS APPROVAL STATEMENT

Not Applicable



Clark T, et al.

REFERENCES

1. Storer BE. Design and analysis of phase I clinical trials. Biometrics.

1989:925-937.

2. Korn EL, Midthune D, Chen TT, Rubinstein LV, Christian MC,
Simon RM. A comparison of two phase I trial designs. Stat Med.
1994;13(18):1799-1806.

3. Phillips AJ, Clark TP. Improving early phase oncology clinical trial
design: A case study. Pharm Stat. 2022;21(6):1370-1375.

4. Lin'Y, Shih WJ. Statistical properties of the traditional algorithm-based
designs for phase I cancer clinical trials. Biostatistics. 2001;2(2):203-
215.

5. O’Quigley J, Conaway M. Continual reassessment and related dose-

finding designs. Stat Sci. 2010;25(2):202-216.

6. Neuenschwander B, Branson M, Gsponer T. Critical aspects of the
Bayesian approach to phase I cancer trials. Stat Med. 2008;27(13):2420-
2439.

7. Yin G, Yuan Y. Bayesian model averaging continual reassessment
method in phase I clinical trials. ] Am Stat Assoc. 2009;104(487):954-
968.

8. Durham SD, Flournoy N. Random walks for quantile estimation.
Statistical Decision Theory and Related Topics. Springer. 1994.

9. Stylianou M, Flournoy N. Dose finding using the biased coin up-and-
down design and isotonic regression. Biometrics. 2002;58(1):171-177.

10.Whitehead ], Brunier H. Bayesian decision procedures for dose
determining experiments. Stat Med. 1995;14(9):885-893.

11. Leung DH, Wang YG. Isotonic designs for phase I trials. Control Clin
Trials. 2001;22(2):126-138.

12.Ji Y, Liu P, Li Y, Nebiyou Bekele B. A modified toxicity probability
interval method for dose-finding trials. Clin Trials. 2010;7(6):653-663.

13.Yan F, Mandrekar SJ, Yuan Y. Keyboard: a novel Bayesian toxicity
probability interval design for phase I clinical trials. Clin Cancer Res.

2017;23(15):3994-4003.

14.Liu S, Yuan Y. Bayesian optimal interval designs for phase I clinical

trials. ] R Stat Soc Ser C Appl Stat. 2015;64(3):507-523.

15.Chevret S. Statistical methods for dosefinding experiments. Wiley.
2006.

16.Ting N. Dose finding in drug development. Springer. 2006.

17. Gerke O, Siedentop H. Optimal phase I dose-escalation trial designs in
oncology—A simulation study. Stat Med. 2008;27(26):5329-5344.

18.Yuan Y, Hess KR, Hilsenbeck SG, Gilbert MR. Bayesian optimal
interval design: A simple and well-performing design for phase I

] Clin Trials Vol.14 Iss.4 No:1000566

OPEN aACCESS Freely available online

oncology trials. Clin Cancer Res. 2016;22(17):4291-4301.

19.Zhou H, Yuan Y, Nie L. Accuracy, safety, and reliability of novel phase
I trial designs. Clin Cancer Res. 2018;24(18):4357-4364.

20.Margolin L, Shashkov M. Optimizing the dosage of human prescription
drugs and biological products for the treatment of oncologic diseases:
Draft guidance for industry. Federal Drugs Authority. 2023.

21.Sachs JR, Mayawala K, Gadamsetty S, Kang SP, de Alwis DP. Optimal
dosing for targeted therapies in oncology: Drug development cases

leading by example. Clin Cancer Res. 2016;22(6):1318-1324.

22.Cook N, Hansen AR, Siu LL, Razak AR. Early phase clinical trials to
identify optimal dosing and safety. Mol Oncol. 2015;9(5):997-1007.

23.Phillips A, Mondal S. Improving early phase oncology clinical trial
design: The case for finding the optimal biological dose. Pharm Stat.
2023;22(4):739-41.

24 . Fraisse ], Dinart D, Tosi D, Bellera C, Mollevi C. Optimal biological
dose: A systematic review in cancer phase I clinical trials. BMC cancer.

2021;21:60.

25.Lin R, Zhou Y, Yan F, Li D, Yuan Y. BOIN12: Bayesian optimal interval
phase I/1I trial design for utility-based dose finding in immunotherapy
and targeted therapies. JCO Precis Oncol. 2020;4:1393-1402.

26.Thall PF, Cook JD. Dose-finding based on efficacy-toxicity trade-offs.
Biometrics. 2004;60(3):684-693.

27. Takeda K, Taguri M, Morita S. BOIN-ET: Bayesian optimal interval
design for dose finding based on both efficacy and toxicity outcomes.

Pharm Stat. 2018;17(4):383-395.

28.Zhou Y, Lee JJ, Yuan Y. A utility-based Bayesian optimal interval (U-
BOIN) phase I/II design to identify the optimal biological dose for
targeted and immune therapies. Stat Med. 2019;38(28):S5299-85316.

29.Luke ], Johnson M, Gadgeel S, Spira A, Yang ], Johnson J, et al. 732
Firstin-human trial to evaluate safety, PK/PD and initial clinical
activity of NM21-1480, an affinity-balanced PD-L1x4-1BBxHSA
trispecific antibody: results of phase 1 dose escalation. ] Immunother
Cancer. 2022.

30.Zhou Y, Lin R, Kuo YW, Lee JJ, Yuan Y. BOIN suite: A software
platform to design and implement novel early-phase clinical trials. JCO

Clin Cancer Inform. 2021;5:91-101.
31. Ananthakrishnan R, Lin R, He C, Chen Y, Li D, LaValley M. An

overview of the BOIN design and its current extensions for novel early-
phase oncology trials. Contemp Clin Trials Commun. 2022;28:100943.

32.Lin X, Ji Y. Probability intervals of toxicity and efficacy design for

dosefinding clinical trials in oncology. Stat Methods Med Res.
2021;30(3):843-856.


https://aacrjournals.org/clincancerres/article/22/17/4291/121622/Bayesian-Optimal-Interval-Design-A-Simple-and-Well
https://aacrjournals.org/clincancerres/article/24/18/4357/81010/Accuracy-Safety-and-Reliability-of-Novel-Phase-I
https://aacrjournals.org/clincancerres/article/24/18/4357/81010/Accuracy-Safety-and-Reliability-of-Novel-Phase-I
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/optimizing-dosage-human-prescription-drugs-and-biological-products-treatment-oncologic-diseases
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/optimizing-dosage-human-prescription-drugs-and-biological-products-treatment-oncologic-diseases
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/optimizing-dosage-human-prescription-drugs-and-biological-products-treatment-oncologic-diseases
https://aacrjournals.org/clincancerres/article/22/6/1318/121767/Optimal-Dosing-for-Targeted-Therapies-in-Oncology
https://aacrjournals.org/clincancerres/article/22/6/1318/121767/Optimal-Dosing-for-Targeted-Therapies-in-Oncology
https://aacrjournals.org/clincancerres/article/22/6/1318/121767/Optimal-Dosing-for-Targeted-Therapies-in-Oncology
https://febs.onlinelibrary.wiley.com/doi/10.1016/j.molonc.2014.07.025
https://febs.onlinelibrary.wiley.com/doi/10.1016/j.molonc.2014.07.025
https://onlinelibrary.wiley.com/doi/10.1002/pst.2291
https://onlinelibrary.wiley.com/doi/10.1002/pst.2291
https://bmccancer.biomedcentral.com/articles/10.1186/s12885-021-07782-z
https://bmccancer.biomedcentral.com/articles/10.1186/s12885-021-07782-z
https://ascopubs.org/doi/10.1200/PO.20.00257
https://ascopubs.org/doi/10.1200/PO.20.00257
https://ascopubs.org/doi/10.1200/PO.20.00257
https://academic.oup.com/biometrics/article/60/3/684/7289367?login=false
https://onlinelibrary.wiley.com/doi/10.1002/pst.1864
https://onlinelibrary.wiley.com/doi/10.1002/pst.1864
https://onlinelibrary.wiley.com/doi/10.1002/sim.8361
https://onlinelibrary.wiley.com/doi/10.1002/sim.8361
https://onlinelibrary.wiley.com/doi/10.1002/sim.8361
https://jitc.bmj.com/content/10/Suppl_2/A764
https://jitc.bmj.com/content/10/Suppl_2/A764
https://jitc.bmj.com/content/10/Suppl_2/A764
https://jitc.bmj.com/content/10/Suppl_2/A764
https://ascopubs.org/doi/10.1200/CCI.20.00122
https://ascopubs.org/doi/10.1200/CCI.20.00122
https://www.sciencedirect.com/science/article/pii/S2451865422000606?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S2451865422000606?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S2451865422000606?via%3Dihub
https://journals.sagepub.com/doi/10.1177/0962280220977009
https://journals.sagepub.com/doi/10.1177/0962280220977009
https://www.jstor.org/stable/2531693
https://onlinelibrary.wiley.com/doi/10.1002/sim.4780131802
https://onlinelibrary.wiley.com/doi/10.1002/pst.2252
https://onlinelibrary.wiley.com/doi/10.1002/pst.2252
https://academic.oup.com/biostatistics/article/2/2/203/278575?login=false
https://academic.oup.com/biostatistics/article/2/2/203/278575?login=false
https://projecteuclid.org/journals/statistical-science/volume-25/issue-2/Continual-Reassessment-and-Related-Dose-Finding-Designs/10.1214/10-STS332.full
https://projecteuclid.org/journals/statistical-science/volume-25/issue-2/Continual-Reassessment-and-Related-Dose-Finding-Designs/10.1214/10-STS332.full
https://onlinelibrary.wiley.com/doi/10.1002/sim.3230
https://onlinelibrary.wiley.com/doi/10.1002/sim.3230
https://www.tandfonline.com/doi/abs/10.1198/jasa.2009.ap08425
https://www.tandfonline.com/doi/abs/10.1198/jasa.2009.ap08425
https://link.springer.com/chapter/10.1007/978-1-4612-2618-5_36
https://academic.oup.com/biometrics/article/58/1/171/7276016?login=false
https://academic.oup.com/biometrics/article/58/1/171/7276016?login=false
https://onlinelibrary.wiley.com/doi/10.1002/sim.4780140904
https://onlinelibrary.wiley.com/doi/10.1002/sim.4780140904
https://www.sciencedirect.com/science/article/abs/pii/S019724560000132X?via%3Dihub
https://journals.sagepub.com/doi/10.1177/1740774510382799
https://journals.sagepub.com/doi/10.1177/1740774510382799
https://aacrjournals.org/clincancerres/article/23/15/3994/257752/Keyboard-A-Novel-Bayesian-Toxicity-Probability
https://aacrjournals.org/clincancerres/article/23/15/3994/257752/Keyboard-A-Novel-Bayesian-Toxicity-Probability
https://www.jstor.org/stable/24772999
https://www.jstor.org/stable/24772999
https://catalog.loc.gov/vwebv/search?searchCode=LCCN&searchArg=2006494508&searchType=1&permalink=y
https://link.springer.com/book/10.1007/0-387-33706-7
https://bmccancer.biomedcentral.com/articles/10.1186/s12885-021-07782-z
https://bmccancer.biomedcentral.com/articles/10.1186/s12885-021-07782-z
https://aacrjournals.org/clincancerres/article/22/17/4291/121622/Bayesian-Optimal-Interval-Design-A-Simple-and-Well
https://aacrjournals.org/clincancerres/article/22/17/4291/121622/Bayesian-Optimal-Interval-Design-A-Simple-and-Well

