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Abstract: The continual reassessment method (CRM) has been an essential Bayesian finding
design in phase I clinical trials. It utilizes all the information in observed data which
contributes to its essential operational characteristics. However, the CRM has been criticized
for its aggressive dose escalation. Model-assisted methods including BOIN, Keyboard, and
mTPI improved the safety while retaining relative efficiency. In this paper, we propose four
models combining the structure of the CRM and model-assisted methods. We show that
these models could operate with comparable CRM performance through simulations. The
results suggest that two of the proposed methods outperformed the traditional methods
with a higher percentage of correct selection of true maximum tolerated dose. In addition,
the interval-based approaches offered by the new models with greater flexibility regarding
target toxicity achieved an improvement in the adaptability of the dose-finding process in
clinical trials.

Keywords: clinical trial; biostatistics; CRM; Bayesian adaptive design

MSC: 82-10

1. Introduction

Clinical trial designs assist clinicians in conducting clinical experiments. They are
proposed to evaluate the toxicity and efficiency of new drugs on the human body in the
short and long term. Clinical trials are categorized into four phases based on different
research objects and administrative requirements. Phase I clinical trial designs aim at
detecting the maximum tolerated dose which is generally abbreviated to MTD. It is defined
as the dose level that possesses the toxicity probability nearest to the acceptable target
toxicity rate. Phase II trials focus on the therapeutic effects of the novel agent. The trade-
off between toxicity and efficacy has incurred a trend in conducting phase I/II clinical
trials to achieve the highest efficacy with a limited toxic response. Phase III trials are
devoted to comparing the agent with existing drugs to examine the long-term effectiveness.
The side effects are monitored through phase IV trials as well as further investigations
after marketing.

Phase I clinical trial designs could be broadly classified into three categories including
model-based, model-assisted, and algorithm-based methods. For the algorithm-based
methods, toxicity probabilities monotonically increase in dose levels without the presump-
tion of statistical dose—toxicity models. For this reason, they are called non-parametric
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models as well. Dose allocation rules under different phenomenons could be specified
in advance without subsequent calculations. This is one of the major incentives for clin-
icians to favor algorithm-based designs. The most widely acknowledged 3+3 method
has played an essential role in this field owing to its simplicity and efficiency. It was the
most frequently used method in practice. Storer [1] summarized the procedure of this
method with mathematical modeling. A+B and A+B+C methods [2], which are variations
of the 3+3 method, were considered as well and the statistical inference of this category of
methods was discussed. However, the actual implementation of algorithm-based methods
did not perform as expected due to their conservativeness. They tended to select the dose
levels below the true MTD. The time-consuming procedure was another critical defect that
has been argued frequently.

In order to defeat these deficiencies, a number of modifications, for example, Rolling 6
Design [3] and Accelerated Titration Design [4], were introduced. Practical applications
indicate the improvements of the modified algorithm-based methods. Taking advantage of
these designs, the i3+3 method [5] was conducted by integrating the features of 3+3 and
interval-based designs. It has been gradually adopted in modern phase I clinical trials.

From the perspective of statistics, it is feasible to construct models by assuming an
explicit dose—toxicity relationship in advance. As a result, a statistical inference could
be involved in the dose-finding process. Model-based designs were originated from this
concept. They are also known as parametric designs because of the incorporation of
presumed parametric models. O’Quigley et al. [6] proposed the continual reassessment
method (CRM), which is the representative of the model-based method. It was initially
created to incorporate the prior information and the acquired experimental outcomes with
the application of Bayesian knowledge. A sophisticated design implementing statistical
concepts allows the parametric methods to pool the toxicity response data and the decision
rule shall utilize all information acquired in the experiment. Later, practical modifications
in the CRM were conducted by Goodman et al. [7] including termination rules, dose
escalation control, and initiating from the lowest. O’Quigley and Shen [8] applied a
likelihood approach based on the original CRM. Daimon et al. [9] further investigated the
Bayesian applications in clinical trial designs focusing on the issue of posterior probabilities.
Garrett-Mayer [10] and Wheeler et al. [11] summarized the specific procedure of the CRM.
In contrast, the performance could be highly influenced by the assumptions of the model,
including the dose—toxicity model, prior distribution, and skeleton, because of a small
sample size of trials.

To overcome these flaws, Gasparini and Eisele [12] proposed a curve-free method
to introduce a more flexible model. BMA-CRM [13] conquered the issue of skeleton
assignment. They averaged the results of the model with certain weights assigned according
to the performance of skeletons. Pan and Yuan [14] further discussed the issue of specifying
skeletons in BMA-CRM. Zhang et al. [15] examined the performance of the CRM with a
novel dose-toxicity curve. DA-CRM [16] and EM-CRM [17] were designed for specific
situations encountered in clinical trials. In addition, Abbas et al. [18] discussed the
situation where the prior assumptions were violated. In addition, the time delay factor was
introduced by Cheung and Chappell [19].

The latest designs tend to take advantage of both algorithm-based and model-based
methods. As a result, model-assisted methods were proposed and they abandoned the
usage of additional parameters required in the CRM but merely considered the relationship
between toxicity probabilities and dose levels. The posterior probabilities were incorpo-
rated differently. These works deduced several different dose allocation rules and final
recommendation schemes based on their characteristics.
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Considering the complexities of model-based methods, Ji et al. [20] first proposed the
TPI method to design a model that would be easily understood and applied by the non-
statisticians. Modifications of these methods, mTPI [21] and mTPI-2 [22], were proposed
subsequently. Later, Keyboard [23] was introduced to simplify the interval selection
problems in mTPI-2. The idea of optimization was introduced as well and Bayesian
optimal interval design (BOIN) [24] was designed by reducing the probabilities of wrong
selection of dose level. Keyboard and BOIN could be operated through the application of
EXCEL which is greatly convenient to apply. Yuan et al. [25] considered delayed toxicities
in the application of BOIN. In 2022, Zhou et al. [26] further extended the TITE-BOIN in
phase I/11.

In practice, the most frequently used methods would still be 3+3 and BOIN owing
to the convenience of calculation and interpretation as well as the compliance with FDA
requirements. Nevertheless, the model-based methods demonstrate remarkable perfor-
mance. In this paper, our goal is to construct four trial designs integrating the benefits of
model-based and model-assisted designs. The structure of the CRM would be adopted
to capture all the information during the trials. This would remedy the model-assisted
methods which make decisions only based on the information of the current dose. To
enhance the safety of our design, the dose allocation would reference the methods that
have been adopted in mTPI, Keyboard, and i3+3 as alternatives compared to the CRM. In
addition, the usage of interval-based designs would be able to allow a more flexible DLT
range instead of a single point. The objective of the proposed method would be to fully
use the observed information while retaining the simplicity of the model-assisted designs
and introduce the acceptable interval to enhance the flexibility of the designs. This would
result in higher or comparable accuracy of finding the true MTD and considerable overdose
control could be confirmed.

The rest of the article is organized as follows. In Section 2, the basic procedure and
structure of the model are deduced, respectively. A simulation could be conducted in
Section 3 and we shall discuss the results with certain indexes in Section 4. The conclusion
will be demonstrated in the form of a discussion in Section 5.

2. Methods
2.1. Traditional CRM

The CRM introduced by O’Quigley et al. [6] has been widely adopted in phase I
clinical trials as a result of its accuracy and efficiency. Compared with algorithm-based
methods, the CRM combines prior knowledge with statistical models that adopt Bayesian
statistics as the core methodology. A set of toxicity probabilities of p;, i = 1,-- -k with
progressively increasing relationship p; < --- < pi is pre-specified where k levels of
dose are given. With prior knowledge acquired from experience, these probabilities are
predetermined by statisticians and clinicians and are generally known as the skeleton of
the CRM.

The dose—toxicity model is proposed with one or more unknown parameters that need
to be estimated. This method aims to model the real toxicity curve based on consecutive
observations to find the MTD, which is the dose level with the toxicity probability nearest
to the target toxicity probability ¢r. Let target toxicity probability ¢ = 0.3.

Denote a as the parameter and the prior distribution of f(a) is specified in advance.
It also represents the prior beliefs of clinicians before the trials begin. In addition, the
dose—toxicity models are proposed. Power, logistics, and hyperbolic tangent models are
frequently used in the literature. Yin [27] summarized the common models used in designs
with predefined parameters in Table 1. Shen and O’Quigley [28] discussed that necessity of
the one-parameter model. It was indicated that one parameter would be sufficient to model
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the dose—toxicity curve and introduction of another parameter may lead to instability
of the estimates. The one-parameter model was also applied in [13,14,29]. The toxicity
probabilities would be defined as

P(toxicity probability at dose level i) = mt;(a) = f(a,p;), i=1,--- k.

The experiment will generally begin with the lowest dose level concerning safety once the
model and assumptions are set. During the trials, assuming that y; toxicities have been
observed from #n; patients treated at dose level i, the likelihood function is formulated as

k
L(Dla) e H{f(a, i)}V {1 — f(a, p;) i3,

According to the Bayesian theorem [30], the posterior distribution would be derived
and the posterior mean toxicity probability 7; at dose level i would be calculated as

L(Dla)f(a)
J L(Dla)f (a)da’

nl—/fapl ’Dda/f,lfLDH()du

With the estimation obtained through the observations, the updated recommendation of

f(a|D) =

dose level with posterior mean nearest to the MTD would be assigned to the next cohort
of patients. The trial would be terminated till the maximum sample size is reached or the
early termination is adopted.

Table 1. Parameter space.

Model Type Toxicity Probabilities Parameters

Power Model P;xp(u) In( ll: ((4!;% )
Logistics Model % 7 Z”(l 4>T)
Hyperbolic Tangent Model (M)’Z %

2.2. Proposed Methods

Based on the fundamental structure of the CRM, we propose to apply the dose alloca-
tion rule in model-assisted methods. The power model will be selected as in simulations.
Specifically, dose selection rules in mTPI, i3+3, and Keyboard will be integrated into the
model-based Bayesian framework. Posterior probabilities 77;(a|D) will be calculated with
the observed data D. The information on dose response would be fully utilized in succes-
sively updating posterior distribution. The trial will sequentially recommend dose levels
based on the procedures in the following subsections. The Bayesian formula could allow
us to fully use the information observed throughout trials. Therefore, once the trial is
terminated, the final recommended dose level would be the one chosen based on all the
data from patients across the trial.

Taking the power model as an illustration for our idea, the toxicity model would be

P(toxicity probability at dose level i) = mt;(a) = pfx’g(“),
where g is the unknown parameter which would be re-estimated through the trials. In
addition, the prior distribution f(a) would be determined in advance, summarizing the
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pre-knowledge of the agent. Assume that we could observe y; toxicities occurring in #;
patients who are treated at dose level i; then, the likelihood function can be formulated as

k
L(Dla) o T T{p ™"y {1 — @3 o),
i=1

The posterior distribution f(a|D) would be derived with the observations of (1;,y;) by
the formula

o L))
SaP) = T (D a) f(a)da

TTE {271 — ptP @y =) £ (a)
ST {p Py 1 — pP Dy 05-v0) £ (a) f (a)da

The posterior mean would be calculated as the toxicity probabilities estimated at dose

level i. Thus, the estimated toxicities 7t; would be

Termination rules for safety control are adopted as those used in Ji et al. [21]. In
addition, a rule of escalation control [7] is introduced for the reason that the CRM has
been criticized for its aggressive escalation. We control the de-escalation procedure since
ineffective treatment at lower levels could be harmful as well. Escalation with overdose
control (EWOC) is employed to solve the overdose issue [31].

¢  Early Termination
Suppose that dose level 1 has been recommended for patients. The trial would be
terminated early if the observed data indicate the unacceptable toxicity probability at
the lowest dose level. That is

P(my(a) > ¢r |D) > ¢,

where the ¢ is of a value that is close to 1. Be clear that, once the early termination is
determined, no dose would be recommended because of the intolerable toxicities.

e EWOC
For dose level i, the next dose level at i + 1 will not be recommended if

P(7is1(a) > ¢r|D) > 6,

where the 6 should be large enough, usually say 0.65, to reduce the chance of overdose.
The following cohorts of patients will be suggested to stay at the same level until there
is enough evidence to indicate that the chance of over-toxicity in the next dose level is
small enough for dose escalation.
¢ Escalation Control

In the trial, the transition will be restricted within one dose range. In other words,
when escalation/de-escalation is chosen for patient j 4+ 1, we could select at most one
dose level higher/lower than the level at which patient j has been treated.

2.2.1. iCRM

Instead of only considering the posterior mean toxicity probability, we focus on the
toxicity interval with the updated posterior distribution of a. Starting at the lowest dose
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level, we could acquire the toxicity response sequentially. Define the probability that the
posterior probability at each dose level falls within the tolerable interval (0.25, 0.35) as

T; = P{m;(a) € [0.25,0.35] |D}, fori=1,--- k.
The dose level would be selected according to the schemes that

] = argmax{T;}.
ic{1,- k}

That is, the dose level with the highest posterior probability of allocating in the target
interval would be selected as the next recommendation.
Based on the power model, at a given dose level i, we have

T; = P{0.25 < m;(a) < 0.35 |D}
_ (a)
=P{0.25 < p;"" <0.35|D}

In(0.35) In(0.25)
=Plin(——2%)<a<lIn D
Uty ) = 0= My ) 1P
In(od)
— '/ln(ln(OSI;)) f(a|D) da.
ln(pi)

The dose level with the largest T; would be selected as a recommendation for the next
cohort of patients. The final recommendation would follow the same idea with all patients’
data collected.

2.2.2. mCRM

Motivated by mTPI [21], defining EI as [¢1 — €1, ¢ + €2], we could be able to derive
the dose allocation rule. Suppose we have collected the dose toxicity responses and the
observed data D = {(n;,y;), fori =1,---,k}. The probability of the posterior toxicity
probabilities that belong to the interval [L, U] could be defined as

pi(L, U) = P(7;(a) € [L, U] |D).

With the obtained responses of patients, the dose should be escalated, stayed, or de-
escalated if (0, 7 — €1), [T — €1, @1 + €2], (P71 + €2, 1] has the largest posterior probability
mass. That is

j = argmax{U;},

je{E,D,S}
where, for each interval, we have
o0
Ug = pi(0, 7 —€1) = /;n(¢T—E1) f(a|D) da;
In(p;)
1”(’47"([*)61)
N n(p; .
Us = pi(¢r — €1, ¢1 + €2) = ﬁn«mm f(a|D) da;
In(p;)

In(¢pT+ep)

Up = pi(dr +€2,1) :/O "0 £(a|D) da.

Generally, we choose €1 = € = 0.05 and the trial would be conducted until early termina-
tion or the sample size has been exhausted. The final recommendation would be derived
from all the information collected throughout the trial.
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2.2.3. bCRM

In this model, we propose to calculate the mean posterior toxicity probability at dose
level i and choose the dose for the next patient based on the following rule

Escalation if 7ty € (0,0.25)
Stay if 7 € 0.25,0.35]
De-escalation if t; € (0.35,1]

These intervals are similar to the one applied in i3+3 [5]. We named it the boundary CRM
(bCRM). If the posterior mean toxicity probability of the current dose level i allocates in
(0.35, 1], the dose level can be considered too toxic and de-escalation would be adopted.
On the opposite, if 71; € (0,0.25), we would recommend one dose level higher because of
the inefficient treatment. We would assign the same dose level i once 7; € [0.25,0.35] is
calculated. Compared to the traditional CRM, this would allow for a tolerance interval for
toxicity probabilities.

2.2.4. kCRM

Different from the mCRM, ten intervals would be divided and referred to as keys [11].
Firstly, we select our target key as (0.25, 0.35) which is the same interval we are aiming at in
the mCRM and iCRM. With a width of 0.1, other intervals would be derived as (0.05, 0.15),
(0.15, 0.25), (0.35, 0.45), (0.45, 0.55), (0.55, 0.65), (0.65, 0.75), (0.75, 0.85), and (0.85, 0.95). The
recommended selection of boundaries of j-th key in Yan et al. [23] could also be written as

Vi =0.1j—0.05, forj=1,---9.

Posterior probability in each interval for dose level i could be calculated and we define

n(v;)

o In(p;) .
M] = pi(‘/j/ ‘/jJrl) = P{T[i(a |D) € [‘/]I ‘/j+1]} - \/ZW(V;:A) f(ﬂ|D) da,for] =1,---,9.
In(p;)

Then, for the current dose level i, the strongest key denoted as K would be the one with the
highest posterior probability mass which is

K = argmax{M;}.
]'6{1,.../9}

Consider the situation where the strongest key is located after a probability of 0.35, that
is K > 3. It indicates that the posterior toxicity probability at dose level i would have a
higher chance to locate above the upper bound of the tolerable interval. As a result, dose
de-escalation would be adopted and the next lower dose would be recommended. If K < 3
is obtained, the current dose could be regarded as underestimated and the next higher dose
will be suggested to the next patient. Only when the strongest key is allocated in the target
key will we choose to stay at the current dose. The selection schemes are summarized as

Escalation if K<3
Stay if K=3
De-escalation if K >3

Once the patients in the trial are exhausted, the dose selection deduced with all observed
data would be our final recommendation.
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2.3. Numerical Integrations

The novel designs rely on a Bayesian statistical model to estimate the dose—toxicity
relationship, and the application often involves solving integrals or performing simula-
tions to update the model parameters based on observed data. Closed-form solutions are
rarely available because the likelihood function can be complicated owing to the sequential
enrollment of patients at different dose level. In addition, the prior and posterior distri-
bution may not be conjugate, making it challenging to obtain the closed-form result. Due
to the application of the one-parameter model, numerical integration methods could be
adopted to calculate the posterior distribution. The integrate function in R has been used in
our simulations. Techniques like Monte Carlo simulations could be used in models with
more parameters.

3. Simulation

The operational characteristics would be investigated through simulation conducted
through R (latest v. R4.4.3). For the experimental settings, we propose to examine six
dose levels with the existence of a basic presumption of monotonicity in the dose-toxicity
relationship. There would be at most 36 patients enrolled in each trial and three patients
would be introduced for each dose assignment in a cohort. Ten scenarios are listed and
demonstrated in Figure 1. The scenarios adopted vary in the location of the true MTD
and the shape of the corresponding toxicity curve. The Yin et al. [29] has adopted similar
scenarios for simulations. The extreme situations mentioned in [11] where no MTD would
be found since the lowest dose level possesses the toxicity probability above target or the
highest dose level possesses the toxicity probability below target are considered as well.

0.1,0.12,0.30,0.50, 0.60, 0.65), scenariol
0.06,0.08,0.10,0.15,0.30, 0.45), scenario2
0.08,0.12,0.20,0.30,0.40, 0.50), scenario3
0.02,0.05,0.08,0.10,0.14, 0.30), scenario4
0.05,0.14,0.18,0.20,0.23,0.30), scenario5
0.05,0.10,0.30,0.50, 0.65, 0.75), scenariob
0.01,0.02,0.04,0.06,0.30,0.50)
0.20,0.30,0.45,0.55,0.60, 0.70), scenario8
0.30,0.45,0.50,0.60,0.70, 0.80), scenario9
)

0.50,0.60,0.70,0.80,0.85,0.90), scenariol0

,scenario?

(
(
(
(
(
(
(
(
(
(

A general pre-specified probability skeleton is applied, that is
(p1,---,ps) = (0.1,0.2,0.3,0.4,0.5,0.6).

The parameters €; = € = 0.05 are determined in the mCRM. For safety control, { = 0.98
and 6 = 0.65 are proposed to reduce the chance of assigning doses with a high risk of
toxicities. In total, 10,000 simulations were carried out for a target of ¢v = 0.3. Normal
prior distribution of a is assumed to be N(0, 2). For comparison, we compare the results of
our model with the traditional CRM [6], BOIN [24], and Keyboard [23]. Basic settings for
proposed methods are applied in the CRM as well.
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Scenario

—— Scenario1
Scenario2
—— Scenario3
Scenario4
—— Scenario5
Scenariof
Scenario?
— Scenario8
—— Scenario9

Scenario10 -
— — Target /

1.0

0.8

Toxicity Probability

Dose level

Figure 1. True toxicity probabilities under different scenarios.

4. Results and Discussion
4.1. Discussion of the Simulation Results

In Tables 2-5, we have the simulation results conducted with different methods. The
first row under each scenarios is the true toxicity probabilities of each dose level. The
following row compares the results of the traditional CRM, iCRM, kCRM, bCRM, and
mCRM under Normal(0, 2) assumptions while the fourth and the fifth rows depict the
performance of Keyboard and BOIN.

The percentage of correct selection, i.e., the percentage of dose recommendations at
the true MTD, would be used as a primary measure to evaluate the performance of the
operating models [9]. The inconclusive trials which are caused by early termination of an
over-toxic initial dose would be denoted by “NONE”. Three additional measures would be
adopted as supplements for the evaluation.

*  Allocation percentage at each dose is calculated as percentage of patients treated at
each dose within each trial.

¢  Average number of DLTs that occurred in trials across the simulations measures the
safety of the design.

*  The rate of overdose is the percentage of trials that recommended the dose level above
the true MTD.

As suggested in [32], full optimization of the average number of DLTs and rate of
overdose may not be desirable. Allocating more patients at lower doses would achieve
better performance of these criteria but with an overly conservative escalation schedule.

The results are summarized in Figures 2—-4. In general, most of our proposed methods
performed well compared to the traditional CRM, Keyboard, and BOIN. To be precise,
the mCRM achieved the highest percentage of selecting the correct MTD in scenarios 1,
3,4,5, and 6 and the iCRM achieved the highest percentage of selecting the correct MTD
in scenarios 2 and 8. The kCRM outperformed other methods in scenario 9. In scenario
10, no dose shall be selected as the MTD since the probability of toxicity at the lowest is
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unacceptable already. BOIN achieved the highest rate of early termination which shall be

considered as safe.

Table 2. Simulation results of final recommendation percentage at each dose level and average

number of toxicities [scenarios 1-5].

Final Recommendation Percentage at Dose Level Ave # of Toxicities Overdose
Designs 1 2 3 4 5 6 None
Scenariol 0.1 0.12 0.3 0.5 0.6 0.65
kCRM 0.009 0.226 0.653 0.107  0.003 0.000 0.001 9.981 0.110
iCRM 0.002 0.126 0.678 0.187  0.005 0.000 0.001 9.957 0.192
bCRM 0.021 0.180 0.602 0.176 0.020 0.001 0.001 9.840 0.196
mCRM 0.041 0.021 0.694 0.238 0.004 0.000 0.001 11.311 0.243
CRM 0.003 0.147  0.683 0.161 0.004  0.000 0.001 9.831 0.165
Keyboard 0.006 0.189 0.669 0.123 0.010 0.001 0.003 9.340 0.133
BOIN 0.007  0.196 0.651 0.134 0.009 0.001 0.003 8.341 0.144
Scenario2 0.06 0.08 0.1 0.15 0.3 0.45
kCRM 0.001 0.007  0.033 0.267 0551 0.141 0.000 7.838 0.141
iCRM 0.000 0.004 0.020 0.182 0.584 0.209 0.000 7.830 0.209
bCRM 0.000 0.004 0.044 0.216 0.503 0.232 0.000 7.720 0.232
mCRM 0.006 0.005 0.012 0.166 0.544 0.268 0.000 7.597 0.268
CRM 0.000 0.004 0.024 0.200 0.573 0.198 0.000 7.722 0.198
Keyboard 0.001 0.005 0.022 0.231 0.543 0.199 0.000 7.413 0.199
BOIN 0.001 0.007  0.035 0.279 0.490 0.189 0.000 6.265 0.189
Scenario3 0.08 0.12 0.2 0.3 0.4 0.5
kCRM 0.003 0.049 0.295 0.451 0.180 0.022 0.001 8.830 0.202
iCRM 0.001 0.027  0.239 0.471 0.228 0.033 0.001 8.809 0.261
bCRM 0.003 0.049 0.266 0.426 0.212 0.043 0.001 8.710 0.255
mCRM 0.022 0.016 0.151 0.531 0.237  0.043 0.001 8.978 0.280
CRM 0.001 0.034 0.259 0.463 0.212 0.030 0.001 8.717 0.242
Keyboard 0.005 0.053 0277 0418 0.199 0.046 0.001 8.364 0.245
BOIN 0.006 0.067 0313 0.410 0.166 0.038 0.001 7.336 0.203
Scenario4 0.02 0.05 0.08 0.1 0.14 0.3
kCRM 0.000 0.000 0.004 0.032 0274  0.690 0.000 6.250 0.000
iCRM 0.000 0.000 0.002 0.018 0.180 0.801 0.000 6.257 0.000
bCRM 0.000 0.000 0.003 0.037 0176 0.785 0.000 6.201 0.000
mCRM 0.000 0.000 0.001 0.017 0157  0.825 0.000 6.104 0.000
CRM 0.000 0.000 0.003 0.021 0.190 0.787 0.000 6.209 0.000
Keyboard 0.000 0.001 0.004 0.025 0237  0.732 0.000 5.883 0.000
BOIN 0.000 0.001 0.009 0.058 0.248 0.684 0.000 4.998 0.000
Scenario5 0.05 0.14 0.18 0.2 0.23 0.3
kCRM 0.001 0.034 0.116 0.234 0.323 0.293 0.000 7.008 0.000
iCRM 0.000 0.021 0.093 0.212 0.310 0.363 0.000 7.010 0.000
bCRM 0.002 0.024 0.110 0.209 0.287  0.368 0.000 6.9657 0.000
mCRM 0.008 0.009 0.065 0.229 0.300 0.389 0.000 6.933 0.000
CRM 0.000 0.023 0.105 0.216 0.310 0.346 0.000 6.972 0.000
Keyboard 0.009 0.051 0.107  0.181 0.271 0.382 0.000 6.804 0.000
BOIN 0.010 0.068 0.146 0.253 0.235 0.288 0.000 6.120 0.000
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Table 3. Simulation results of final recommendation percentage at each dose level and average
number of toxicities [scenarios 6-10].

Final Recommendation Percentage at Dose Level Ave # of Toxicities Overdose
Designs 1 2 3 4 5 6 None
Scenario6 0.05 0.1 0.3 0.5 0.65 0.75
kCRM 0.001 0.188 0.698 0.112 0.002 0.000 0.000 10.358 0.113
iCRM 0.000 0.090 0.705 0.201 0.003 0.000 0.000 10.331 0.204
bCRM 0.018 0.146 0.627 0187  0.021 0.000 0.000 10.205 0.208
mCRM 0.004 0.004 0734 0254 0.004 0.000 0.000 11.921 0.257
CRM 0.000 0.106 0.715 0.176 0.003 0.000 0.000 10.205 0.178
Keyboard 0.003 0.175 0.695 0.121 0.005 0.000 0.000 9.300 0.127
BOIN 0.003 0177  0.681 0.132 0.007  0.000 0.000 8.159 0.139
Scenario? 0.01 0.02 0.04 0.06 0.3 0.5
kCRM 0.000 0.000 0.000 0.131 0.700 0.168 0.000 8.809 0.168
iCRM 0.000 0.000 0.000 0.061 0.680 0.258 0.000 8.808 0.258
bCRM 0.000 0.000 0.015 0.136 0.570 0.280 0.000 8.641 0.280
mCRM 0.000 0.000 0.000 0.059 0.582 0.359 0.000 8.407 0.359
CRM 0.000 0.000 0.000 0.070 0.683 0.248 0.000 8.638 0.248
Keyboard 0.000 0.000 0.000 0.151 0.704 0.145 0.000 7.347 0.145
BOIN 0.000 0.000 0.001 0.147  0.678 0.175 0.000 6.108 0.175
Scenario8 0.2 0.3 0.45 0.55 0.6 0.7
kCRM 0.378 0.486 0.115 0.009 0.001 0.000 0.012 10.518 0.124
iCRM 0.234 0.565 0.176 0.012 0.001 0.000 0.012 10.561 0.189
bCRM 0.293 0.504 0.167  0.023 0.002 0.000 0.012 10.413 0.191
mCRM 0.403 0.029 0.528 0.027  0.001 0.000 0.012 11.625 0.556
CRM 0.261 0.557  0.160 0.009 0.001 0.000 0.012 10.429 0.170
Keyboard 0.257 0537  0.150 0.019 0.001 0.000 0.037 10.339 0.170
BOIN 0.262 0.530 0.151 0.019 0.002 0.000 0.037 9.863 0.172
Scenario9 0.3 0.45 0.5 0.6 0.7 0.8
kCRM 0.795 0.104 0.015 0.001 0.000 0.000 0.085 11.634 0.120
iCRM 0.700 0.195 0.019 0.001 0.000 0.000 0.085 11.686 0.215
bCRM 0.717  0.168 0.029 0.002 0.000 0.000 0.085 11.570 0.198
mCRM 0.669 0.005 0.238 0.003 0.000 0.000 0.084 11.957 0.247
CRM 0.720 0.179 0.016 0.001 0.000 0.000 0.085 11.577 0.196
Keyboard 0.630 0.154 0.023 0.002 0.000 0.000 0.192 10.937 0.179
BOIN 0.633 0.152 0.020 0.002 0.000 0.000 0.193 10.748 0.174
Scenariol0 0.5 0.6 0.7 0.8 0.85 0.9
kCRM 0.264 0.001 0.000 0.000 0.000 0.000 0.735 10.468 0.001
iCRM 0.262 0.003 0.000 0.000 0.000 0.000 0.735 10.471 0.003
bCRM 0.261 0.002 0.000 0.000 0.000 0.000 0.737 10.462 0.002
mCRM 0.227  0.000 0.041 0.000 0.000 0.000 0.732 10.677 0.041
CRM 0.261 0.002 0.000 0.000 0.000 0.000 0.737 10.449 0.002
Keyboard 0.129 0.002 0.000 0.000 0.000 0.000 0.868 7.898 0.002
BOIN 0.128 0.002 0.000 0.000 0.000 0.000 0.870 7.834 0.002

In scenario 1, the MTD is at the third dose level. Though the traditional CRM achieved
68.34% of patients assigned to the MTD, the mCRM outperformed it with a higher risk
of allocating patients at a higher dose level. The iCRM achieved the third-best results. In
addition, results of Keyboard and BOIN indicated well-performed implementations of
these methods and a lower rate of average number of toxicities occurred. In scenario 6, the
mCRM achieved similar results. It achieved the highest percentage of correct selection but
with a higher percentage of patients allocated in dose levels considered to be unacceptable.
As a result, a higher rate of toxicities occurred in the experiment. The fourth dose level
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was chosen as the MTD in scenario 2 as the highest dose level that is tolerable enough for
clinicians; the iCRM defeated other methods with the highest proportion of right selection
which was at 58.42%. The CRM performed slightly better than the other proposed methods
at 57.31%. The mCRM achieved the lowest number of average toxicities in the CRM-based
methods. Still, the safest method is BOIN, but it achieved the worst experimental results
as well. In scenario 3, compared with other methods, the mCRM achieved a remarkable
selection percentage at 53.07% which is around 8% higher than others. It also allocated the
highest percentage of patients at the true MTD with a slightly higher number of toxicities.
Similar results could be observed in scenario 4. With the highest dose level within the
tolerable interval, the mCRM achieved 82.46% correct selection rate which is about 5%
higher than others on average. The average number of toxicities of the mCRM was the
lowest compared with the traditional CRM, kCRM, iCRM, and bCRM. Scenario 5 was quite
similar to scenario 4 and the same results were drawn for the data.

Table 4. Simulation results of allocation percentage at each dose level [scenarios 1-5].

Allocation Percentage at Dose Level

Designs 1 2 3 4 5 6
Scenariol
kCRM 0.137 0.220 0.437 0.175 0.030 0.003
iCRM 0.136 0.220 0.439 0.176 0.027 0.003
bCRM 0.140 0.225 0.438 0.171 0.025 0.002
mCRM 0.173 0.097 0.406 0.298 0.023 0.002
CRM 0.144 0.222 0.434 0.173 0.025 0.002
Keyboard 0.133 0.270 0.429 0.147 0.019 0.001
BOIN 0.173 0.344 0.347 0.123 0.013 0.001
Scenario2
kCRM 0.106 0.100 0.120 0.218 0.309 0.147
iCRM 0.106 0.100 0.120 0.221 0.304 0.149
bCRM 0.106 0.100 0.126 0.221 0.309 0.138
mCRM 0.118 0.090 0.109 0.247 0.312 0.124
CRM 0.109 0.097 0.123 0.226 0.306 0.139
Keyboard 0.106 0.118 0.139 0.231 0.275 0.132
BOIN 0.129 0.148 0.179 0.260 0.202 0.082
Scenario3
kCRM 0.121 0.138 0.252 0.296 0.154 0.038
iCRM 0.121 0.139 0.254 0.299 0.149 0.039
bCRM 0.123 0.141 0.261 0.296 0.145 0.035
mCRM 0.149 0.096 0.196 0.390 0.139 0.030
CRM 0.126 0.138 0.257 0.301 0.143 0.035
Keyboard 0.121 0.179 0.278 0.264 0.124 0.035
BOIN 0.161 0.239 0.285 0.220 0.077 0.018
Scenario4
kCRM 0.089 0.086 0.096 0.123 0.212 0.393
iCRM 0.089 0.086 0.096 0.124 0.210 0.395
bCRM 0.089 0.086 0.099 0.123 0.215 0.386
mCRM 0.091 0.085 0.093 0.132 0.230 0.369
CRM 0.090 0.086 0.097 0.126 0.214 0.387
Keyboard 0.090 0.101 0.118 0.133 0.209 0.349
BOIN 0.104 0.126 0.146 0.170 0.218 0.236
Scenariob
kCRM 0.106 0.127 0.179 0.215 0.210 0.163
iCRM 0.106 0.128 0.179 0.217 0.206 0.164
bCRM 0.107 0.129 0.191 0.210 0.204 0.158
mCRM 0.123 0.097 0.164 0.262 0.209 0.146
CRM 0.108 0.127 0.184 0.219 0.203 0.158
Keyboard 0.114 0.182 0.198 0.186 0.160 0.160

BOIN 0.164 0.229 0.219 0.184 0.117 0.085
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Table 5. Simulation results of allocation percentage at each dose level [scenarios 6-10].

Allocation Percentage at Dose Level

Designs 1 2 3 4 5 6
Scenario6
kCRM 0.104 0.194 0.467 0.202 0.032 0.002
iCRM 0.103 0.193 0.469 0.203 0.029 0.002
bCRM 0.104 0.200 0.468 0.198 0.028 0.002
mCRM 0.113 0.091 0.424 0.344 0.026 0.002
CRM 0.106 0.200 0.466 0.200 0.027 0.002
Keyboard 0.105 0.266 0.454 0.156 0.019 0.001
BOIN 0.138 0.350 0.367 0.131 0.013 0.001
Scenario?7
kCRM 0.086 0.084 0.085 0.134 0.371 0.241
iCRM 0.086 0.084 0.085 0.135 0.368 0.242
bCRM 0.086 0.084 0.086 0.137 0.385 0.222
mCRM 0.086 0.084 0.085 0.146 0.400 0.199
CRM 0.086 0.084 0.086 0.139 0.382 0.224
Keyboard 0.086 0.089 0.096 0.211 0.371 0.147
BOIN 0.091 0.100 0.115 0.286 0.296 0.112
Scenario8
kCRM 0.415 0.368 0.174 0.037 0.005 0.001
iCRM 0.403 0.379 0.176 0.037 0.005 0.001
bCRM 0.429 0.362 0.170 0.033 0.005 0.000
mCRM 0.471 0.096 0.354 0.075 0.004 0.000
CRM 0.427 0.364 0.170 0.035 0.004 0.000
Keyboard 0.379 0.418 0.170 0.030 0.003 0.000
BOIN 0.454 0.378 0.143 0.023 0.002 0.000
Scenario9
kCRM 0.748 0.183 0.058 0.010 0.001 0.000
iCRM 0.738 0.193 0.058 0.011 0.001 0.000
bCRM 0.758 0.175 0.056 0.009 0.001 0.000
mCRM 0.736 0.059 0.180 0.023 0.001 0.000
CRM 0.758 0.175 0.056 0.010 0.001 0.000
Keyboard 0.700 0.244 0.049 0.007 0.000 0.000
BOIN 0.729 0.227 0.039 0.005 0.000 0.000
Scenariol0
kCRM 0.940 0.048 0.011 0.001 0.000 0.000
iCRM 0.939 0.049 0.011 0.001 0.000 0.000
bCRM 0.943 0.046 0.010 0.001 0.000 0.000
mCRM 0.907 0.026 0.065 0.001 0.000 0.000
CRM 0.945 0.044 0.010 0.001 0.000 0.000
Keyboard 0.912 0.083 0.005 0.000 0.000 0.000
BOIN 0.920 0.076 0.004 0.000 0.000 0.000

In scenario 7, the risk of overdose in the mCRM reduced with the cost of low accuracy.
Keyboard beat the other methods in recommending the correct MTD and the kCRM was
the second-best method, accordingly. The iCRM outperformed others in scenario 8 with
a correct selection rate at 56.48%. With a remarkable correct selection rate of 79.49%, the
kCRM achieved the best performance among others. For scenario 10, the model-assisted
methods generally beat the model-based methods in safety. Specifically, BOIN mostly
adopted early termination in simulations, indicating its safety.
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Probability of overdosing under each scenario.
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Figure 4. Probability of overdosing.

In summary, our proposed CRM-based methods achieved the highest performance
in most of the scenarios. Though they did not completely beat other methods universally,
comparable results could be observed in every scenario. The mCRM outperformed in half
the number of the scenarios proposed but with slightly higher probabilities of overdose
which could be considered acceptable. For certain situations like scenario 8 where the
skeleton is wrongfully supposed compared with true toxicity probabilities and the distance
between each probability is relatively small, the mCRM could fail to identify the true MTD
and poor performance would be obtained. It seems reasonable to consider that the mCRM
may be troubled with the mismatch of model and true toxicity probabilities, and a prior
distribution of higher variance could mitigate the issue by allowing the model to fluctuate
based on the latest observations with a larger range. According to empirical knowledge,
we found that the mCRM is most suitable to be applied in situations where the toxicity
probabilities of adjacent dose levels are relatively large and the true MTD is located at a
higher dose level.

The other three methods are more stable compared to the mCRM, and iCRM per-
formed better than others except the mCRM in most scenarios. In particular, it beat the
traditional CRM frequently while retaining a similar level of safety. It could be consid-
ered a more robust and reliable method for finding a dose with an acceptable toxicity
probability interval.

4.2. Sensitivity Test

In order to examine the performance of proposed designs, simulations with a maxi-
mum number of 54 patients have been conducted under each scenario with other settings
unchanged [33]. Table 6 demonstrated the simulation results. The percentage of dose
recommendations at true MTD, the rate of overdose, and the average number of DLTs are
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used as criteria to inspect the operating characteristics. Owing to the Bayesian statistical
framework and additional information acquired from extra patients, all the models have
been improved significantly in terms of accuracy and safety in most of the situations.
Specifically, the bCRM achieved the highest rate of correct selection in scenarios 1, 3, 4,
and 6 but failed to selected the true MTD in scenario 8. The escalation schedule of the
bCRM may improve the accuracy with more information at higher doses. It would also
lead to a higher overdose rate and failure when the model was misspecified. The kCRM
beat other models in scenarios 7 and 9 and the iCRM outperformed others in scenario 2.
The application of the kCRM, iCRM, and mCRM would lead to a less average number of
DLTs compared to the CRM except in scenario 10, which may be resulted from the more
prudent dose allocation rules we proposed.

Table 6. Simulation results of percentage of dose recommendations at true MTD, rate of overdose,
and average number of DLTs.

Percentage of Dose Recommendations at True MTD
Scenarios kCRM iCRM bCRM mCRM CRM Keyboard BOIN

Scenariol 0.770 0.793 0.837 0.777 0.798 0.776 0.759
Scenario2 0.680 0.711 0.665 0.693 0.696 0.668 0.644
Scenario3 0.540 0.574 0.592 0.538 0.563 0.511 0.492
Scenario4 0.765 0.871 0.908 0.784 0.854 0.822 0.792
Scenario5 0.324 0.383 0.434 0.259 0.400 0.500 0.425
Scenario6 0.806 0.809 0.869 0.811 0.819 0.799 0.775
Scenario? 0.838 0.806 0.719 0.823 0.815 0.809 0.798
Scenario8 0.559 0.646 0.025 0.597 0.654 0.619 0.623
Scenario9 0.826 0.764 0.649 0.810 0.762 0.652 0.732
Scenariol0 0.881 0.864 0.881 0.881 0.882 0.942 0.892

Rate of Overdose
Scenarios kCRM iCRM DbCRM mCRM CRM Keyboard BOIN

Scenariol 0.062 0.139 0.123 0.060 0.101 0.081 0.099
Scenario2 0.088 0.154 0.215 0.078 0.140 0.149 0.154
Scenario3 0.160 0.210 0.233 0.158 0.204 0.229 0.217
Scenario4 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Scenariob 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Scenario6 0.065 0.147 0.129 0.063 0.107 0.075 0.096
Scenario? 0.071 0.162 0.255 0.097 0.132 0.075 0.096
Scenario8 0.079 0.147 0.565 0.080 0.124 0.136 0.145
Scenario9 0.075 0.159 0.243 0.090 0.139 0.134 0.142
Scenariol0  0.000 0.000 0.029 0.000 0.000 0.000 0.000
Average Number of DLTs

Scenarios kCRM iCRM bCRM mCRM CRM Keyboard BOIN

Scenariol 15207 15213  17.110 15.191 15.462 14.810 13.572
Scenario2 12916  12.777  12.689 12.381 13.180 12.794 11.274
Scenario3 14.028 13933  14.319 13.913 14.165 13.796 12.446
Scenario4 10946  10.872  10.825 8.933 11.176 10.567 9.268
Scenario5 11.317  11.277  11.264 10.890 11.446 11.314 10.321
Scenario6 15.690  15.668  17.904 15.674 15.936 14.721 13.317
Scenario? 14338 14.166  13.974 13.467 14.591 12.568 11.017
Scenario8 15.558  15.855  17.783 15.664 15.932 15.755 15.412
Scenario9 16.824 17340 17.622 16.922 17.050 15.850 16.944
Scenariol0  11.982  13.022  11.890 11.983 11.956 8.766 11.799
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5. Conclusions

Phase I clinical trials aim at detecting the dose level with tolerable toxicity probability.
Considering the preciseness and scarcity of patients enrolled, the information collected
from each patient should be highly valued and fully utilized. Model-based and model-
assisted methods have become more practical for the industry because the application of
statistical knowledge offers a chance to take the best advantage of the clinical data. In
addition, targets of a single toxicity probability may not always be obtainable considering
the conservativeness of clinical trials. A trial design with a tolerable toxicity interval and
fully utilized observations from patients are desired for industrial practice.

In this research, we have proposed a series of CRM-based methods to study the dose-
finding research once a tolerable toxicity probability interval is given. By alternating the
dose allocation methods and escalation rule, we would be able to construct novel models
called the iCRM, kCRM, mCRM, and bCRM. Simulations were conducted to compare the
operational performance of these methods and standard methods of model-based and
model-assisted methods. Though with the same CRM structure, different allocation rules
would result in different operating characteristics. In terms of dose-finding accuracy, the
higher percentage of correct selection indicates the superiorities of our methods while main-
taining certain performance in overdose control which can be measured by the overdose
rate and number of toxicities occurred. The iCRM and mCRM have been recommended
for application with corresponding situations. In addition, the simulation results provided
insights about the operating characteristics. For instance, the mCRM tends to outperform
others when the true toxicity probabilities of each dose spread widely. A sensitivity test con-
sidering a larger sample size has been performed and the results indicate that the proposed
methods possess remarkable properties from the perspective of accuracy and safety.
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