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Abstract

The delayed outcome issue is common in early phase dose-finding clinical trials. This

problem becomes more intractable in phase I/II clinical trials because both toxicity and

efficacy responses are subject to the delayed outcome issue. The existing methods applying for

the phase I trials cannot be used directly for the phase I/II trial due to a lack of capability to

model the joint toxicity-efficacy distribution. In this paper, we propose a conditional weighted

likelihood (CWL) method to circumvent this issue. The key idea of the CWL method is to

decompose the joint probability into the product of marginal and conditional probabilities and

then weight each probability based on each patient’s actual follow-up time. The CWL method

makes no parametric model assumption on either the dose-response curve or the toxicity-

efficacy correlation and therefore can be applied to any existing phase I/II trial design.

Numerical trial applications show that the proposed CWL method yields desirable operating

characteristics.
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1 Introduction

Traditionally, cancer clinical trials are conducted sequentially in different phases. A phase

I trial is conducted firstly to identify the maximum tolerated dose (MTD) of the new drug

based on the toxicity outcomes. Then, a separate phase II trial is carried out to examine the

efficacy of the drug at the identified MTD. The key assumption underlying this sequential

paradigm is that both efficacy and toxicity response rates increase monotonically with the

dose. Although this assumption is generally true for cytotoxic agents such as chemotherapy

and radiotherapy, it has been challenged by the recently developed novel non-cytotoxic agents

such as immunotherapy and targeted therapy. Immunotherapy enhances the innate power

of the immune system to stop the growth of the cancer cell and to prevent cancer from

spreading to other parts of the body. Targeted therapy modulates specific aberrant pathways

in cancer cells while sparing normal tissue. As a result, the dose-efficacy curves may not

follow monotonic patterns for these non-cytotoxic agents [1, 2, 3, 4, 5].

Because the monotonic pattern does not hold, the MTD may not yield the best ther-

apeutic effect for non-cytotoxic agents. Hence, unlike cytotoxic agents, the primary goal

of the dose-finding trial for immunotherapy and targeted therapy is to identify the optimal

biological dose (OBD), which is defined as the dose that yields the highest desirability in

terms of the toxicity-efficacy trade-off. For this purpose, a lot of phase I/II clinical trials

have been proposed for the novel agents which model and monitor the toxicity and efficacy

outcomes jointly to find the OBD [6, 7, 8, 9].
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Most of the early-phase dose-finding clinical trials require the patients’ response outcomes

to be quickly ascertainable after receiving the drug. In other words, all the previously treated

patients in the trial should have their response information observable during the interim

analysis when a new cohort of patients are coming and ready for dose assignment. However,

this may not always be the case and delayed response outcomes are common in the practical

implementation of dose-finding trials. That means, at least part of the patients’ response

information is missing at the interim analysis time and may be available long after that

time. The simple strategy of using the observable information only will distort the estimate

of the response rate due to the not-missing-at-random mechanism [10] and should not be

considered in practice. Another practical strategy is to suspend the trial when the delayed

response happening and re-open the trial when all the patients have been completely followed.

However, this strategy is unethical for the new coming patients waiting for the treatment

and frequently suspending the trial will substantially prolong the trial, waste resources and

create a tremendous administrative burden.

A lot of statistical methods have been proposed to solve the delayed outcome issue, mostly

in the area of phase I clinical trials with toxicity outcomes only. Cheung and Chappell [11]

proposed a weighted likelihood method that weighted the likelihood of each patient by his/her

actual follow-up time. Lin and Yuan [12] proposed a binomial approximation approach to

facilitate the computation of the weighted likelihood. Yuan and Yin [10] developed an EM

algorithm to impute the missing outcomes from the observed information and this idea was

further extended by Liu et al. [13] to develop a data argumentation method under the

Bayesian framework. Recently, Yuan et al. [14] proposed a single imputation approach to

address the delayed outcome problem for the BOIN design.

The problem becomes more intractable in phase I/II clinical trials because both toxicity
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and efficacy responses are subject to the delayed outcome issue. Unfortunately, the afore-

mentioned methods cannot be used directly for phase I/II clinical trials. That is because

these methods can only model the marginal distribution of the toxicity outcome whereas

most of phase I/II clinical trials require to modeling the joint toxicity-efficacy outcomes.

Hence, a novel method to address the delayed joint efficacy-toxicity outcomes issue for phase

I/II clinical trial is in urgent demand.

Our study is motivated by a phase I/II clinical trial being conducted at Indiana University

Melvin and Bren Simon Cancer Center. The purpose of this trial is to find the OBD of a

KIF18A inhibitor for patients with triple negative breast cancer (TNBC). Sixty patients

with TNBC were enrolled and treated with KIF18A inhibitor at 5 dose levels 100 mg, 300

mg, 600 mg, 1000 mg and 1600 mg administered PO once daily (QD). The toxicity outcome

is the dose limiting toxicity (DLT) and the efficacy outcome is the objective tumor response

(OTR). Every patient in the trial will be followed for a total of three months to evaluate the

DLT and OTR outcomes, which may happen any time during the three months follow-up

period. Besides, for every two months, a cohort of three patients will be enrolled in the trial

for dose allocation before all the toxicity and efficacy outcomes become available for previous

patients in the trial. Hence, both toxicity and efficacy outcomes may be delayed at the two

months interim analysis time and how to handle these delayed outcomes is the challenge of

this trial.

In this paper, we develop a conditional weighted likelihood (CWL) method to account for

the delayed joint toxicity-efficacy outcomes for phase I/II clinical trials. The CWL method

decomposes the joint probability into the product of marginal and conditional probabilities

and weights the probabilities separately based on each patient’s actual follow-up time. Then,

the complete likelihood function is re-constructed by the weighted probabilities, based on
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which the design parameters are derived to conduct the trial. The unique feature of the

CWL method is that it does not make any parametric model assumption on either the dose-

response curve or toxicity-efficacy correlation so it can be equipped with any existing phase

I/II clinical trial design.

2 Conditional Weighted Likelihood

Let yTdi be the binary toxicity outcome for the ith patient treated at dose level d (d =

1, · · · , D; i = 1, · · · , nd). We define yTdi = 1 if the patient has reported the toxicity event

during the entire follow-up period [0, UT ] and yTdi = 0 otherwise. Similarly, we define

yEdi = 1 if this patient has reported the favorable efficacy event during the entire follow-up

period [0, UE] and yEdi = 0 otherwise. Let τ be the inter-arrival time, which means that

a new cohort of patients will enter the trial by each time length τ and an interim analysis

is needed to determine the dose level for the coming patients. The delayed outcome issue

arises if τ < max(UT , UE), because the existing patients have not been completely followed

when the new cohort of patients come in, and the toxicity and efficacy events that may not

so far happen are still likely to happen in the remaining follow-up period.

We define vTdi and vEdi as the actual follow-up time of toxicity and efficacy for the ith

patient assigned to dose level d at an interim analysis and we have vTdi ≤ UT and vEdi ≤ UE.

The difference between τ and vTdi and vEdi is that τ is fixed whereas vTdi and vEdi vary with

different interim analyses. For example, assuming τ = 1 month, UT = 3 months and the first

patient in the trial is assigned to dose d and will experience DLT at time 2.5 months. Then,

when the second, third and fourth cohort of patients come in, we should observe vTd1 = 1,

2 and 2.5 months respectively.
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Let xTdi be the underlying true toxicity occurring time for the ith patient assigned to

dose d and define pTd = Pr(xTdi ≤ UT ) be the toxicity rate for dose level d. Then, if this

patient dose not experience toxicity at the actual follow-up time vTdi, following Cheung and

Chappell [11] we use the weighted likelihood to approximate the probability Pr(xTdi > vTdi)

as

Pr(xTdi > vTdi) = Pr(xTdi > vTdi|xTdi > UT )Pr(xTdi > UT ) + Pr(xTdi > vTdi|xTdi ≤ UT )Pr(xTdi ≤ UT )

≈ 1− pTd + pTd(1−
vTdi
UT

)

≈ 1− vTdi
UT

pTd. (1)

This approximation relies on the assumption that the time-to-toxicity outcome is uni-

formly distributed over the entire follow-up period [0, UT ]. According to previous studies

[11, 12], this uniform scheme is remarkably robust and yields desirable operating character-

istics.

To induce the correlation between the toxicity and efficacy outcomes, we model the

efficacy outcome conditional on the toxicity output yTdi. Let xEdi be the underlying true ef-

ficacy occurring time for the ith patient assigned to dose level d and define pE1d = Pr(xEdi ≤

UE|yTdi = 1) and pE0d = Pr(xEdi ≤ UE|yT i = 0) be the efficacy rate for this patient con-

ditional on the toxicity happening or not. Similar to the toxicity outcome, we approximate

Pr(xEdi > vEdi|yTdi = 1) and Pr(xEdi > vEdi|yTdi = 0) as

Pr(xEdi > vEdi|yTdi = 1) ≈ 1− vEi
UE

pE1d ; Pr(xEdi > vEdi|yTdi = 0) ≈ 1− vEi
UE

pE0d (2)
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Let us define Φ1di = Pr(xTdi ≤ vTdi, xEdi ≤ vEdi), Φ2di = Pr(xTdi ≤ vTdi, xEdi > vEdi),

Φ3di = Pr(xTdi > vTdi, xEdi > vEdi) and Φ4di = Pr(xTdi > vTdi, xEdi ≤ vEdi) as the joint

toxicity-efficacy probabilities for the ith patient assigned to dose level d when he/she has

been followed vTdi for toxicity and vEdi for efficacy. With formulas (1) and (2) at hand, after

some algebra based on the Bayes’ theorem, we get their expression as

Φ1di ≈
vTdivEdi
UTUE

pTdpE1d

Φ2di ≈
vTdi
UT

pTd(1−
vEdi
UE

pE1d)

Φ3di ≈
(

1− vTdi
UT

pTd

){
1− vEdi

UE

(
pE1d

(1− vTdi

UT
)pTd

(1− vTdi

UT
)pTd + 1− pTd

+ pE0d
1− pTd

(1− vTdi

UT
)pTd + 1− pTd

)}
Φ4di ≈

(
1− vTdi

UT
pTd

){vEdi
UE

(
pE1d

(1− vTdi

UT
)pTd

(1− vTdi

UT
)pTd + 1− pTd

+ pE0d
1− pTd

(1− vTdi

UT
)pTd + 1− pTd

)}
(3)

Finally, let I(·) be the indicator function and define I1di = I(xTdi ≤ vTdi, xEdi ≤ vEdi),

I2di = I(xTdi ≤ vTdi, xEdi > vEdi), I3di = I(xTdi > vTdi, xEdi > vEdi) and I4di = I(xTdi >

vTdi, xEdi ≤ vEdi), the conditional weighted likelihood function for all the patients in the

trial can be written as

CWL =
D∏
d=1

nd∏
i=1

4∏
j=1

Φ
Ijdi
jdi . (4)

Hence, during the interim analysis, we can derive the estimates of pTd, pE1d and pE0d

from the CWL, based on which we can identify the OBD and assign it to the next coming

patients. More detail will be given in the next section.
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3 Extend Existing Designs

In this section, we illustrate how to extend existing phase I/II designs to handle the delayed

joint toxicity-efficacy outcomes by using the proposed CWL method. We first extend the U-

BOIN design [15]. The U-BOIN design is a Bayesian two-stage phase I/II design identifying

the OBD. The BOIN design [16] is used in the first stage to explore the dose space and collect

preliminary toxicity and efficacy data. In the second stage, a multinomial-Dirichlet model

is used to model the toxicity-efficacy outcomes jointly and a utility function is employed to

measure dose risk-benefit trade-off. The posterior estimate of the utility for each dose is to

keep updating in the second stage by using all the accumulated information, which is then

used to guide the dose assignment and OBD selection. The U-BOIN design is developed for

binary response outcomes. Although the authors briefly discussed how to handle the delayed

efficacy outcome, no work has been done for the delayed joint outcomes.

We first adapt the first stage of the U-BOIN design. Because only the toxicity outcome

is monitored in the first stage, it is not necessary to use the CWL method. Instead, we

propose to use the binomial approximation method [12] to accommodate the delayed toxicity

outcomes, which can remarkably alleviate the computational burden. Specifically, based on

the toxicity information for all the n patients at the interim analysis time, pTd can be

estimated as

p̂Td ≈
∑nd

i=1 I(xTdi ≤ vTdi)∑nd

i=1

(
I(xTdi ≤ vTdi) + I(xTdi > vTdi)

vTdi

UT

) .
Then, in the current dose d, we determine the next dose d∗ for the coming patients by

comparing p̂Td with a pair of boundary (λe, λd). λe and λd are pre-determined before the

trial conduction which can minimize the probability of incorrect dose-assignment decisions.

In particular, we escalate the dose d∗ = d+ 1 if p̂Td ≤ λe, de-escalate the dose d∗ = d− 1 if
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p̂Td ≥ λd and retain the dose d∗ = d otherwise.

In addition to the dose-assignment rule, a toxicity control rule is imposed as follows. Let

D be all the accumulated outcome information and π̄T be the maximum tolerable toxicity

rate. From a Bayesian perspective, if Pr(pTd > π̄T |D) > νT and at least three patients have

been treated at dose d, dose level d and higher are eliminated from the trial; the trial is

terminated if the lowest dose level is eliminated. By assigning pTd a non-informative prior

beta(α, β), the posterior distribution of pTd can be approximated as

pTd|D ∼ beta
( nd∑
i=1

I(xTdi ≤ vTdi) + α,

nd∑
i=1

I(xTdi > vTdi)
vTdi
UT

+ β
)
,

based on which we can calculate the posterior probability Pr(pTd > π̄T |DT ).

We now adapt to the second stage of the U-BOIN design. Once the number of patients

treated on one of the doses reaches a certain value (12 as recommended by the authors),

the design moves to the second stage. The purpose of the second stage is to evaluate

the joint toxicity-efficacy distribution at each dose level and determine the OBD. For this

purpose, a utility function is introduced to measure the dose risk-benefit trade-off. Let

πlkd = Pr(yTdi = l, yEdi = k) (l, k = 0, 1) be the joint toxicity-efficacy probability at dose d,

the utility function is defined as

UTd =
1∑

l,k=0

ωlkπlkd.

Here ωlk is ascribed to outcome (yTdi = l, yEdi = k) to reflect the risk-benefit trade-off.

Typically, we define ω10 = 0 to reflect the worst outcome and ω01 = 100 to reflect the best

outcome. Then, the values of ω00 and ω11 lay between 0 and 100 and should be elicited by

the physicians to reflect the specific biological mechanism of the drug to be used in the trial.
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The toxicity control rule used in the first stage is kept in the second stage to exclude

overly toxic doses. In addition, as the efficacy outcome is introduced, the U-BOIN design

also imposes a futility rule to exclude less efficacious doses. Let π̄E be the lowest acceptable

efficacy rate and pEd = Pr(yEdi = 1) be the efficacy rate at dose d, the futility rule exclude

any dose d with a posterior probability Pr(pEd < π̄E|D) > νE. Furthermore, An admissible

set is constructed as

A = {d : Pr(pTd > π̄T |D) ≤ νT ∩ Pr(pEd < π̄E|D) ≤ νE}.

At each interim analysis, the dose that yields the highest estimate of UTd within the admis-

sible set A is identified as the OBD.

Under the Bayesian paradigm, following the original design, we speculate πd = (π00d, π01d, π10d, π11d)

to follow a non-informative Dirichlet distribution as

πd ∼ Dir(δ00, δ01, δ10, δ11),

To accommodate the delayed outcome, we just need to re-parametrize pTd, pEd, pE1d and

pE0d in the form of π as

pTd = π10d + π11d

pE1d =
π11d

π10d + π11d

pE0d =
π01d

π00d + π01d
. (5)

Then, during an interim analysis, after plugging in the CWL function (4) with the formula

(5), we can obtain the posterior distributions of πd through the MCMC algorithm, which
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can be used to construct the admissible set A, update the posterior estimate of UTd, and

identify the OBD. The next cohort of patients should be assigned to the identified OBD.

When the trial ends and all the patients have been completely followed, the lastly identified

OBD based on the complete data is the OBD recommended by the trial. We denote this

extension of the U-BOIN design as the CWL-U-BOIN design.

In addition to the U-BOIN design, we also briefly discussed how to extend another phase

I/II design based on toxicity-efficacy odds ratios [17] (denoted as the OR design hereafter) to

handle the delayed joint outcomes. The OR design is a one-stage design, the same toxicity

and futility rules are used to construct the admissible set. But this design relies on a three-

dimensional volume ratio to find the OBD. The volume ratio is defined as

Rd =
pTd(1− pEd)(1− pE0d)

(1− pTd)pEdpE0d

, d = 1, · · · , D.

The dose that yields the lowest value of Rd within the admissible set is the OBD.

In different with the U-BOIN design which makes no dose-response assumption and

models each dose level independently, the OR design borrows strength across different dose

levels through a Bayesian logistic regression. In particular, the OR design formulates the

marginal toxicity and efficacy probabilities pTd and pEd as

pT1 =
eφ1

1 + eφ1
, pTd =

eφ1 + · · ·+ eφd

1 + eφ1 + · · ·+ eφd
, d = 2, · · · , D;

pE1 =
eψ1

1 + eψ1
, pEd =

eψ1+···+ψd

1 + eψ1+···+ψd
, d = 2, · · · , D. (6)

Formula (6) indeed specifies a monotonic dose-toxicity pattern. Then, let φ = (φ1, · · · , φD)′

and ψ = (ψ1, · · · , ψD)′, the vector (φ, ψ) is assumed to follow a 2D-dimensional multivariate
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normal distribution as

(φ, ψ) ∼ N(0,Σ).

The global cross-ratio model is used in the OR design to induce the correlation between

the toxicity and efficacy outcomes. The cross ratio is defined as

θd =
π00dπ11d
π01dπ10d

, d = 1, · · · , D,

and each θd is assigned to a non-informative gamma prior θd ∼ Gamma(ζ, η).

Similar to the U-BOIN design, to derive the posterior distribution of (φ, ψ) and θ =

(θ1, · · · , θD) in the presence of jointly delayed outcomes, we just need to re-parametrize pE1d

and pE0d as follows

ad = 1 + (pEd + pTd)(θd − 1)

bd = −4θd(θd − 1)pEdpTd

pE1d =
ad −

√
a2d + bd

{2(θd − 1)}pTd
I(θd 6= 1) + pEdI(θd = 1)

pE0d =
pEd − pE1d

1− pTd
. (7)

Then, after plugging in the CWL function (4) with formulas (6) and (7), we should be

able to derive the posterior distributions for (φ, ψ) and θ and further identify the OBD. We

denote this extension of the OR design as the CWL-OR design.
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4 Trial Application

4.1 Operating characteristics

In this section, we apply the proposed CWL-U-BOIN design to the motivating TNBC trial

and evaluate its operating characteristics. Reporting operating characteristics is often re-

quired in trial protocols when a new design is involved. As we mentioned in the introduction,

sixty patients will be enrolled in this trial and assigned to five dose levels. Every patient

will be followed for a total of three months time period to determine the DLT and OTR

outcomes. A new cohort of patients will enter the trial every two months with a cohort size

of three and an interim analysis is required at that time to determine the dose level assigned

to the new patients.

We use the CWL-U-BOIN design to generate the operating characteristics. The parame-

ter settings used to generate the results in Table 3 of the original U-BOIN paper [15] is also

used here to specify pTd, pE1d and pE0d. Figure S1 in the online supplementary materials

shown the setting for all the 8 scenarios. The highest acceptable DLT rate is set at π̄T = 0.3

and the lowest OTR rate is set at π̄E = 0.2. Also, for the toxicity and futility control rules,

we specify νT = 0.95 and νE = 0.9 as recommended by the authors. We use the Weibull

distribution to generate the time-to-event outcomes at each dose level. The Weibull distri-

butions are specified to match the response rate under the condition that about two-third of

the toxicity and efficacy outcomes will be observable during the first two months follow-up.

We compare the proposed CWL-U-BOIN design with two practical designs, the first one uses

the observable data only during the interim analysis and we name it the PARTIAL-U-BOIN

design. The second one suspends the trial during the interim analysis in the presence of

delayed outcome and reopens the trial until all the patients have been completely followed
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and we name it the FULL-U-BOIN design.

Table 1 summarized the operating characteristics of the TNBC trial using different de-

signs with 5,000 replicates, including the dose selection probability, the average percentage

of patients treated at each dose level, the percentages of patients that experienced DLT

and OTR, the average sample size (N) and the average duration of the trial. We specified

ω00 = 30, ω01 = 100, ω10 = 0 and ω11 = 50 for utility calculation. A variety of dose-efficacy

curves have been considered. Scenarios 1 and 2 represent the situation that the dose-efficacy

curve increases first and then plateau. Scenarios 3 and 4 represent the umbrella shape situa-

tion where the efficacy rate increases first and then keep decreasing. The efficacy rate levels

off at the first dose level in scenario 5. The efficacy rate increases monotonically in scenarios

6, 7 and 8. There are two OBDs in scenario 7 with the same utility value of 51.0. Scenario

8 represents the null situation where there is no dose to be recommended. The FULL-U-

BOIN yields the best performance in terms of the OBD selection and patient allocation,

which is as expected because this design utilizes all the patients’ response information from

the trial. In general, the difference between the FULL-U-BOIN design and the proposed

CWL-U-BOIN is slight, For example, the differences of the OBD selection percentage are

0.5%, 1% and 0.9% for scenarios 1, 2 and 3. On the other hand, the CWL-U-BOIN substan-

tially shorten the trial duration by one third. The CWL-U-BOIN design outperforms the

PARTIAL-U-BOIN designs in terms of the OBD selection rate. For example, the former one

yields 2.9%, 3.7% and 4.5% higher OBD selection percentages than the latter one in scenarios

1, 2 and 3 and the difference can be as large as 8.5% (scenario 6). The CWL-U-BOIN and

PARTIAL-U-BOIN designs report similar trial duration time. When there is no promising

dose exiting, the FULL-U-BOIN has almost 90% chance to terminate the trial and the values

for CWL-U-BOIN and PARTIAL-U-BOIN designs are about 86% and 84%. In summary,
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the FULL-U-BOIN design is slightly better than the CWL-U-BOIN in OBD selection and

patient allocation but substantially prolongs the trial duration. The CWL-U-BOIN design

also yields better operating characteristics than the PARTIAL-U-BOIN. Hence, based on the

results of Table 1 we recommend the proposed CWL-U-BOIN design to be used in practice.

In addition to the extensions of the U-BOIN design, we also report the operating charac-

teristics of the TNBC trial using different extensions of the OR design. Table 2 summarized

the results for the CWL-OR, PARTIAL-OR and FULL-OR designs. These designs use the

volume ratio as the criteria to select the OBD and a smaller volume ratio indicates better

desirability of the dose level. When there is no promising dose (scenarios 7 and 8), all the

designs have about 95% chance to terminate the trial. Otherwise, the FULL-OR design in

general yields a little higher OBD selection percentage than the CWL-OR design at the price

of the substantially prolonged trial duration. When the OBD is located at dose 1 or 2, the

CWL-OR design and PARTIAL-OR design have comparable performances. Besides, The

CWL-OR design outperforms the PARTIAL-OR design. Indeed, for scenarios 3 to 6, the

CWL-OR design yields at least 6% more OBD selection percentage and assigns at least 3

more patients at the OBD. Therefore, based on the results from Table 2 the proposed CWL-

OR design is the overall best extension of the OR design. To simplify the presentation,

Figures S2 and S3 in the online supplementary materials summarized the OBD selection

percentages of Tables 1 and 2 using different designs.

4.2 Sensitivity analysis

We conduct sensitivity analysis to investigate the robustness of the proposed CWL method.

Due to the page limit, we focus on the CWL-U-BOIN design and report its OBD selection

percentage under a variety of settings. All the results were summarized in the online sup-
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plementary materials. First of all, in Figure S4, we depict the OBD selection percentages of

the CWL-U-BOIN design with different data generating distributions such as the Weibull,

Gamma, and Lognormal. We select the same scenarios as used in Table 1. Then, in Figure

S5, we report the OBD selection percentages with different inter-arrival time τ = 2, 1.5 and

1. After that, in Figure S6 we report the OBD selection percentages with different entire

follow-up time (UT = 3, UE = 3), (UT = 3, UE = 4) and (UT = 2, UE = 3). Noticing that

when UT = 2 and τ = 2, the toxicity outcome can be fully observed and only the efficacy

outcomes may be delayed. The results show that the CWL-U-BOIN performs robustly un-

der different data generating distribution, inter-arrival time and total follow-up time with

comparable OBD selection percentages.

In the trial application study we generated the time-to-event outcomes in such a way

that about two-third of the toxicity and efficacy outcomes were observable during the first

two months follow-up (e.g., a missing rate of 33% ) when the complete follow-up time is

three months, which implied the uniform distribution assumption. In Figure S7 we report

the OBD selection percentages with different missing rates violating the uniform distribution

assumption. Based on Figure S7 we conclude that the proposed CWL method is a robust

method against the uniform distribution assumption.

5 Conclusion

We develop a simple yet efficient conditional weighted likelihood (CWL) method to ac-

count for the delayed joint toxicity-efficacy outcomes for phase I/II clinical trials. The pro-

posed CWL method incorporates the toxicity-efficacy correlation into consideration through

a multinominal distribution and makes no parametric model assumption on either the dose-
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response curve or the toxicity-efficacy correlation. Therefore, the CWL method is highly

flexible and can be equipped to any phase I/II clinical trials monitoring the toxicity and

efficacy outcomes simultaneously. Also, although the CWL method is originally proposed

for the delayed joint outcomes, it can be applied without modification to the setting where

only toxicity or efficacy outcome is delayed and the joint distribution is needed to iden-

tify the optimal dose. The R code to implement the CWL method is freely available at

https://github.com/yongzang2020/CWL.

The CWL method is extendable in several directions. In clinical practice, immnuotherapy

and targeted therapy are commonly combined with other drugs. Then, an optimal dose

pair is needed to maximize the therapeutic effect due to the synergistic effect and the trial

identifying the optimal dose pair is typically referred to as the drug-drug combination trial.

A lot of drug-drug combination trial designs have been proposed in the literature [19, 20, 21,

22, 23] yet little attention has been given to the jointly delayed outcome, which can be the

first extension of the CWL method. Moreover, in this paper each patient is treated identically

for any given dose level. However, an increased understanding of population heterogeneity

of cancer has already brought us to the era of personalized medicine, providing the clinicians

unbeatable opportunity to select individually tailored treatment taking into account each

subject’s variability. A lot of personalized clinical trial designs have been proposed with the

primary interest in the binary toxicity and efficacy outcomes [24, 25, 26, 27]. Therefore, it is of

intense interest to extend the proposed method to integrate personalized information into the

trial. We used non-informative priors through this paper under the assumption that the trials

under investigation are new and no similar studies had been conducted before. However, as a

Bayesian method, the proposed designs retain the flexibility to borrow historical information

through prior specification. Specifically, if there are related historical data or real world

17



evidence available, then the informative priors based on the ideal of prior effective sample

size [28] can be constructed to incorporate these information, which are expected to improve

the efficiency of the proposed designs.
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Table 1: Operating characteristics of the TNBC trials using the CWL-U-BOIN, PARTIAL-U-
BOIN and FULL-U-BOIN designs. The probability pairs in parentheses are the probabilities
of occurring DLT and OTR at each dose level (pTd, pEd). The percentage of stopping the
trial with no dose selected is denoted by “None”. The percentages of patients experiencing
DLT and OTR is denoted by DLT/OTR(%).

Dose Level

Design 1 2 3 4 5 None
DLT/OTR

(%)
N Duration

(month)
Scenario 1 (pTd, pEd) (0.02,0.2) (0.15,0.65) (0.3,0.65) (0.45,0.65) (0.6,0.65)

Utility 43.0 69.0 63.0 56.0 50.0
CWL-U-BOIN Selection % 2.7 72.9 21.6 1.8 0.3 0.7

No. of patients 6.1 31.5 15.3 5.0 1.8 21.5/60.3 59.7 40.8
PARTIAL-U-BOIN Selection % 4.9 70.0 20.1 2.2 0.5 2.3

No. of patients 8.3 30.9 14.0 4.2 1.9 20.1/58.5 59.3 41.5
FULL-U-BOIN Selection % 1.6 73.4 22.5 1.9 0.3 0.3

No. of patients 6.2 32.3 15.2 4.6 1.6 20.9/60.4 60.0 60.0
Scenario 2 (pTd, pEd) (0.03,0.1) (0.08,0.22) (0.15,0.6) (0.28,0.6) (0.4,0.6)

Utility 36.0 43.0 66.0 60.0 55.0
CWL-U-BOIN Selection % d 1.1 3.0 67.3 22.6 4.8 1.2

No. of patients 4.6 6.9 27.2 14.5 6.5 19.2/51.6 59.6 40.7
PARTIAL-U-BOIN Selection % 0.5 5.1 63.6 24.8 4.8 1.2

No. of patients 5.5 8.6 25.7 14.0 5.8 18.1/50.0 59.7 41.8
FULL-U-BOIN Selection % 0.2 2.1 68.3 24.6 4.6 0.2

No. of patients 4.3 7.1 27.8 14.6 6.1 18.7/52.0 59.9 59.9
Scenario 3 (pTd, pEd) (0.05,0.08) (0.15,0.46) (0.3,0.25) (0.45,0.2) (0.6,0.1)

Utility 34.0 56.0 37.0 29.0 18.0
CWL-U-BOIN Selection % 1.9 91.4 3.4 0.8 0.1 2.4

No. of patients 6.7 36.1 9.9 4.5 2.0 20.0/34.9 59.3 40.5
PARTIAL-U-BOIN Selection % 1.6 86.9 4.9 0.6 0.2 5.8

No. of patients 7.6 35.5 9.1 4.0 1.9 19.4/34.9 58.1 40.7
FULL-U-BOIN Selection % 1.2 92.3 4.5 0.6 0.1 1.3

No. of patients 6.6 36.9 9.8 4.5 1.8 19.8/35.5 59.5 59.5
Scenario 4 (pTd, pEd) (0.15,0.15) (0.25,0.45) (0.4,0.3) (0.45,0.25) (0.5,0.2)

Utility 36.0 52.0 36.0 32.0 27.0
CWL-U-BOIN Selection % 13.0 69.7 4.6 2.1 1.8 8.8

No. of patients 13.4 29.7 7.3 3.8 2.4 26.9/33.6 56.6 38.7
PARTIAL-U-BOIN Selection % 13.3 64.5 6.7 3.0 1.3 11.2

No. of patients 15.6 26.5 6.9 4.2 3.0 27.1/32.0 56.3 39.4
FULL-U-BOIN Selection % 11.8 73.2 5.4 3.5 2.0 4.1

No. of patients 13.3 30.7 7.6 4.5 2.8 27.3/33.5 59.0 59.0
Scenario 5 (pTd, pEd) (0.1,0.45) (0.3,0.45) (0.5,0.45) (0.55,0.45) (0.65,0.45)

Utility 58.0 50.0 42.0 40.0 36.0
CWL-U-BOIN Selection % 78.6 18.0 1.1 0.5 0.6 1.2

No. of patients 36.0 15.4 4.8 2.1 1.0 21.3/44.7 59.4 40.6
PARTIAL-U-BOIN Selection % 78.4 17.8 1.2 0.6 0.4 1.6

No. of patients 36.5 14.6 4.4 2.2 1.5 20.9/44.8 59.2 41.4
FULL-U-BOIN Selection % 79.5 18.3 0.7 0.7 0.7 0.1

No. of patients 36.1 16.8 4.6 1.6 0.8 20.7/45.2 59.9 59.9
Scenario 6 (pTd, pEd) (0.05,0.35) (0.07,0.45) (0.1,0.5) (0.12,0.55) (0.16,0.75)

Utility 53.0 59.0 61.0 64.0 75.0
CWL-U-BOIN Selection % 3.0 7.7 9.7 13.9 65.4 0.3

No. of patients 6.1 7.9 8.3 10.4 27.2 12.3/60.0 59.8 40.9
PARTIAL-U-BOIN Selection % 4.5 11.2 13.0 14.2 56.9 0.2

No. of patients 7.2 9.3 10.0 10.4 23.0 11.8/58.0 59.9 41.9
FULL-U-BOIN Selection % 2.4 6.5 9.7 11.2 70.2 0.0

No. of patients 5.6 7.7 8.5 9.5 28.7 12.1/60.8 60.0 60.0
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Table 1 continues.
Dose Level

Design 1 2 3 4 5 None
OTR/DLT

(%)
N Duration

(month)
Scenario 7 (pTd, pEd) (0.03,0.15) (0.16,0.38) (0.27,0.45) (0.45,0.6) (0.55,0.7)

Utility 40.0 51.0 51.0 53.0 55.0
CWL-U-BOIN Selection % 6.9 46.6 34.3 7.4 2.9 1.9

No. of patients 8.0 21.3 17.1 8.8 4.2 24.4/42.5 59.4 40.6
PARTIAL-U-BOIN Selection % 7.3 46.5 29.5 8.4 3.9 4.4

No. of patients 9.8 22.6 15.7 6.8 3.9 22.7/40.7 58.7 41.1
FULL-U-BOIN Selection % 7.3 46.9 33.1 8.7 3.1 0.9

No. of patients 8.5 22.4 17.0 8.0 3.8 24.0/41.8 59.8 59.8
Scenario 8 (pTd, pEd) (0.22,0.03) (0.45,0.1) (0.55,0.2) (0.65,0.35) (0.7,0.4)

Utility 25.0 23.0 25.0 30.0 31.0
CWL-U-BOIN Selection % 2.4 6.8 3.9 0.7 0.6 85.6

No. of patients 12.9 11.2 6.8 4.6 3.6 43.9/15.5 39.1 26.3
PARTIAL-U-BOIN Selection % 2.7 7.4 3.5 1.8 1.0 83.6

No. of patients 12.7 10.0 6.4 4.7 4.3 44.4/15.7 38.1 26.6
FULL-U-BOIN Selection % 1.7 4.7 2.3 1.1 0.7 89.5

No. of patients 12.8 10.6 6.1 4.9 4.0 44.1/15.6 38.5 38.5
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Table 2: Operating characteristics of the TNBC trials using the CWL-OR, PARTIAL-OR
and FULL-OR designs. The probability pairs in parentheses are the probabilities of occurring
DLT and OTR at each dose level (pTd, pEd). The percentage of stopping the trial with no
dose selected is denoted by “None”. The percentages of patients experiencing DLT and OTR
is denoted by DLT/OTR(%).

Dose Level

Design 1 2 3 4 5 None
DLT/OTR

(%)
N Duration

(month)
Scenario 1 (pTd, pEd) (0.05,0.4) (0.25,0.45) (0.28,0.45) (0.35,0.4) (0.5,0.3)

Volume Ratio 0.12 0.95 1.43 2.42 7.00
CWL-OR Selection % 67.1 14.5 8.9 4.0 0.9 4.6

No. of patients 32.3 10.5 6.9 5.0 3.0 16.2/40.7 57.8 40.5
PARTIAL-OR Selection % 65.4 15.4 6.8 3.4 1.2 7.8

No. of patients 31.9 10.7 5.9 4.6 3.1 15.8/40.6 56.1 39.3
FULL-OR Selection % 68.4 15.2 9.1 3.5 0.9 2.9

No. of patients 33.2 10.6 7.2 5.0 2.9 16.3/40.8 58.9 58.9
Scenario 2 (pTd, pEd) (0.15,0.3) (0.2,0.5) (0.22,0.4) (0.25,0.35) (0.4,0.3)

Volume Ratio 1.24 0.20 0.79 1.44 3.63
CWL-OR Selection % 9.3 63.9 12.2 5.6 1.7 7.3

No. of patients 9.8 27.3 8.6 5.7 4.7 21.4/41.6 56.1 39.3
PARTIAL-OR Selection % 9.0 64.5 9.5 3.4 2.3 11.3

No. of patients 9.5 27.3 7.7 5.0 4.4 21.4/42.1 53.9 37.8
FULL-OR Selection % 10.0 64.5 13.7 3.2 1.5 7.1

No. of patients 9.8 28.2 8.6 5.4 4.3 21.2/41.8 56.3 56.3
Scenario 3 (pTd, pEd) (0.1,0.15) (0.15,0.3) (0.2,0.6) (0.25,0.45) (0.28,0.35)

Volume Ratio 5.67 1.65 0.07 0.41 0.88
CWL-OR Selection % 0.6 2.1 74.8 11.0 4.7 6.8

No. of patients 4.5 4.9 31.8 8.9 6.4 20.4/48.7 56.5 39.6
PARTIAL-OR Selection % 1.2 3.1 66.4 10.7 5.8 12.8

No. of patients 5.2 5.6 28.0 8.5 6.2 20.2/47.2 53.4 37.5
FULL-OR Selection % 0.6 2.9 75.0 12.5 3.8 5.2

No. of patients 4.1 5.3 32.8 9.6 5.5 20.7/48.9 57.3 57.3
Scenario 4 (pTd, pEd) (0.1,0.2) (0.15,0.3) (0.18,0.4) (0.2,0.7) (0.25,0.6)

Volume Ratio 2.52 1.24 0.77 0.03 0.18
CWL-OR Selection % 1.2 2.2 1.6 76.8 12.1 6.1

No. of patients 5.4 5.3 4.6 32.0 9.5 19.2/57.5 56.8 39.8
PARTIAL-OR Selection % 1.2 1.1 2.1 70.0 11.5 14.1

No. of patients 5.4 5.5 4.8 28.6 8.2 19.3/56.3 52.5 36.9
FULL-OR Selection % 1.4 2.4 2.8 77.8 12.0 3.6

No. of patients 4.8 5.3 4.8 33.9 9.3 19.4/58.2 58.0 58.0
Scenario 5 (pTd, pEd) (0.12,0.32) (0.13,0.35) (0.15,0.5) (0.18,0.55) (0.2,0.7)

Volume Ratio 0.87 0.65 0.22 0.18 0.03
CWL-OR Selection % 3.2 3.4 9.6 9.3 70.3 4.2

No. of patients 6.7 5.7 8.2 8.4 28.6 17.5/57.1 57.7 40.4
PARTIAL-OR Selection % 4.0 2.6 8.6 10.7 63.6 10.5

No. of patients 7.5 6.1 8.0 8.2 24.5 17.0/55.9 54.3 38.1
FULL-OR Selection % 2.3 3.1 8.9 11.1 71.3 3.3

No. of patients 6.0 5.5 8.2 8.4 30.1 17.7/57.7 58.1 58.1
Scenario 6 (pTd, pEd) (0.1,0.27) (0.15,0.3) (0.2,0.4) (0.25,0.6) (0.4,0.6)

Volume Ratio 1.20 1.24 0.70 0.07 0.44
CWL-OR Selection % 7.7 4.8 7.6 67.1 8.3 4.5

No. of patients 8.5 6.3 7.2 27.9 7.8 23.0/49.5 57.7 40.4
PARTIAL-OR Selection % 7.0 5.1 7.9 60.9 8.5 10.6

No. of patients 8.1 6.8 7.1 25.0 7.5 22.9/48.6 54.6 38.3
FULL-OR Selection % 7.0 5.1 7.3 68.2 8.1 4.3

No. of patients 7.6 6.6 7.1 29.0 7.4 23.0/49.7 57.7 57.7

21



Table 2 continues.
Dose Level

Design 1 2 3 4 5 None
DLT/OTR

(%)
N Duration

(month)
Scenario 7 (pTd, pEd) (0.15,0.03) (0.2,0.05) (0.23,0.08) (0.28,0.1) (0.45,0.1)

Volume Ratio 184.5 90.3 65.3 40.4 66.3
CWL-OR Selection % 0.0 0.2 0.9 2.8 0.6 95.5

No. of patients 3.8 4.2 5.0 5.5 4.2 26.5/7.4 22.7 16.2
PARTIAL-OR Selection % 0.2 0.6 1.3 3.6 0.5 93.8

No. of patients 4.0 5.3 5.2 6.2 5.5 26.8/7.7 26.2 18.5
FULL-OR Selection % 0.2 0.1 1.4 1.6 0.7 96.0

No. of patients 3.9 4.2 4.8 5.4 4.1 26.6/7.4 22.3 22.3
Scenario 8 (pTd, pEd) (0.45,0.28) (0.5,0.3) (0.6,0.35) (0.7,0.4) (0.8,0.5)

Volume Ratio 8.4 8.3 8.4 8.2 9.3
CWL-OR Selection % 3.5 0.8 0.2 0.0 0.0 95.5

No. of patients 9.4 4.5 1.8 0.7 0.1 48.9/30.5 16.5 12.1
PARTIAL-OR Selection % 3.4 0.8 0.2 0.0 0.1 95.5

No. of patients 10.2 5.2 1.9 0.6 0.1 48.6/30.1 18.0 13.1
FULL-OR Selection % 2.9 0.6 0.2 0.0 0.0 96.3

No. of patients 9.4 4.7 1.8 0.6 0.1 48.9/30.3 16.5 16.5
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