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ABSTRACT

A primary objective of oncology dose-finding trials for novel therapies is to determine an optimal biological dose (OBD) that is
both tolerable and therapeutically beneficial for patients in subsequent clinical trials. These new therapeutic agents are more
likely to induce multiple low- or moderate-grade toxicities rather than dose-limiting toxicities. Additionally, efficacy is evaluated
comprehensively, differentiating between complete remission and partial remission, as well as incorporating continuous efficacy
endpoints. This important issue was highlighted in the American Statistical Association (ASA) Biopharmaceutical (BIOP) Section
open forums and was a significant consideration of the FDA’s “Project Optimus.” We proposed the UNITED design, a unified,
transparent, and efficient Phase I/II trial design to incorporate toxicity and efficacy grades and types, as well as continuous effi-
cacy responses, into dose-finding and optimization. The UNITED design can handle binary, quasi-binary, continuous, and mixed
toxicity and efficacy endpoints. We further extended the UNITED design, referred to as TITE-UNITED, to accommodate delayed
toxicity and efficacy outcomes. Simulation studies showed that the UNITED and TITE-UNITED designs have desirable operat-
ing characteristics, performing comparably to or better than existing designs. A user-friendly software is available for practical

implementation.

1 | Introduction

Traditionally, the primary objective of Phase I oncology tri-
als has been to identify the maximum tolerated dose (MTD)
based on dose-limiting toxicity (DLT). DLT was often defined as
treatment-related grade 3 or higher non-hematologic toxicity or
grade 4 or higher hematologic toxicity, according to the National

Cancer Institute’s Common Terminology Criteria for Adverse
Events (CTCAE). This DLT-based dose-finding paradigm consid-
ered only the most severe toxicities in determining the tolera-
ble dose, guiding decisions on dose escalation and de-escalation.
Assuming toxicity data were summarized as a binary outcome,
scored as either DLT or not DLT, numerous dose-finding meth-
ods have been proposed, such as the algorithm-based 3 + 3 design
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[1], the model-based continual reassessment method [2], and the
model-assisted Bayesian optimal interval (BOIN) design [3].

However, this conventional approach presents challenges
for certain novel targeted therapies and immunotherapies.
These treatments were often associated with multiple low- or
moderate-grade toxicities that, while not severe enough to be
classified as DLTS, could significantly impact patients’ quality
of life [4-6]. These lower-grade toxicities could lead to dose
interruptions, discontinuations, and reductions, which might
ultimately affect the efficacy of the therapies. Consequently,
it is essential to incorporate various grades of toxicity into the
dose-finding process to better assess and determine the MTD.
This critical issue has been highlighted and discussed in the
American Statistical Association (ASA) Biopharmaceutical
(BIOP) Section Open Forums, organized by the ASA BIOP Sta-
tistical Methods in Oncology Scientific Working Group and the
U.S. Food and Drug Administration (FDA) [7].

A number of approaches have been proposed to incorporate
grades and types of toxicities into dose-finding trials. One gen-
eral approach to incorporating toxicity grades into dose-finding is
assigning a severity weight to each grade and type of toxicity event
and combining the weights as a composite score. Bekele and Thall
[8] proposed the total toxicity burden (TTB) as the arithmetic sum
of different grades and types of toxicity, weighted by the severity
weights elicited from clinicians. Similarly, Lee et al. [9] devel-
oped the toxicity burden score (TBS), which summarizes toxic-
ity through a weighted sum, with severity weights estimated via
regression using historical data. Further developments include
the total toxicity profile (TTP), proposed by Ezzalfani et al. [10],
computed as the Euclidean norm of severity weights. While these
composite scores are not inherently mathematically continuous,
appropriate transformations can approximate them as normally
distributed endpoints. Yuan et al. [11], developed an equivalent
toxicity score (ETS) approach that converts toxicity grades into
numeric scores reflecting their relative severity in the unit of DLT,
and developed the quasi-CRM to find MTD based on ETS. More
recently, Mu et al. [12] introduced the generalized Bayesian opti-
mal interval (gBOIN) design, which unifies various existing tox-
icity grade and type scoring systems within a single framework
(e.g., TTB, TTP, TBS, ETS).

The conventional dose-finding designs based on toxicity pose
challenges for novel anticancer agents, such as molecular tar-
geted agents (MTAs), immunotherapy (IT), antibody-drug con-
jugates (ADCs), and chimeric antigen receptor (CAR) T-cell
therapy. These agents often exhibit plateaued patterns in their
dose-efficacy relationships, unlike traditional cytotoxic agents,
for which both efficacy and toxicity monotonically increase with
dose. For example, due to their mechanism of biological action,
the dose-efficacy relationship may plateau at an intermediate
dose when exposure achieves a saturation level in the body; thus,
further increasing the dose level may not improve efficacy [13,
14]. In response to this issue, the FDA initiated Project Optimus
to reform the dose selection optimization paradigm in oncology
drug development [15]. The primary purpose of a dose-finding
trial for novel anticancer agents is to identify an optimal bio-
logical dose (OBD), defined as the tolerable dose with adequate
efficacy under unpredictable dose-toxicity and dose-efficacy rela-
tionships. Numerous Phase I/II designs have been suggested for

identifying the OBD by incorporating both efficacy and toxic-
ity responses in early-phase dose-finding trials [16-23]. Most of
these designs assume that efficacy and toxicity data are summa-
rized as binary outcomes, scored as a response or non-response
for efficacy, and as a DLT or non-DLT for toxicity. However, it
is crucial to incorporate the grades of toxicity, multiple levels of
efficacy, and continuous efficacy responses, such as biomarker
expression, white blood cell production, and pharmacodynamics
(PD), in dose-finding and decision-making to determine the OBD
for novel therapeutic agents [24-26] Takeda et al. [27] utilized the
ETS approach proposed by Yuan et al. [11] and extended the ETS
approach for efficacy grades as equivalent efficacy score (EES).
With these efforts, a model-assisted approach that incorporates
both efficacy and toxicity grades into the dose-finding process was
proposed. Furthermore, the TITE-gBOIN-ET design, an exten-
sion of the gBOIN-ET design, was proposed as a model-assisted
design aimed at accelerating early-phase trials by efficiently inte-
grating efficacy and toxicity outcomes to shorten trial durations
[28]. However, a comprehensive and effective framework that
incorporates various types of toxicity and efficacy endpoints into
dose-finding has not yet been proposed.

In this paper, we propose a unified transparent and efficient Phase
I/11 trial design for dose optimization (UNITED) to incorporate
various clinical significant toxicity and efficacy endpoints, such
as toxicity and efficacy grades, or continuous efficacy responses.
Our design is a comprehensive extension of the mISO design for
dose optimization based only on DLT and binary efficacy end-
points [22]. Specifically, we employ a quasi-binomial method to
manage graded toxicity and efficacy outcomes by converting dif-
ferent toxicity and efficacy grades into an equivalent number of
DLTs and responses, such as ETS and EES. Additionally, we dis-
cuss methods for addressing toxicity grades and types using com-
posite scores such as TTB, TTP, TBS, and continuous efficacy
endpoints. The UNITED design can also accommodate mixed
types of toxicity and efficacy endpoints. To address the common
issue of late-onset toxicity and efficacy in novel therapies, which
may occur over multiple cycles, and the differences in the assess-
ment window periods between efficacy and toxicity outcomes
that could delay decision-making, we further extend the UNITED
design to TITE-UNITED (time-to-event UNITED). This exten-
sion enables real-time decision-making while allowing sequen-
tial enrollment even when some patients’ toxicity and efficacy
assessments are pending.

The remainder of this article is structured as follows: In Section 2,
we briefly review the mISO design. In Section 3, we introduce the
UNITED design and present its statistical properties. Section 4
provides a comprehensive simulation study to evaluate the oper-
ating characteristics of UNITED and compare it with existing
methodologies. Finally, in Section 5, we discuss our findings
and conclude with final remarks. The software used to simu-
late and conduct the design is available at https://github.com/
FrankQiu20.

2 | mSIO Design

We begin by briefly reviewing the mISO design, which aims to
identify the OBD based on binary toxicity and efficacy endpoints.
The mISO design uniquely allows for the simultaneous
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monitoring of efficacy and toxicity outcomes within a single
trial framework, effectively capturing the efficacy plateau of
dose-efficacy relationships. Let D = (d,, ...,d;) represent a
set of J prespecified increasing dose levels under investiga-
tion. We denote py; and pg; as the binary toxicity and efficacy
rates, respectively, at each dose level di,j=1,...,J. The
dose-response relationships based on the biological mechanism
of the novel agents are captured to guide dose-finding design and
algorithm. Specifically, for toxicity, a generally monotonically
increasing dose-toxicity relationship is represented as

@

Pr1 < <Dry

Then for efficacy, a plateaued dose-efficacy curve is specified as

Pe1 < < Pgji = Pgjiq1 = PEJ @)
Suppose at the current dose level j, yr;, and yg; out of n;
patients have experienced toxicity and efficacy respectively. A
beta-binomial model is fitted for each dose level to construct an
admissible set, which is used to exclude doses that are overly toxic
or futile. Let @ denote the observed data,

yrjlng. prj ~ Binomial(n;. pr;);  yg;|n;. pg; ~ Binomial(n;. p)),

pr; ~ Beta(ar, fr);  pg; ~ Beta(ag, fg).

pr;i|O ~ Betalay + yr;, By +n; — yr;)i pe;lO ~ Betalag + yg;, B +n; — yg))
Let ¢, be the highest acceptable toxicity rate and ¢, be the
lowest acceptable efficacy rate. By utilizing the non-decreasing
dose-toxicity and dose-efficacy relationship specified at (1) and
(2), the admissible set of toxicity A, and efficacy A, is con-
structed as follows:

d, = argmin , (pr(pr; > ¢r|0) > 0);  Ap={1: d; )
d;, =argmax, (pr(pg; < ¢lO) > &); Ap=1{d; 4 : d;},

restriction pp; <---<pg; based on the efficacy likelihood
function:

ji-1 5
j=jt VEi

VE —y Jon—y
Ly« HPEF;(l_pEj)n’ VEj Prjs (1—PE1“)Z/="n’ Ve,
=1

The mISO design proposes the “collapse-then-split” algorithm,
initially assuming a known location for j7, then relaxing
this assumption, given the limited number of doses under
investigation. This method uses the Pool-Adjacent-Violators
Algorithm (PAVA) [29], known for its computational speed
and transparency. The resulting isotonic estimates represent the
maximum likelihood estimates (MLE) under the constraints of
monotonically increasing order [29]. However, directly applying
the PAVA proves inefficient due to the unique right-side
plateau pattern. Algorithm 1 describes the details of the
“collapse-then-split” approach, then all potential locations of
are enumerated. Model selection criteria based on the Akaike
Information Criterion (AIC) are then utilized to derive the effi-
cacy estimates and identify the location of the plateau point.

Dose escalation and de-escalation decisions within the mISO
design are based on the admissible set, plateau location, and effi-
cacy estimates. The dose-finding process is schematically rep-
resented in Figure 1. Given that the mISO design employs a
non-parametric method that is capable only of estimating doses
that have been tested, it incorporates a dose exploration rule to
facilitate data collection in the trial. Specifically, if the highest
tested dose, d jo, 18 deemed safe and d /o is not the highest dose
level, the mISO design will escalate to the next higher dose.

The mISO dose-finding design can be summarized as follows:

1. Treat the first cohort of patients at the lowest dose d,, or at
the physician-specified dose.

where 6 and & represent the pre-determined cut-off probabil- 2. Identify the highest tried dose do. If Pr(prjo > ¢7|0) <0
ity for toxicity and efficacy respectively (e.g., 0.9 or 0.95). The and j° < J, treat the next cohort of patients at dose djo
OBD is defined as the lowest dose that yields the highest effi- and go to step 5; otherwise, go to step 3.
cacy rate within the ox.ler.all admissible set‘ A=Ar OAE ..Dufe t.o 3. Construct the admissible set .4 using the proposed
the plateau characteristic of the dose-efficacy relationship, it is . . . .
; . N e beta-binomial model. If A is empty, early terminate the
common for multiple doses to meet this criterion. To minimize . . . .
. o . trial and claim that no dose should be selected; otherwise,
the risk of toxicity, the lowest dose among these is selected as
go to step 4.
the OBD.
4. Employ the proposed modified isotonic regression method
To estimate pg;, the mISO design performs constrained to estimate the efficacy rates for all doses within .A. Iden-
nonparametric maximum likelihood estimation under the order tify the lowest dose level that yields the highest efficacy rate
ALGORITHM1 | “Collapse-then-split” procedure.
Input: {yg;,n;|j=0,....J}
1: Initialization: Let p® = (p;,..... pg;a), and w® = w'”, ...,w;(z). Pe1 =Ye1/nps - Pgjn = ZLﬁ yE,j/ZLjf n;, and w” =
) _ 5/
Mjsoe s W 5 = ZFﬁ n;.

2: Requirement: pp; <--- < pgin
1. Satisfy - p© are the final solutions

A(1)

2. Not satisfy - apply PAVA to compute p» = {p,, ... p)

1) pE,jA
3: Finalization: Re-define the isotonic estimates in plateau as

} using p® with associated weights w©®

A1)

pEjt =

) _ A
=Pgy =Ppin

30f19



Startata

prespecified dose

.

Treat a new cohort of

patients
Yes Reach the
. maximum
Terminate sample size?
the trial
and identify No

the OBD

Is the highest tried dose
safe and below the

Yes

=

Escalate to

investigated dose?
No
R ves Early
Is A empty? terminate

¥

the trial

OBD > j | Findthe OBD withinAand [ OBD < j
compare it with latest
cohort stayed dose j
IOBD =j
Escalate to Stav at d , De-escalate
dosej+1 ayatdosej todosej—1
FIGURE1 | [Illustration of mISO dose-finding design.
estimate as the OBD. Let d, represent the current dose level: 3 | UNITED Design

if OBD < d ;» treat the next cohort of patients at dose d i1
if OBD =d;, treat the next cohort of patients at dose
d;; if OBD >d,, treat the next cohort of patients at
dosed, ;.

5. Repeat steps 2—4 until the maximum sample size has been
reached.

At the end of the trial, the final admissible set is constructed, and
efficacy rates for all doses within this set are estimated using the
accumulated data. The lowest dose that yields the highest efficacy
rate estimate within the admissible set is recommended as the
final OBD.

The mISO design requires binary outcomes for both toxicity and
efficacy. However, to optimize dose-finding and decision-making
for identifying the OBD in the development of therapeutic agents,
it’s important to incorporate grades and types of toxicity, multi-
ple levels of efficacy, and continuous efficacy outcomes. There-
fore, the mISO design serves as the foundational basis for our
extended comprehensive framework, the UNITED design, which
is equipped to handle ordinal graded, continuous, and mixed tox-
icity and efficacy endpoints. Furthermore, with delayed toxic-
ity and/or efficacy, some patients may have pending outcomes,
rendering the direct application of the UNITED decision rule
inefficient and infeasible. To address this challenge, we propose
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an extension of the UNITED framework to the TITE-UNITED
design, which accommodates delayed outcomes and refines
decision-making processes.

3.1 | Quasi-Binary Toxicity and Efficacy
Endpoints

An effective method for addressing ordinal graded toxicity and
efficacy is the use of equivalent toxicity score (ETS) and equiv-
alent efficacy score (EES) frameworks [11, 27]. These frame-
works convert various grades of toxicity and efficacy into equiv-
alent numbers of dose-limiting toxicities (DLTs) and responses,
respectively. For example, we define that grade 0 and 1 toxic-
ities are equivalent to 0 DLT, a grade 2 toxicity is equivalent
to 0.5 DLT, a grade 3 toxicity is equivalent to 1 DLT, and a
grade 4 toxicity is equivalent to 1.5 DLTs. Similarly, stable dis-
ease (SD) and progressive disease (PD) are considered equiva-
lent to O response, partial response (PR) to 1 response, and com-
plete response (CR) to 1.5 responses. We define the number of
possible ordinal grades for toxicity and efficacy as G, + 1 and
Gy + 1, respectively. These grades range from 0 to G for tox-
icity, where G, denotes the most severe adverse events, such
as death, and from 0 to G, for efficacy, where G corresponds
to the most desirable efficacy response, such as CR. Let w,, =
(Whrros Wiyt -+ -» Wiy, ) denote the equivalent number of DLTs
or responses ascribed to grade (0,1, ..., G,,) for M € {T, E}. Let
Yu; = Wajos -+ - Ymja,,) denote the observed counts of grade g
toxicities or efficacy outcomes among n; patients treated at dose
leveld;, where g =0, ..., G),. Here we make an assumption that
for each patient, only one type of toxicity grade that a patient
experienced is counted when defining yr;. For example, if a
patient experience a grade 1 dermatitis and a grade 2 nausea, only
grade 2 nausea will be counted. In instances where it is necessary
to account for all grades of toxicity a patient experiences, the TTB
approach is utilized. This method will be elaborated in the fol-
lowing section. Then, the total number of (equivalent) DLTs and
responses (i.e., ETS and EES) at dose level d, is given by

_ T
Py = WYy

As an example, consider toxicities with G, =4 grades and
wr =(0,0,0.5,1,1.5) and efficacy with G = 2 grades and wj =
(0,1,1.5), suppose that at dose d ) three patients have been treated
with three grade 2 toxicities were observed, then ry; =3 X 0.5 =
1.5. Suppose two PR and one CR were observed, rp; =2X1+
1% 1.5 = 3.5 can be derived in the same way. For comparison, if
the standard definition of DLT (e.g., grade 3 or higher toxicity)
and objective response rate (ORR) (e.g., PR and CR) is used as
the endpoint, we will completely ignore the graded 2 toxicity and
partially ignore the better CR outcome.

It is important to note that the ETS and EES are not necessar-
ily integers and are not bounded by n;, thus the beta-binomial
model and the “collapse-then-split” algorithm cannot be directly
used. Following Yuan et al. [11] and Takeda et al. [27] and
quasi-likelihood theory, we address those issue by standardizing
ry;asry, to[0,n;] using the quasi-binomial method:

Imj
= ;
Mj ’

Wye,,

r’;w |n;, ppr; ~ Quasi-Binomial(n;, pyy ;).

where p,,; represents the quasi-binary toxicity and efficacy
probabilities. As r*Mj can be modeled as a binomial distribu-
tion, the aforementioned beta-binomial model for admissible
sets and constrained nonparametric maximum likelihood esti-
mation under the order restrict rj, <---< rzf can still be

applied as

pr;|O0 ~ Beta(ay + r;j,ﬂT +n; - r;j); pg;|O ~ Beta(ag + r*Ej,ﬂE +n; - r*Ej)

ji-1

* . s ; .
Ly < {[]pii 0= peyp) ™™ }pff’ (1= ppy )"
=1

Therefore, the “collapse-then-split” algorithm in Algorithm 1 and
model selection criteria based on AIC can be adopted to han-
dle quasi-binary toxicity and efficacy endpoints. Using the same
dose-finding and optimization rules as mISO, the UNITED design
can be easily applied. One advantage of using the ETS and EES
is that they provide interpretations similar to the standard def-
initions of DLT and ORR. To draw the ¢, and ¢, with the
prespecificed target ETS and EES, ¢, = target ETS/ETS ., and
¢ = target EES/EES, .., where ETS_,, is the ETS for the most
severe toxicity grade G, for example, grade 4, and EES,, is the
EES for the most desirable efficacy response G. This approach
ensures that ¢, and ¢, are scaled appropriately. Yuan et al.
[11] consider the target ETS derived from the target toxicity pro-
file at the target MTD: 49% grade 0 and grade 1 toxicity, 18%
grade 2 toxicity, 23% grade 3 toxicity, and 10% grade 4 toxicity.
Given the equivalent score wy, the target ETS is obtained by the
weighted sum as 0.49 X0+ 0.18 X0.5+0.23x1.0+0.1x1.5=
0.47, and the highest acceptable ¢, = 0.47/1.5 = 0.313. Follow-
ing the rationale for specifying the target EES as detailed in
gBOIN-ET design [27], we consider the lowest acceptable effi-
cacy profile based on recent clinical trial results for primary
peritoneal cancer [30]. This profile assumes 50% SD and PD,
30% PR, and 20% CR responses. As a result, the ¢ = (0.5 %
0+4+0.3%x1.04+0.2x1.5)/1.5 = 0.4. It is crucial to elicit the tar-
get ETS and EES from both clinical and statistical considera-
tions. A notable approach is proposed by Chen et al. [31], which
involves a comprehensive toxicity scoring system measuring the
composite severity of multiple toxicities. This system provides
an effective solution for the common cases of multiple toxicities
per patient.

3.2 | Continuous Toxicity and Efficacy
Endpoints

An alternative method for quantifying toxicity incorporates com-
posite scores such as TTB, TTP, and TBS. For clarity, we focus
primarily on TTB, although the proposed methodology is equally
applicable to other composite score endpoints like TTP and TBS.
We adopt a similar example in Table 1 as shown by MT-keys
design [7] for Phase I clinical trials. Consider an example where a
patient experiences grade 4 Dermatitis, grade 3 Nausea or vomit-
ing, and grade 4 Fatigue, the TTB for that patient is 6.0 + 1.5 +
1.0 = 8.5. Although TTB is technically not a continuous vari-
able due to the fixed number of types and grades of toxicities, it
can often be well approximated as a continuous variable through
appropriate transformation. Previous research has shown that
ordinal variables with five or more categories can be treated
as continuous variables with minimal impact on the analysis
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TABLE1 | Severity weights in the sarcoma trial.
Severity
Type of toxicity Grade weight

1 Myelosuppression without fever 3 1.0
4 1.5

Myelosuppression with fever 3 5.0

4 6.0

2 Dermatitis 3 2.5
4 6.0

3 Liver 2 2.0
3 3.0

4 6.0

4 Nausea/vomiting 3 1.5
4 2.0

5 Fatigue 3 0.5
4 1.0

[7, 32]. For efficacy, we consider endpoints that are continuous.
Examples of such endpoints include biomarker expression levels,
the production of white blood cells, and pharmacodynamic (PD)
[24, 26, 33, 34]. Building on this foundation, we extend the
UNITED design to accommodate continuous toxicity and efficacy
endpoints.

Denote y,,; as TTB or efficacy measurements for ith patient
treated at dose level dj,wherei =1, ...,nj,andM e {T,E}. We
assume that y,,; follows a normal distribution:

2
Ymji ~ N(ﬂMstMj),

where u,,; and 612\41
Assuming a non-informative prior p(uyy;, aﬁ/[j) o« ajzw, given the
observed data O, the posterior distribution of u,, ; follows a

t-distribution with mean f,;, scale 53, and n; — 1 degrees of

are mean and variance, respectively.

W
XLy and 53, = Z*(Y+I”M’) The detailed

l
proof can be found in the Supportlng Information. The posterior
distributions are utilized to construct the admissible sets for tox-
icity and efficacy.

where i, =

A significant challenge in extending the UNITED design
to accommodate continuous endpoints is estimating efficacy
through nonparametric constrained maximum likelihood esti-
mation. To the best of our knowledge, there is no existing lit-
erature that addresses plateau-based nonparametric estimation
without assuming an underlying curve. We address this issue and
the likelihood function is given by

n
Z;;l(iji -

ﬂEj)2>
J

26%,
J n; 2
n 21 VEji — Hgt)
X {H(aﬁ,—)‘z exP< ——21_1 ;j ) < >} 3)
=it Okj

The likelihood function (3) depends on the parameters up =
(Hg1s - Hgj), and 6% = (07, ""Ui"j*’ ...,0%,). By assum-
ing j© is known, we perform constrained maximum likeli-
hood estimation under the order constraints on the mean
parameters pp; <--- < pg;, without imposing any assump-
tions or constraints on the variances ai:j. We adapt the
two-step iterative algorithm based on the Pool-Adjacent-Violators
Algorithm (PAVA), as proposed by Shi and Jiang [35] and pro-
pose the “Collapse-then-split” two-step iterative algorithm in
Algorithm 2. This approach is to maximize the logarithm of the
likelihood function (3), with mean vector u € D, and 67, € R/,
where D is the set of isotonic vector in R/'. The development
of the algorithm for estimation rely on Theorem 1 and 2. The
detailed proof of Theorem 1 and 2 is attached in the Supporting
Information.

j-1
2 -
b e o -
j=1

Theorem 1. MLE of (ug., o-ZE) under the order restrictions
exists since a maximize of over L in (3) over D exists.

M j
freedom,
i 1O~ 1 (i SMj ) Theorem 2. The point sequence {u®} given the Algorithm 2
Mj nmIM fn;” converges to a maximizer of Ly in(3)ask — .
ALGORITHM 2 | “Collapse-then-split” two steps iterative procedure.
Input: {yg;,n;|j=0,....J,i=1,...,n;} i
1: Initialization: Let u® = (g, ... Ag. ... fgy), 6°® =(62,,...,62), and w® = W, ..., wD). fip = E—y e fipn =
1
ZJ: i Z:’:’I YEji A N n ) Zt ygji—i © _ n
’i,”’ yHpj =" = Hgg = Hpjb0p; = ] ilj, = andw 62(10)
=
2: Requlrement Apr < S gy
1. Satisfy - u® and az“’) are the final solutions
2. Not satisfy - apply PAVA to compute u* with associated weights w*—D
nj ~(k)\2
20 _ Az(k) Az(k) ® _ W AZ(k) 2L i)’ ® _
(a) Compute 6™ = (6, 7)), and w (w w;’), where 63" = ==————, and w; 2(’“

J

(b) Check the order requ1rement using updated welght w("), repeat untll

max

1<j<J|i

(k D _ A0

3
— iy, <10
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By integrating admissible sets with efficacy estimation for con-
tinuous endpoints, we extend the mISO framework to UNITED,
maintaining the same dose-finding design and algorithm.
The UNITED design has been adapted to accommodate a
range of endpoint types, including binary, quasi-binary, and
continuous. As toxicity and efficacy are modeled indepen-
dently within this framework, UNITED can also transpar-
ently handle mixed endpoints. Examples of UNITED’s flexibil-
ity include scenarios with continuous toxicity and quasi-binary
efficacy, as well as quasi-binary toxicity combined with contin-
uous efficacy. These specific scenarios are detailed further in
Section 4.4.3.

3.3 | Delayed Outcomes

One common challenge in the implementation of targeted ther-
apies and immunotherapies is the late onset of toxicity and
efficacy, which can manifest over multiple treatment cycles.
Unlike traditional cytotoxic agents, which typically require
assessment within the first 1-2 treatment cycles, delayed out-
comes necessitate a longer evaluation window. This issue
poses a significant challenge for the UNITED design, which
relies on completely observed data. To address this, we pro-
pose the TITE-UNITED design using the approximated likeli-
hood approach developed by Lin et al. [36]. While our focus
is on quasi-binary endpoints like ETS and EES, it is impor-
tant to note that this quasi-binomial approximated likelihood
approach is also applicable to composite scores such as TTB.
We presented the rationale and details in the Supporting
Information.

Let F’l‘uﬁ,i =1, ...,n be the observed quasi-binary toxicity or
efficacy endpoints at dose level d;, which indicates the patient
i has experienced toxicity or efficacy (0 < F}‘Wﬁ <1), or not
yet experienced (F*Mji =0) at the time of dose assignment for
the next incoming cohort. We should notice that 0 < F’jw,. <
1 implies 0 <r}, . <1, but 7 . =0 implies 0 <r}, . <1. It is
because that a pending patient who has not experienced the
event by the interim time may experience the event later dur-
ing follow-up. Let 6,,, denote the status of toxicity and effi-
cacy outcome by the interim decision time, that is, 6, =
1 suggests the outcome has been ascertained while &, =0
is still pending. Let 7,, be the assessment window for toxic-
ity/efficacy. We denote v, ;;(vy;; < 7)) and 7),;; be the actual
follow up time and time-to-event of toxicity/efficacy at dose
level d; for patient i respectively. Therefore, by assuming the
time-to-event is uniformly distributed over the assessment win-
dow recommend by previous research [36, 37], for a patient i
with delayed outcome at dose level d s the likelihood can be
approximated by:

Pr(Fy, . = 018y, = 0)
= Pr(Fy,;, = 0,7y, = 0) + Pr(Fy, = 0,73, > 0)
= Pr(ij,- =0)+ Pr(rjwl. > 0) Pr(ty,;; > UMJ.,.|r’,‘W[. > 0)
~1=py; +pM,-TM;—UMﬁ =1- ?pw ~ (1 —pM,)l?ﬂ;’
M M

Thus, in the case of delayed outcome, the likelihood of
toxicity/efficacy at dose level d; is given by:

- IMji
(1=6p75:) o

nl
Spgiil™ i 5 1—p*
Lpy)) [ [par, ™ (@ = pag )™ 001 = pyy )
i=1

ok

F i 7
=Py (L=,

where 7 = Z:L&M ji'yji is the total observed quasi-binary
ETS/EES outcomes by the interim decision time, and 7i; =
2;1151\4 it Zf;l(l -6y j,.)UTM” is the “effective” sample size of
ETS/EES to accommodate the incomplete follow-up. It repre-
sents that at dose level d;, the number of patients who have
completed the assessment for toxicity/efficacy + (total follow-up
time for pending patients for toxicity/efficacy) / (length of
assessment window for toxicity/efficacy). This approach simpli-
fies the complex irregular likelihood arising from a mixture of
observed and pending outcomes. As a result, the aforementioned
beta-binomial models and estimation methods of efficacy can
be directly applied, potentially shortening the trial duration. For
example, by utilizing effective efficacy data 71; and 7y, » the poste-
rior beta distribution of p;; becomes py;|O ~ Beta(ag + Fej»Pe +
i — ’72,)- Similarly, r’;fj is revised to F*Ej, and n; to A1, reflect-
ing these adjustments in the likelihood function L, described in
Section 3.1. However, if the patient accrual is much faster than
the outcome evaluation, we may not have sufficient information
to make robust decisions although we use the pending data. To
address this, we propose an enrollment suspension rule to ensure
adequate information collection. For TITE-UNITED design, we
require that dose assignment is not allowed until at least 50% of
patients at the current dose level have completed both the toxicity
and efficacy assessment.

4 | Numerical Studies
4.1 | Quasi-Binary Toxicity and Efficacy
Endpoints

We conducted a simulation study to evaluate the operating char-
acteristics (OCs) of the UNITED design, utilizing ETS and EES
as quasi-binary endpoints. We considered a Phase I/II trial with
6 doses and a maximum sample size of 60 in cohorts of size 3. We
investigated the commonly considered highest acceptable ¢, =
0.313 (based on the highest acceptable ETS = 0.47) and the low-
est acceptable efficacy ¢ = 0.4 (based on the lowest acceptable
EES = 0.6). We set a; = f; = ap = f = 1 in the beta-binomial
model to specify non-informative priors. We also specified
the cut-off probability values 6§ = & = 0.9, which were deter-
mined based on preliminary simulation studies that calibrated
Bayesian design parameters. Nine scenarios were considered,
each featuring different locations of the OBD and various
shapes of dose-response curves. We compare the UNITED design
with gBOIN-ET design [27], the gBOIN design [12], and the
quasi-CRM design [11]. Since the gBOIN design and quasi-CRM
design is primarily designed for determining the MTD, we
adopted the two stage design (Phase 1 followed by cohort expan-
sion). The same basic settings for the simulations were used
in all four designs for a fair comparison with respect to maxi-
mum number of patients per trial (60), cohort size (3), starting
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dose (lowest dose level), the highest acceptable standardized ETS
(i.e., ETSS = 0.313) and lowest acceptable standardized EES (i.e.,
EES® = 0.4), and simulation times (10,000). The detailed simula-
tion configuration was illustrated in the Supporting Information.

Table 2 summarized the operating characteristics of the four
designs. The results were presented as the percentage of simula-
tion times each design selected a particular dose level as the OBD,
denoted as Selection (%), and the average percentage of patients
treated at each dose level, referred to as Patient (%). Outcomes
that reflected correct OBD selection were highlighted in boldface.
The selection percentage under the dose level ‘0’ indicated the
percentage of early trial termination without identifying an OBD.

Under Scenarios 1-5, the MTD defined by the ETS and the OBD
defined by both the ETS and EES were not matched. Specifically,
in scenario 1, where the MTD was located at dose level 4 and the
OBD was defined at dose level 1, the percentage of correct OBD
selection of UNITED was 71.6%, which was 12.5%, 37.4%, and
36.2% higher than that of gBOIN-ET, gBOIN, and quasi-CRM.
The percentage of patients treated at OBD of UNITED was 47.2%,
which was slightly less than that of gBOIN-ET but significantly
higher than that of gBOIN and quasi-CRM. Similar results were
observed in the subsequent Scenarios 2-5.

Under Scenarios 6-8, the MTD defined by the ETS and the OBD
defined by both the ETS and EES were matched. The UNITED
design successfully identified the correct OBDs and allocated
patients at percentages comparable to those of other designs.
In Scenario 9, where no dose satisfied the toxicity and efficacy
requirements, UNITED terminated the trial early in 96.1% of
simulations. This rate was comparable to gBOIN-ET and signifi-
cantly higher than that of gBOIN and quasi-CRM. Additionally,
UNITED used the fewest average number of patients in all sce-
narios, contributing to significant savings in patient resources.

4.2 | Continuous Toxicity and Efficacy
Endpoints

We utilized the TTB as an example of a continuous toxicity end-
point, in addition to continuous efficacy endpoints, to compare
the UNITED design with gBOIN. Adopting the setting of the sar-
coma trial [8], we considered six types of toxicities with different
severity weights assigned to different toxicity grades as shown in
Table 1. We considered 9 scenarios with varying locations of the
OBD. The toxicity upper bound TTB was ¢, = 3.04, and the effi-
cacy lower bound ¢, = 0.3. The maximum sample size was 60
patients and the cohort size was 3. The details of the nine scenar-
ios (e.g., the probability of each type and grade of toxicities), and
simulation configuration were provided in Supporting Informa-
tion.

Table 3 summarized the results. The UNITED design demon-
strated superior performance in terms of the correct selection of
OBD and patient allocation when the OBD and the MTD were
not matched, as illustrated in Scenarios 1-5. For example, in Sce-
nario 2, the MTD was dose level 4, and the OBD was dose level 2
since it was safe and the efficacy reached the plateau from this
dose. The percentage of correct selection of OBD and the per-
centage of patients treated at OBD of UNITED is 73.9% and 44.5%

respectively, which was 43.1% and 39.1% higher than that of the
gBOIN design. When the MTD and OBD matched, as in scenarios
6-8, gBOIN slightly outperformed UNITED. In scenario 9, where
no dose met both acceptable toxicity and efficacy profiles, the
percentages of early trial termination for the two designs were
similar; however, UNITED was able to save almost half the num-
ber of patients compared to gBOIN.

4.3 | Delayed Outcomes

In our investigation of delayed outcomes, patient accrual was
simulated from a uniform distribution, with an accrual rate
of three patients per month. The toxicity and efficacy assess-
ment windows were set at 1.5 months and 3 months, respec-
tively, to reflect realistic trial settings. The time-to-efficacy and
time-to-toxicity outcomes were simulated using a Weibull dis-
tribution, ensuring that 50% of the efficacy and toxicity events
occurred in the latter half of their respective assessment windows.
We compared the proposed TITE-UNITED design with the con-
ventional UNITED design. The conventional approach suspends
the trial and defers interim analysis if any pending outcomes exist
among patients. While this method ensures comprehensive data
collection, it may not be feasible in practice due to the potential
for excessively long trial durations. Nonetheless, it serves as a use-
ful reference for comparison.

Table 4 summarized the results. We reported the same OCs using
the same ETS® and EES® across all nine scenarios, as previously
detailed in Table 2. Besides, we also reported the trial duration
under each design. The TITE-UNITED yielded slightly lower
true correct OBD selection and patients’ allocation percentages
at OBD than the conventional UNITED design. However, the
TITE-UNITED design significantly reduced the trial duration.
For example, in scenario 3, the TITE-UNITED design achieved
a correct OBD selection percentage of 76.9% and a patient alloca-
tion at OBD percentage of 40.2%, which were only 1.3% and 2.7%
lower, respectively, than those under the conventional UNITED
design. However, it reduced the trial duration from 70.1 months
to 38.1 months. A similar pattern was observed in other scenar-
ios. Therefore, when considering all design metrics, including
OBD selection, patient allocation, and trial duration, the pro-
posed TITE-UNITED design proves to be preferable to the con-
ventional UNITED approach, particularly in scenarios involving
delayed outcomes. In Table S4, we compare the performance
of the TITE-UNITED design with the TITE-gBOIN-ET design
[28]. Overall, the TITE-UNITED design shows improved perfor-
mance in scenarios where the MTD and the OBD do not align,
while exhibiting slightly lower performance in scenarios where
the MTD and OBD are matched. In the TITE-UNITED design,
we assumed that toxicity and efficacy grades were exclusive of
each other. However, patients may experience multiple toxicity
and efficacy events during the assessment period. For example,
a patient may exhibit an early-on low-grade or mild response,
followed by higher-grade toxicity or efficacy later. To evaluate
the robustness of the TITE-UNITED design under these condi-
tions, we conducted a sensitivity analysis that allowed for multi-
ple toxicity and efficacy events per patient. Following a method
similar to that used by Takeda et al., we sequentially generated
the time-to-toxicity from the Weibull distribution [28]. If the
time to the first toxicity outcome of Grade 2, 3, or 4 occurred
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TABLE2 |

and patients’ allocation and number of patients in the trial, based on 10,000 simulated trials.

The operating characteristics (OCs) of the UNITED, gBOIN-ET, gBOIN and quasi-CRM designs including percentages of OBD selection

Dose level
# of

Design 0 1 2 3 4 5 6 patients
Scenario 1

True ETSS 0.08 0.12 0.22 0.32 0.5 0.57

True EES® 0.45 0.45 0.45 0.45 0.48 0.48
UNITED Selection (%) 5.5 71.6 14.8 4.9 3.1 0.1 0.0

Patient (%) 47.2 17.4 12.7 11.5 8.1 3.2 58.1
gBOIN-ET Selection (%) 0.6 59.1 27.1 10.3 2.8 0.1 0.0

Patient (%) 63.5 25.8 8.2 2.2 0.3 0.0 59.7
gBOIN Selection (%) 0.6 34.2 28.9 22.7 13.3 0.4 0.0

Patient (%) 5.8 10.2 31.6 41.1 10.5 0.9 60.0
quasi-CRM Selection (%) 0.4 354 28.0 22.5 13.2 0.5 0.0

Patient (%) 6.6 10.0 31.0 45.4 6.9 0.0 60.0
Scenario 2

True ETSS 0.05 0.14 0.21 0.33 0.42 0.53

True EES® 0.30 0.50 0.50 0.51 0.51 0.51
UNITED Selection (%) 3.8 22.1 65.0 6.9 1.7 0.5 0.0

Patient (%) 27.3 37.2 13.3 10.4 8.3 3.6 58.7
gBOIN-ET Selection (%) 0.0 11.3 64.6 21.0 2.8 0.3 0.0

Patient (%) 23.8 59.8 14.2 2.0 0.3 0.0 60.0
gBOIN Selection (%) 0.1 11.8 39.9 30.9 154 1.8 0.0

Patient (%) 54 10.5 33.2 35.6 13.3 2.0 60.0
quasi-CRM Selection (%) 0.1 12.6 39.4 30.1 16.0 1.8 0.0

Patient (%) 5.2 11.1 32.0 40.7 10.7 0.2 60.0
Scenario 3

True ETSS 0.05 0.08 0.10 0.20 0.28 0.37

True EESS 0.13 0.30 0.58 0.58 0.58 0.60
UNITED Selection (%) 0.5 0.9 14.6 77.5 5.4 1.0 0.1

Patient (%) 8.2 22.3 42.7 12.5 9.7 4.6 59.8
gBOIN-ET Selection (%) 0.0 0.0 10.7 76.5 11.9 0.8 0.1

Patient (%) 6.0 22.1 60.7 10.7 0.5 0.0 60.0
gBOIN Selection (%) 0.0 0.4 5.4 39.0 314 19.9 3.9

Patient (%) 5.2 5.6 8.2 24.9 329 23.3 60.0
quasi-CRM Selection (%) 0.0 0.6 6.2 41.8 33.6 16.7 1.1

Patient (%) 5.9 5.7 7.4 31.3 43.2 6.6 60.0
Scenario 4

True ETSS 0.05 0.08 0.10 0.12 0.20 0.37

True EESS 0.07 0.13 0.20 0.45 0.45 0.46
UNITED Selection (%) 3.6 0.1 0.2 3.9 78.0 11.9 2.2

Patient (%) 5.8 8.9 18.1 447 15.8 6.7 58.9
gBOIN-ET Selection (%) 0.0 0.1 0.2 0.8 64.2 30.3 4.3

Patient (%) 5.7 7.0 9.7 50.2 24.6 2.8 60.0
gBOIN Selection (%) 0.7 0.5 2.1 4.8 42.2 36.5 13.1

Patient (%) 5.2 5.6 6.4 10.8 32.8 39.3 60.0

(Continues)
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TABLE2 | (Continued)

Dose level
# of

Design 0 1 2 3 4 5 6 patients
quasi-CRM Selection (%) 0.1 0.6 1.3 6.8 48.2 38.5 4.5

Patient (%) 5.9 5.7 6.2 13.7 54.1 14.5 60.0
Scenario 5

True ETSS 0.05 0.08 0.10 0.12 0.13 0.25

True EES® 0.03 0.07 0.13 0.22 0.46 0.46
UNITED Selection (%) 4.3 0.1 0.0 0.2 6.1 81.4 7.8

Patient (%) 5.4 6.2 10.3 21.9 47.2 9.0 58.7
gBOIN-ET Selection (%) 0.0 0.1 0.1 0.5 2.7 70.9 25.7

Patient (%) 5.7 6.5 8.0 11.9 52.9 15.0 60.0
gBOIN Selection (%) 0.7 0.3 1.0 2.7 9.3 48.9 37.1

Patient (%) 5.2 5.6 6.4 8.9 15.6 58.4 60.0
quasi-CRM Selection (%) 0.3 0.4 2.0 5.1 10.5 63.5 18.2

Patient (%) 5.9 5.7 6.2 12.2 41.4 28.7 60.0
Scenario 6

True ETSS 0.05 0.08 0.10 0.12 0.13 0.18

True EES® 0.03 0.07 0.13 0.18 0.23 0.48
UNITED Selection (%) 9.4 1.5 0.0 0.2 1.8 13.2 73.8

Patient (%) 5.7 6.5 9.3 15.7 24.8 38.1 57.6
gBOIN-ET Selection (%) 7.1 0.8 0.7 1.8 31 9.1 77.4

Patient (%) 6.1 6.8 8.3 10.9 17.3 50.5 58.8
gBOIN Selection (%) 2.1 0.5 1.5 3.5 8.1 13.4 70.9

Patient (%) 5.2 5.6 6.4 8.9 12.2 61.7 60.0
quasi-CRM Selection (%) 0.4 2.2 6.4 11.4 18.9 24.7 36.0

Patient (%) 5.9 5.7 6.2 12.2 40.4 29.6 60.0
Scenario 7

True ETSS 0.10 0.27 0.39 0.50 0.59 0.77

True EESS 0.27 0.53 0.55 0.63 0.73 0.73
UNITED Selection (%) 14.5 9.9 70.3 4.9 0.4 0.0 0.0

Patient (%) 26.3 50.0 12.9 6.6 3.2 1.0 55.6
gBOIN-ET Selection (%) 12.1 24.7 54.9 6.1 1.4 0.7 0.1

Patient (%) 31.8 53.1 9.9 3.0 14 0.7 56.3
gBOIN Selection (%) 2.1 10.6 72.1 14.3 1.0 0.0 0.0

Patient (%) 12.2 53.2 27.8 6.0 0.7 0.0 60.0
quasi-CRM Selection (%) 0.3 13.2 72.6 13.6 0.3 0.0 0.0

Patient (%) 9.9 57.6 26.7 5.5 0.3 0.0 60.0
Scenario 8

True ETSS 0.05 0.13 0.28 0.44 0.52 0.60

True EESS 0.07 0.25 0.52 0.52 0.62 0.63
UNITED Selection (%) 14.7 0.3 9.6 73.2 2.2 0.1 0.0

Patient (%) 7.9 25.0 46.4 11.2 6.8 2.6 55.6
gBOIN-ET Selection (%) 18.8 2.5 22.3 51.7 3.1 1.1 0.4

Patient (%) 8.3 30.6 49.7 7.4 2.7 1.3 55.5

(Continues)
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TABLE2 | (Continued)
Dose level
# of

Design 0 1 2 3 4 5 6 patients
gBOIN Selection (%) 33 0.3 10.1 77.6 8.7 0.1 0.0

Patient (%) 5.7 12.7 52.5 25.8 31 0.2 60.0
quasi-CRM Selection (%) 0.8 0.9 14.3 73.9 10.1 0.0 0.0

Patient (%) 6.0 12.2 52.0 28.0 1.8 0.0 59.9
Scenario 9

True ETSS 0.22 0.30 0.40 0.50 0.53 0.60

True EES® 0.10 0.13 0.22 0.30 0.42 0.53
UNITED Selection (%) 96.1 0.0 0.1 1.5 2.0 0.3 0.0

Patient (%) 22.9 25.6 25.7 15.6 7.8 2.5 26.1
gBOIN-ET Selection (%) 93.3 24 1.7 1.9 0.3 0.3 0.1

Patient (%) 34.0 26.0 20.5 11.1 5.9 2.4 28.8
gBOIN Selection (%) 79.1 6.5 7.9 5.6 0.9 0.1 0.0

Patient (%) 31.4 44.0 20.0 4.0 0.6 0.0 59.9
quasi-CRM Selection (%) 76.6 9.0 10.0 4.3 0.1 0.0 0.0

Patient (%) 39.5 41.9 15.8 2.7 0.1 0.0 59.2

TABLE 3 | The operating characteristics (OCs) of the UNITED, and gBOIN designs including percentages of OBD selection and patients’ allocation

and number of patients in the trial, based on 10,000 simulated trials.

Dose level

# of
Design 0 1 2 3 4 5 6 patients
Scenario 1
True TTB 0.22 0.91 1.48 3.04 4.81 6.1
True efficacy 0.5 0.5 0.5 0.5 0.52 0.6
UNITED Selection (%) 0.0 68.3 19.2 8.6 3.9 0.0 0.0
Patient (%) 41.7 19.9 15.1 12.3 7.9 3.1 60.0
gBOIN Selection (%) 0.0 30.0 30.1 26.3 13.6 0.1 0.0
Patient (%) 5.1 5.7 114 73.0 4.7 0.1 60.0
Scenario 2
True TTB 0.32 0.74 1.25 1.57 3.04 4.74
True efficacy 0.22 0.45 0.45 0.45 0.45 0.45
UNITED Selection (%) 0.0 0.0 73.9 18.1 6.1 1.9 0.1
Patient (%) 5.0 44.5 19.7 13.9 11.5 5.3 60.3
gBOIN Selection (%) 0.0 0.0 30.8 28.9 25.6 14.5 0.2
Patient (%) 5.1 54 6.4 15.5 57.3 10.2 60.0
Scenario 3
True TTB 0.32 0.74 1.25 1.57 3.04 4.74
True efficacy 0.22 0.37 0.53 0.53 0.53 0.53
UNITED Selection (%) 0.0 0.0 0.1 78.2 16.5 5.1 0.1
Patient (%) 5.0 5.4 50.1 20.0 13.8 5.6 60.0
gBOIN Selection (%) 0.0 0.0 0.0 37.8 35.9 25.6 0.6
Patient (%) 5.1 54 6.4 15.5 57.3 10.2 60.0
(Continues)

11 of 19



TABLE3 | (Continued)

Dose level
# of
Design 0 1 2 3 4 5 6 patients
Scenario 4
True TTB 0.57 0.83 1.09 1.35 1.6 3.16
True EES 0.25 0.35 0.48 0.64 0.64 0.64
UNITED Selection (%) 0.0 0.0 0.0 0.5 83.0 14.0 2.5
Patient (%) 5.0 5.0 6.3 55.7 20.0 7.9 60.0
gBOIN Selection (%) 0.0 0.0 0.0 0.2 41.0 36.1 22.7
Patient (%) 5.2 5.5 6.3 8.7 18.6 55.7 60.0
Scenario 5
True TTB 0.57 0.83 1.09 1.35 1.60 3.16
True efficacy 0.02 0.08 0.14 0.24 0.37 0.37
UNITED Selection (%) 0.7 0.0 0.0 0.0 0.1 91.1 8.1
Patient (%) 5.1 5.1 5.1 5.3 65.7 13.7 59.7
gBOIN Selection (%) 2.5 0.0 0.0 0.0 0.0 56.5 41.0
Patient (%) 5.2 5.5 6.3 8.7 18.6 55.7 60.0
Scenario 6
True TTB 0.57 0.83 1.09 1.35 1.60 2.86
True efficacy 0.02 0.08 0.14 0.24 0.37 0.52
UNITED Selection (%) 0.7 0.0 0.0 0.0 0.1 14.5 84.7
Patient (%) 5.1 5.1 5.1 5.2 14.0 65.5 59.7
gBOIN Selection (%) 2.5 0.0 0.0 0.0 0.0 12.0 85.5
Patient (%) 5.2 5.5 6.3 8.7 16.3 58.1 60.0
Scenario 7
True TTB 1.49 3.04 4.54 5.17 5.79 6.41
True efficacy 0.32 0.48 0.49 0.52 0.59 0.76
UNITED Selection (%) 0.5 14.1 82.8 2.6 0.1 0.0 0.0
Patient (%) 10.6 48.7 18.3 10.9 8.1 3.4 59.8
gBOIN Selection (%) 0.0 4.6 90.4 5.0 0.0 0.0 0.0
Patient (%) 14.2 44.3 6.8 0.3 0.0 0.0 60.0
Scenario 8
True TTB 0.44 1.28 3.04 4.77 5.33 5.9
True efficacy 0.12 0.38 0.59 0.64 0.69 0.72
UNITED Selection (%) 0.2 0.0 14.8 84.9 0.0 0.0 0.0
Patient (%) 5.1 11.8 59.3 11.9 8.5 34 59.9
gBOIN Selection (%) 0.0 3.0 3.7 89.7 3.6 0.0 0.0
Patient (%) 5.3 12.1 75.1 7.4 0.1 0.0 60.0
Scenario 9
True TTB 0.44 1.28 3.04 4.78 5.33 5.9
True efficacy 0.05 0.1 0.2 0.36 0.48 0.7
UNITED Selection (%) 99.8 0.0 0.0 0.1 0.1 0.0 0.0
Patient (%) 13.8 13.8 15.3 27.6 20.7 8.8 26.8
gBOIN Selection (%) 99.4 0.0 0.0 0.0 0.6 0.0 0.0
Patient (%) 5.3 12.1 75.2 7.4 0.1 0.0 60.0
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TABLE 4 | The operating characteristics (OCs) of the UNITED and TITE-UNITED designs with delayed outcomes, including percentages of OBD
selection and patients’ allocation, number of patients in the trial and trial duration, based on 10,000 simulated trials.

Dose level .
# of Duration

Design 0 1 2 3 4 5 6 patients (in months)
Scenario 1

True ETSS 0.08 0.12 0.22 0.32 0.5 0.57

True EES® 0.45 0.45 0.45 0.45 0.48 0.48
TITE-UNITED Selection (%) 6.8 71.1 15.2 4.4 2.4 0.1 0.0

Patient (%) 48.5 17.7 12.1 10.6 7.9 32 58.6 36.6
UNITED Selection (%) 5.8 71.3 15.2 4.9 2.7 0.1 0.0

Patient (%) 46.9 17.6 12.6 114 8.2 3.2 58.1 69.0
Scenario 2

True ETSS 0.05 0.14 0.21 0.33 0.42 0.53

True EES® 0.30 0.50 0.50 0.51 0.51 0.51
TITE-UNITED Selection (%) 34 25.1 64.0 6.2 1.1 0.3 0.0

Patient (%) 30.2 35.1 13.1 10.0 8.1 3.5 58.9 37.0
UNITED Selection (%) 4.0 22.4 64.5 6.9 1.8 0.5 0.0

Patient (%) 27.8 36.9 13.2 10.4 8.2 3.6 58.8 70.0
Scenario 3

True ETSS 0.05 0.08 0.10 0.20 0.28 0.37

True EES® 0.13 0.30 0.58 0.58 0.58 0.60
TITE-UNITED Selection (%) 0.3 1.1 16.0 76.9 4.9 0.7 0.1

Patient (%) 8.9 24.4 40.2 12.3 9.7 4.6 59.8 38.1
UNITED Selection (%) 0.4 1.0 14.3 78.2 4.9 0.9 0.3

Patient (%) 8.1 22.2 42.9 12.3 9.7 4.6 59.8 70.1
Scenario 4

True ETSS 0.05 0.08 0.10 0.12 0.20 0.37

True EES® 0.07 0.13 0.20 0.45 0.45 0.46
TITE-UNITED Selection (%) 3.2 0.1 0.7 7.8 77.7 8.9 1.7

Patient (%) 6.5 11.6 21.6 39.7 14.5 6.2 59.1 40.5
UNITED Selection (%) 3.8 0.1 0.3 4.3 77.7 11.5 2.3

Patient (%) 5.8 8.9 18.1 44.7 15.8 6.7 58.9 72.2
Scenario 5

True ETSS 0.05 0.08 0.10 0.12 0.13 0.25

True EES® 0.03 0.07 0.13 0.22 0.46 0.46
TITE-UNITED Selection (%) 3.8 0.1 0.1 0.6 11.4 78.6 5.5

Patient (%) 54 7.4 13.5 25.7 40.1 7.8 58.7 40.9
UNITED Selection (%) 4.1 0.2 0.0 0.2 6.3 81.4 7.7

Patient (%) 5.4 6.2 10.3 21.8 47.3 9.0 58.7 72.4
Scenario 6

True ETSS 0.05 0.08 0.10 0.12 0.13 0.18

True EES® 0.03 0.07 0.13 0.18 0.23 0.48
TITE-UNITED Selection (%) 7.7 0.9 0.0 0.3 5.1 15.8 70.2

Patient (%) 5.8 7.2 11.9 15.8 26.4 32.9 58.1 41.3
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TABLE4 | (Continued)
Dose level .
# of Duration

Design 0 1 2 3 4 5 6 patients (in months)
UNITED Selection (%) 9.5 1.5 0.1 0.2 1.7 13.7 73.2

Patient (%) 5.7 6.4 9.2 154 250 382 57.5 71.1
Scenario 7

True ETSS 0.10 0.27 0.39 0.50 0.59 0.77

True EESS 0.27 0.53 0.55 0.63 0.73 0.73
TITE-UNITED Selection (%) 13.0 10.6 69.3 6.1 1.0 0.0 0.0

Patient (%) 28.4 47.6 12.9 6.7 33 1.0 56.3 32.5
UNITED Selection (%) 14.4 9.8 69.5 5.5 0.8 0.0 0.0

Patient (%) 26.9 49.6 12.6 6.7 3.2 0.9 55.7 66.2
Scenario 8

True ETSS 0.05 0.13 0.28 0.44 0.52 0.60

True EESS 0.07 0.25 0.52 0.52 0.62 0.63
TITE-UNITED Selection (%) 16.8 0.4 10.1 69.8 3.2 0.4 0.0

Patient (%) 8.7 27.2 433 11.2 6.9 2.7 55.7 35.0
UNITED Selection (%) 14.7 0.4 9.6 73.1 2.2 0.1 0.0

Patient (%) 8.2 26.0 45.6 10.9 6.7 2.6 54.8 65.6
Scenario 9

True ETSS 0.22 0.30 0.40 0.50 0.53 0.60

True EESS 0.10 0.13 0.22 0.30 0.42 0.53
TITE-UNITED Selection (%) 93.2 0.0 0.2 3.2 3.0 0.4 0.1

Patient (%) 25.0 26.7 25.3 14.0 6.8 2.2 30.1 23.9
UNITED Selection (%) 96.1 0.0 0.0 1.5 1.9 0.4 0.0

Patient (%) 23.1 25.6 25.6 15.6 7.6 2.5 26.2 32.8

within the toxicity assessment window, we then generated the
time to the second toxicity outcome as the sum of a sample
from the Weibull distribution and the time to the first toxic-
ity outcome. This process was repeated until the time to sub-
sequent toxicity outcomes extended beyond the toxicity assess-
ment window. We applied the same approach to time-to-efficacy
outcomes. The highest observed toxicity and efficacy grades at
each interim assessment were used to make dose assignment
decisions in the TITE-UNITED design. It is important to note
that when a patient experienced the highest observed toxicity
and efficacy grades, they were considered to have a complete
outcome. The simulation results, presented in Table S5, demon-
strated that the TITE-UNITED design maintained its efficiency,
even in situations where multiple toxicity and efficacy events
occurred.

4.4 | Sensitivity Analysis

44.1 | Umbrella Shaped Dose-Efficacy Relationship

Our designs assume that the dose-efficacy curve increases ini-
tially and then plateaus. We performed a sensitivity analysis
under settings similar to those described in Section 4.1, evalu-
ating the performance of the UNITED design with quasi-binary

toxicity and efficacy endpoints when the dose-efficacy curve
was umbrella-shaped, as illustrated in Scenarios 1-5 of Table 5.
Specifically, Scenarios 1-3 represented scenarios where the MTD
and OBD did not match, while Scenarios 4-5 depicted cases
where they did match. The UNITED design consistently out-
performed the gBOIN-ET, gBOIN, and quasi-CRM designs in
terms of OBD selection and patient allocation. Additionally, a
similar sensitivity analysis was conducted for continuous toxicity
and efficacy endpoints as described in Section 4.2. The UNITED
design exhibited superior performance in scenarios where the
MTD and OBD did not match (Scenarios 6-8) and slightly less
effective performance when MTD and OBD were matched (Sce-
narios 9-10).

4.4.2 | Correlation Between Toxicity and Efficacy

In developing the probability models and methodologies for
the UNITED design, we assumed independence between
toxicity and efficacy outcomes. Given the use of multiple
experimental doses and the assumption of a non-decreasing
dose-response for these outcomes, this assumption does not
necessarily imply marginal independence [38]. To address
potential concerns about the association between toxicity and
efficacy, we conducted a sensitivity analysis. We employed a
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TABLE 5 | Sensitivity analysis of the UNITED design under umbrella-shaped dose-efficacy relationship.
Dose level
# of

Design 0 1 2 3 4 5 6 patients
Scenario 1

True ETSS 0.03 0.17 0.23 0.27 0.45 0.53

True EES® 0.13 0.32 0.57 0.54 0.48 0.44
UNITED Selection (%) 7.0 0.5 28.7 62.1 1.5 0.1 0.0

Patient (%) 10.1 31.8 35.4 10.2 8.5 3.9 57.8
gBOIN-ET Selection (%) 3.7 0.6 21.9 59.8 13.5 0.5 0.1

Patient (%) 7.6 31.9 493 10.3 0.7 0.2 59.0
gBOIN Selection (%) 2.4 0.9 12.7 57.7 25.0 1.2 0.0

Patient (%) 5.6 14.1 25.1 37.0 16.5 1.6 60.0
quasi-CRM Selection (%) 1.8 1.8 13.2 56.0 26.1 1.1 0.0

Patient (%) 5.2 16.7 25.3 40.7 12.0 0.0 60.0
Scenario 2

True ETSS 0.03 0.11 0.13 0.17 0.25 0.33

True EES® 0.13 0.23 0.40 0.67 0.63 0.57
UNITED Selection (%) 0.6 0.9 6.0 33.0 58.2 1.1 0.1

Patient (%) 7.6 15.1 28.7 33.3 10.4 5.0 59.8
gBOIN-ET Selection (%) 0.2 0.0 1.5 42.8 52.7 2.5 0.2

Patient (%) 6.3 12.3 42.0 37.5 1.7 0.2 60.0
gBOIN Selection (%) 0.2 0.4 2.3 12.0 51.4 29.2 4.6

Patient (%) 5.3 6.5 7.2 14.0 33.3 33.7 60.0
quasi-CRM Selection (%) 0.1 0.3 2.1 12.3 56.6 27.7 0.9

Patient (%) 5.2 7.3 7.5 22.7 51.0 6.3 60.0
Scenario 3

True ETSS 0.03 0.11 0.13 0.15 0.23 0.27

True EESS 0.03 0.07 0.13 0.30 0.51 0.46
UNITED Selection (%) 33 0.0 0.1 0.5 31.2 61.4 3.5

Patient (%) 5.5 6.2 11.1 34.2 35.9 7.1 59.1
gBOIN-ET Selection (%) 7.5 0.2 0.3 0.4 18.8 58.5 14.3

Patient (%) 6.2 6.8 8.0 26.5 43.0 9.4 58.4
gBOIN Selection (%) 1.6 0.2 0.4 2.6 16.8 58.3 20.1

Patient (%) 5.3 6.5 7.1 11.7 26.4 43.0 60.0
quasi-CRM Selection (%) 0.6 0.6 1.3 8.4 26.3 59.3 3.5

Patient (%) 5.2 7.3 7.5 19.2 52.4 8.5 60.0
Scenario 4

True ETSS 0.03 0.17 0.30 0.40 0.50 0.53

True EES® 0.23 0.30 0.53 0.70 0.60 0.53
UNITED Selection (%) 10.9 5.8 20.8 57.8 4.7 0.0 0.0

Patient (%) 16.1 26.8 35.9 12.1 6.5 2.6 57.2
gBOIN-ET Selection (%) 4.2 10.9 30.9 45.3 6.5 1.4 0.6

Patient (%) 16.6 36.4 37.6 6.9 1.7 0.7 59.0
gBOIN Selection (%) 5.2 8.7 10.7 58.0 17.3 0.2 0.0

Patient (%) 5.7 19.9 48.4 21.8 3.9 0.4 60.0
quasi-CRM Selection (%) 2.8 11.0 12.4 58.6 15.2 0.0 0.0

Patient (%) 5.2 22.1 48.8 21.8 1.9 0.1 60.0

(Continues)
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TABLE5 | (Continued)

Dose level
# of
Design 0 1 2 3 4 5 6 patients
Scenario 5
True ETSS 0.17 0.30 0.40 0.50 0.53 0.60
True EESS 0.30 0.53 0.70 0.60 0.53 0.40
UNITED Selection (%) 13.3 18.0 64.1 4.5 0.0 0.0 0.0
Patient (%) 30.8 43.9 12.7 6.6 4.4 1.7 56.3
gBOIN-ET Selection (%) 9.9 38.9 43.6 5.6 1.4 0.5 0.1
Patient (%) 43.0 44.2 8.9 2.3 1.1 0.5 56.1
gBOIN Selection (%) 5.3 11.1 66.0 17.3 0.2 0.0 0.0
Patient (%) 19.8 53.8 21.9 4.0 0.5 0.0 60.0
quasi-CRM Selection (%) 6.8 13.5 66.0 13.6 0.1 0.0 0.0
Patient (%) 24.9 55.4 17.3 2.4 0.1 0.0 59.9
Scenario 6
True TTB 0.22 0.91 1.48 3.04 4.81 6.1
True efficacy 0.33 0.58 0.55 0.52 0.5 0.48
UNITED Selection (%) 0.0 0.0 94.1 4.9 1.0 0.0 0.0
Patient (%) 5.1 60.1 14.0 10.5 7.3 2.9 60.0
gBOIN Selection (%) 0.0 0.0 62.4 323 5.4 0.0 0.0
Patient (%) 5.1 5.7 114 73.0 4.7 0.1 60.0
Scenario 7
True TTB 0.32 0.74 1.25 1.57 3.04 4.74
True efficacy 0.30 0.45 0.65 0.6 0.58 0.45
UNITED Selection (%) 0.0 0.0 0.1 95.9 3.1 0.8 0.0
Patient (%) 3.0 3.8 35.7 7.9 6.6 3.0 60.0
gBOIN Selection (%) 0.0 0.0 0.2 66.4 26.2 7.2 0.0
Patient (%) 5.1 5.4 6.4 15.5 57.3 10.2 60.0
Scenario 8
True TTB 0.57 0.83 1.09 1.35 1.60 2.86
True efficacy 0.2 0.3 0.4 0.6 0.55 0.5
UNITED Selection (%) 0.0 0.0 0.0 0.3 95.8 3.5 0.4
Patient (%) 5.0 5.1 5.8 64.5 13.8 5.9 60.0
gBOIN Selection (%) 0.0 0.0 0.0 0.1 74.8 24.0 1.1
Patient (%) 5.2 5.5 6.3 8.7 16.3 58.1 60.0
Scenario 9
True TTB 1.49 3.04 4.54 5.17 5.79 6.41
True efficacy 0.4 0.6 0.55 0.5 0.48 0.45
UNITED Selection (%) 0.1 15.6 84.0 0.3 0.0 0.0 0.0
Patient (%) 12.7 59.4 11.0 7.9 6.3 2.8 59.9
gBOIN Selection (%) 0.0 8.6 90.9 0.5 0.0 0.0 0.0
Patient (%) 14.2 73.9 11.3 0.6 0.0 0.0 60.0
Scenario 10
True TTB 0.44 1.28 3.04 4.77 5.33 5.90
True efficacy 0.12 0.38 0.59 0.55 0.50 0.45
UNITED Selection (%) 0.2 0.0 15.6 84.2 0.0 0.0 0.0
Patient (%) 5.1 13.0 62.5 9.2 7.1 3.1 59.9
gBOIN Selection (%) 0.0 0.0 9.7 90.2 0.1 0.0 0.0
Patient (%) 5.3 12.1 75.1 7.4 0.1 0.0 60.0
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FIGURE2 | Sensitivity analysis for the correlation between

quasi-binary toxicity and efficacy endpoints.

Gaussian copula with a prespecified correlation p to simulate
data [39]. The detailed methods for data generation are
described in the Supporting Information. We conducted a
sensitivity analysis to test the independence assumption
between toxicity and efficacy by varying correlations from
negative to positive, as illustrated in Figure 2 and Figure 3.
The results of this analysis demonstrated the robustness of
our independence assumption between toxicity and efficacy
endpoints.

4.43 | Mixed Types of Responses of Toxicity
and Efficacy

We conducted a sensitivity analysis for scenarios involving
mixed types of endpoints, such as quasi-binary for toxicity
and continuous for efficacy. The UNITED design demonstrated
desirable performance across these varied settings. Detailed
descriptions of the scenarios and the corresponding simula-
tion results are summarized and discussed in the Supporting
Information.
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FIGURE 3 | Sensitivity analysis for the correlation between conti-

nous toxicity and efficacy endpoints.

4.4.4 | Sensitivity Analysis of TITE-UNITED Design

We conducted a comprehensive sensitivity analysis of the
TITE-UNITED design through simulation studies. Specifically,
we explored different distributions for generating time-to-toxicity
and time-to-efficacy events, including Log-logistic, Uniform, and
Weibull, as shown in Figure S1. In Figure S2, we varied the
patient enrollment rates, testing cases with 2, 3, and 4 patients per
month. In Figure S3, we examined different lengths for the assess-
ment windows for toxicity and efficacy, testing combinations of
[1 month, 2 months], [1.5 months, 3 months], and [3 months, 3
months]. The simulation results indicate that the TITE-UNITED
design is robust against variations in patient arrival distribu-
tions, enrollment rates, and time-to-event distributions. When
the assessment window for efficacy significantly exceeds that for
toxicity, such as an efficacy assessment window of 6 months, we
conducted additional sensitivity analyses by varying the enroll-
ment suspension rule (i.e., required percentages of completed
toxicity and efficacy outcomes). The results are summarized in
Table S6. We recommend modifying the enrollment suspension
rule to require that at least 50% of toxicity outcomes and at least
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30% of efficacy outcomes are completely observed. This adjust-
ment substantially reduces the trial duration while only moder-
ately affecting the OBD selection and patient allocation.

5 | Discussion

We developed the UNITED design as a comprehensive and flexi-
ble extension of the mISO design, capable of incorporating ordi-
nal graded, continuous, and mixed toxicity and efficacy endpoints
for dose-finding and optimization. Additionally, we enhanced
this approach by introducing the TITE-UNITED design to accom-
modate delayed toxicity and efficacy outcomes using an approx-
imated likelihood approach. The UNITED design, which makes
no parametric assumptions on dose-response relationships, con-
sistently delivers desirable performance across a range of clini-
cally meaningful dose-response curves. Its clear, clinically inter-
pretable model expression and dose-finding algorithm facili-
tate the translation from statistical methodologies to clinical
applications. Simulation studies confirm that both UNITED and
TITE-UNITED designs maintain robust operating characteris-
tics in various clinical scenarios. Furthermore, sensitivity anal-
ysis shows that these designs perform well under different con-
ditions, including various correlations between toxicity and effi-
cacy, umbrella-shaped dose-efficacy curves, and delayed outcome
scenarios.

For composite scores outcomes like TTB, specifying a targeted
value requires special consideration due to the lack of a straight-
forward clinical interpretation for TTB. This complexity is com-
pounded by the challenge of eliciting TTB directly from clini-
cians, a concern highlighted by Chen et al. [7]. Bekele and Thall
[8] propose a procedure where clinicians define acceptable toxic-
ity outcomes for multiple scenarios, from which the target TTB is
derived as the mean. Although this method systematically estab-
lishes the target TTB, it involves challenges due to the complexity
of considering various toxicity types and grades. Clinicians often
struggle to consistently visualize multiple acceptable toxicity sce-
narios, resulting in significant variability in TTB. Furthermore,
the composite scores are not true continuous variables. Those
issues also extend to other composite scores like TTP, leading to
a preference for ETS and the quasi-binomial likelihood approach
in practical settings.

An interesting future direction for these designs is the con-
sideration of optimal dynamic treatment regimes, which could
adjust a patient’s dose across different treatment cycles. This
is particularly relevant for trials involving single-agent thera-
pies, molecularly targeted agents, and immunotherapies, often
combined with other agents. A multinomial likelihood may
precisely distinguish the contributions according to different
toxicity and efficacy grades. Furthermore, although sensitiv-
ity analysis demonstrates that the TITE-UNITED design per-
forms well even with multiple observed grades throughout the
trial, extending the TITE-UNITED design to develop a multi-
nomial likelihood-based approach that incorporates multiple
grade events—assuming that the toxicity and efficacy grades are
not mutually exclusive—could prove to be a valuable enhance-
ment. There is significant interest in extending the UNITED
and TITE-UNITED frameworks to determine the optimal dose

combination in Phase I/II drug-combination trials. In this paper,
we define the OBD as efficacy-driven, following recent method-
ological review [40]. The potential to develop utility-based ver-
sions of UNITED and TITE-UNITED to incorporate utility con-
siderations into dose optimization is substantial. If the OBD is
defined in terms of a utility function, then correlations among
delayed outcomes should be considered.
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