Bayesian Adaptive Designs
for Dose Optimization

Ying Yuan
Bettyann Asche Murray Distinguished Professor
The University of Texas MD Anderson Cancer Center

THE UNIVERSITY OF TEXAS

MD Anderson Ganeer Center

Making Cancer History”



Y
Project Optimus

m |In 2022, FDA OCE initiated Project Optimus “ to
reform the dose optimization and dose selection
paradigm in oncology drug development.”

ipZY U.S. FOOD & DRUG

ADMINISTRATION

+—Home / About FDA / FDA Organization / Oncology Center of Excellence / Project Optimus

Project Optimus 01/31/2022

Reforming the dose optimization and dose selection paradigm in
oncology




_ s—:0e ]
Sotorasib

m In May 2021, FDA approved sotorasib for metastatic
non-small-cell lung cancers harboring the KRAS G12C
mutation

m  FDA has required that Amgen compared their approved
960mg dose with a 240mg dose, as one of their
postmarketing requirements

m The FDA has required that Amgen submit a final study
report by February 2023, also indicated that this study
will inform possible future labeling updates

m This signals paradigm shifting with new scrutiny and
more emphasis on optimizing the dose for targeted
oncology drugs from the FDA
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Traditional Dose Selection Paradigm

Dose Escalation Phase Il and llI
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*MTD = Maximum tolerated dose, DLT = Dose-limiting toxicity
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Targeted Drugs

m The traditional more-is-better paradigm is built
upon the development of cytotoxic drugs

m |t is not suitable for developing targeted drugs
that have different mechanisms of action (Shah,
et al., 2021)

e Increasing doses beyond a certain level may not
enhance antitumor activity

e Dose-limiting toxic effects may not be observed at
clinically active doses

e Serious toxic effects may occur only after multiple
cycles of experimental treatment

Shah, et al., NEJM, 2021, 385 (16), 1445-1447
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Cytotoxic vs. Targeted Drugs
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MTD vs. OBD

Pr(toxicity) 0.08

Pr(efficacy) 0.30 0.50 0.51 0.51 0.52

Optimal biological dose (OBD)



Dose slightly
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Figure 1.
Summary of results from the review of MTDs and approved doses. Roughly

two thirds (48/77) of the compounds have approved doses less than MTD,
with roughly one third of them being dosed at less than one half of MTD.

Sachs, et al., (2015) Clin Cancer Res; 22(6) 1-7



Compound

MTD

Clinical dose

Cetuximab

Not reached *

Pembrolizumab
|delalisib
Decitabine
Vismodegib
Crizotinib

Galunisertib

Not reached up to 10 mg/kg 92w

Not reached up to 350 mg twice a day
1,500-2,000/mg/m? over 1-3 days

Not reached up to 540 mg/d

250 mg twice a day

Not able to determine MTD due to
potential cardiovascular DLT

250 mg/m? [lw as maintenance dose (initial

dose = 400 mg/m?)

2 mg/kg g3w

150 mg twice a day

20 mg/m?/d over 5 days

150 mg/d

250 mg twice a day (Alk-positive patients)

Not approved yet; pharmacokinetic-
pharmacodynamic model-based intermittent
dosing enabled clinical development

*Up to 500 mg/m?

Sachs, et al., (2015) Clin Cancer Res; 22(6) 1-7



What does this entail?

m Dose transition and selection should be based
on the benefit-risk tradeoff (i.e., consider
efficacy and toxicity simultaneously), rather
than only toxicity

¢

Phase I-ll design paradigm?*

*Should be distinguished from the design that simply concatenates phase |
and Il (e.g., find the MTD, followed by cohort expansion)



e
Phase I-ll designs

m Model-based designs

e EffTox & LO-EffTox designs (Thall and Cook, 2004,
Jin et al., 2014), bivariate CRM (Braun, 2002), time-
to-event EffTox design (Yuan and Yin, 2009),
Immunotherapy trial design (Liu, et al., 2018)

e Nonparametric phase I-Il design (Liu and Johnson,
2016)

m Model-assisted designs

e U-BOIN (Zhou et al., 2019), BOIN12 (Lin et al.,
2020), BOIN-ET (Takeda, et al., 2018), uTPI (Shi, et
al., 2021)
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Basic Elements of Phase I-ll Design

= Toxicity and efficacy endpoints that characterize
potential risks and benefits of the treatment being
studied

m  Risk-benefit trade-off criterion that characterizes and
guantifies the trade-off between efficacy and toxicity for
each dose

m Statistical model describing the dose-toxicity and
dose-efficacy relationships

m  Adaptive decision rule that determines the best dose
for the next cohort, based on the (dose, toxicity,
efficacy) data from all previous patients

= Admissibility rules that protect patients in the trial from
unacceptably toxic or inefficacious doses

= Stopping rule that terminates the trial early if the all
doses being considered are unacceptably toxic or
Inefficacious
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Toxicity and Efficacy Endpoints

m  Toxicity and efficacy endpoints should be carefully
chosen and constructed to reflect the risk and
benefit of the treatment, while accounting for
logistics for trial implementation

m Toxicity endpoint: dose limiting toxicity, total toxicity
burden (to account for low grade toxicity),...

m Efficacy endpoint: tumor response, surrogate
efficacy endpoint (e.g., PD or other biomarkers),...

m |deally, toxicity and efficacy endpoints should be
quickly ascertainable to facilitate adaptive decisions
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More on Endpoints

= What Iif the surrogate efficacy endpoint may be
not reliable?
e Typically not an issue as long as the surrogate
endpoint is largely concordant with efficacy because

we mainly use it to rank the benefit-risk tradeoff
(desirability) of doses, not to estimate clinical benefit

e Final dose selection decision can be based on the
clinical efficacy endpoint
m What if efficacy or/and toxicity endpoints are
late-onset?

e Statistical methods are available, e.g., LO-EffTox
(model-based), TITE-BOIN12 and U-BOIN (model-
assisted)
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Basic Elements of Phase I-ll Design

= Toxicity and efficacy endpoints that characterize
potential risks and benefits of the treatment being
studied

m  Risk-benefit trade-off criterion that characterizes and
guantifies the trade-off between efficacy and toxicity for
each dose

m Statistical model describing the dose-toxicity and
dose-efficacy relationships

m  Adaptive decision rule that determines the best dose
for the next cohort, based on the (dose, toxicity,
efficacy) data from all previous patients

= Admissibility rules that protect patients in the trial from
unacceptably toxic or inefficacious doses

= Stopping rule that terminates the trial early if the all
doses being considered are unacceptably toxic or
Inefficacious




Risk-benefit Trade-off Criterion

m  Risk-benefit trade-off should be tailored to the
trial (e.g., drug and indication)

m Approaches

1) Marginal-probabllity-based approach
Let =, and mz denote toxicity and efficacy probabilities
a) (linear penalty) U = my — wm OfF
U=mng—wynty —wyrI(m > y),
where w; and w, are penalty, and y is a threshold
(Liu and Johnson, 2016)

b) (nonlinear penalty) U = g(mtg, m; 8), Wwhere 0 is
prespecified parameters (Thall and Cook, 2004)
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Risk-benefit Trade-off Criterion

2) Utllity-based approach (defined at the outcome

level)
No Yes
(Ye=0) (Ye=1)
No (Y;=0) u, = 40 u,=100
Yes (Y;=1) u, =0 uz = 60

m Letuy,...,u, denote the score ascribed to, and mq, ..., 4
denote the probabilities of the four possible outcomes

m The desirability (or mean utility) of a dose is given by

U= U474 + U,Tl, + U3Tl3 + UyTly
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MTD vs. OBD

= Revise the example: MTD
Pr(toxicity) = (0.08, 0.12,[0.30,/0.45, 0.55)
Pr(efficacy) = (0.30, 0.50, 0.51, 0.51, 0.52)

Desirability = (54.8, 65.2, 58.6, 52.6, 49.2)

:

Dosed=2i1sthe OBD
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Advantages of Utility Approach

m Easy to communicate: clinicians understand
outcomes better than probabillities

m Very flexible: contain marginal-probability-based
approach as a specifical case when setting
u, + u; = 100 (Zhou et al., 2019; Lin et al., 2020):

No Yes
(Ye=0) (Ye=1)
NO (YT = O) u2 = 4‘0 u1: 100
Yes (Y;=1) u, =0 uz = 60

» Equivalent to U = mp — %nT




Y
Advantages of Utility Approach

m Easy to communicate: clinicians understand
outcomes better than probabillities

m Very flexible: contain marginal-probability-based
approach as a specifical case when setting
u, + u; = 100 (Zhou et al., 2019; Lin et al., 2020):

No Yes
(Ye=0) (Ye=1)
NO (YT: O) uz =O u1: 100
Yes (Y;=1) u, =0 us; = 100

# Equivalent to U = m; (select most effective dose)




Advantages of Utility Approach

m Highly scalable: more levels for each endpoint
and more than two endpoints (Liu et al., 2018)

No Yes
(Ye=0) (Ye=1)
LOW (YT = O) u,z = 4‘0 u1= 100
Moderate (Y;=1) u, = 20 usz =70

Severe (Y;=2) ug =0 us = 50
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Basic Elements of Phase I-ll Design

= Toxicity and efficacy endpoints that characterize
potential risks and benefits of the treatment being
studied

m  Risk-benefit trade-off criterion that characterizes and
guantifies the trade-off between efficacy and toxicity for
each dose

m Statistical model describing the dose-toxicity and
dose-efficacy relationships

= Admissibility rules that protect patients in the trial from
unacceptably toxic or inefficacious doses

m Adaptive decision rule that determines the best dose
for the next cohort, based on the (dose, toxicity,
efficacy) data from all previous patients

= Stopping rule that terminates the trial early if the all
doses being considered are unacceptably toxic or
Inefficacious
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Statistical Model

m Dose-toxicity and -efficacy model

Example: Gumbel model (e.g., EffTox design)

o Dose-toxicity model: logit(nr|d;) = ar + Brd,,
where d; Is the dose of level |

o Dose-efficacy model: logit(mg|d;) = ag + Pe1d; +
Bp,2d}

e Joint model:
Tap = (mp)*(1 — ) ()P (1 — )PP +

Y_1
()P, (1 — mg) mp (1 — 1p) (Z¢+1), a b =
0Oorl,

where nr|d; = Pr(yr = 1|d;) and mg|d; = Pr(yg = 1|d;)
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Statistical Model

m Curve-free approach (used by model-assisted
designs)
e Multinomial model for (toxicity, efficacy) at each
dose independently (e.g., U-BOIN)

¢ Example: four-level multinomial model for binary toxicity
and efficacy endpoints, i.e., (0, 0), (0, 1), (1, 0) and (1, 1)

e Pseudo-binomial model for the utility at each dose
(e.g., BOIN12)
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Basic Elements of Phase I-ll Design

= Toxicity and efficacy endpoints that characterize
potential risks and benefits of the treatment being
studied

m  Risk-benefit trade-off criterion that characterizes and
guantifies the trade-off between efficacy and toxicity for
each dose

= Statistical model describing the dose-toxicity and
dose-efficacy relationships

= Admissibility rules that protect patients in the trial from
unacceptably toxic or inefficacious doses

m Adaptive decision rule that determines the best dose
for the next cohort, based on the (dose, toxicity,
efficacy) data from all previous patients

= Stopping rule that terminates the trial early if the all
doses being considered are unacceptably toxic or
Inefficacious
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Admissibllity rules

m A dose is admissible if it satisfies the following
efficacy and toxicity criteria

Efficacy: Pr(mg > ¢gldata) > Cg

Toxicity: Pr(m; < ¢r|data) > Cr
where ¢ is the efficacy lower limit, ¢ IS the toxicity
upper limit, C; and C; are probabillity cutoffs

m  Stopping rule: stop the trial if none of the doses is
admissible
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Basic Elements of Phase I-ll Design
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dose-efficacy relationships
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m Adaptive decision rule that determines the best dose
for the next cohort, based on the (dose, toxicity,
efficacy) data from all previous patients

= Stopping rule that terminates the trial early if the all
doses being considered are unacceptably toxic or
Inefficacious




e
Adaptive Decision Rule

m [wo-stage approach (e.g., U-BOIN)

Stage 1: Dose escalation using BOIN Stage 2: Dose Optimization
Based on toxicity
N and efficacy
Admissible Doses Dose Level 2

000000 R
» WMW " Dose Level 3

Patients

Dose Level

.| Based on toxicity
(or desirability)

> |+ Equal randomization Dose Level 4

Accrual  Adaptive randomization*
* Pick the winner**

Identify Admissible Dose Set Randomized Evaluation of
Admissible Doses

*based on desirability
**approximation to adaptive randomization owing to high variability of small samples



Dose Level

Updated: Optimized Dose Selection Strategy

Dose Escalation

Time

Select Dose Range

www.fda.gov

Dose Optimization

Patients .
with —R)
Cancer

Randomized
Evaluation of Several
Dosages

Comparison to
Standard-of-Care

Patients -
with —R)
Cancer
Control
Randomized

Comparison to
Standard-of-Care
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Adaptive Decision Rule

m Fully sequential approach (EffTox, BOIN12)

e Often require a smaller sample size than two-stage
design

Admissible Doses

_ Update after 4 m Update after

g each cohort

D > 3 each cohort

3 Q00 ,

Q) “\

S tl.  Admissible

- > @@@ . Doses

Accrual-. .\ — Accrual . .\ Based on
-y desirability | desirability

(i.e., toxicity (i.e., to_X|C|ty
and efficacy) and efficacy)




Put All Together

Phase I-1l design paradigm

Treat the first
cohort of patients
at the prespecified
starting dose

A

Collect both
efficacy and
toxicity data

Select the optimal
dose for the next
cohort of patients

Fit dose-efficacy
and dose-toxicity
models

Stop the trial and
select the optimal
dose

Are all doses
overly toxic or/and
ineffective?

S maximum
sample size
reached?

YES Terminate the
trial early

Update dose
acceptability and
dose desirability by
including the most
recent data




Model-based Approach: EffTox/Lo-EffTox

Pick the the dose with
the large U

Select the optimal
dose for the next
cohort of patients

Stop the trial and
select the optimal
dose

S maximum
sample size
reached?

Update benefit-risk estimate

Treat the first

starting dose

A

cohort of patients
at the prespecified

Map =
(mp)*(1 = 1) ()P (1 = 7)™ +

(~D s (1 = p) mr (1 =) (753

eV+1
logit(nrldj) = ar + Brd;
logit(ngld;) = ag + Be1d; + Bi2d}

Collect both
efficacy and
toxicity data

™/

Fit dose-efficacy
and dose-toxicity
models

Are all doses
overly toxic or/and
ineffective?

YES Terminate the
trial early

Update dose

acceptability and
dose desirability by
including the most

recent data

Admissible rule
Efficacy: Pr(mgp > mgldata) > Cg
Toxicity: Pr(my < my|data) > Cr
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Model-Assisted Approach: U-BOIN

m [wo-stage approach

Stage 1: Dose escalation using BOIN Stage 2: Dose Optimization
Based on toxicity
4 and efficacy
Admissible Doses Dose Level 2
—
>
-l - 000000 R
Q ) M — Dose Level 3
o Table 3. Utility table when 6 patients are treated on a dose
@)
#Tox H#Eff Utility #Tox #Eff Utility
l 0 1 50 1 5 78.6
m 0 2 °86 ! 6 871 — Dose Level 4
A 0 3 67.1 2 <1 0
0 4 75.7 2 1 38.6
0 5 84.3 2 2 471
. 0 6 929 2 3 55.7 y =
Identify Ad - i 2 4 I.ed_ Evaluation of
1 1 : 5 »s  Issible Doses
1 2 52.9 2 6 81.4
1 3 61.4 >2 Any

igh variability of small samples




Model-Assisted Approach: BOIN12

Treat the first
cohort of patients
at the prespecified
starting dose

A

Collect both
efficacyand
toxicity data

Desirability Table

S o <2 Compute the DLT
No. No. No. Desirability No. No. No. | Desirability .
Pts. | Tox. | Eff. Score Pts. | Tox. | Eff. Score rate at current dose j
) 0 ) 60 6 0 5 93
3 0 ) 35 6 0 6 100
3 0 1 55 6 1 0 15 Within (Aer 10)
3 0 2 76 6 1 1 27
3 0 3 91 6 1 2 42
3 1 0 24 6 1 3 56
3 1 1 a4 6 1 4 72 ount the number o
3 1 2 63 6 1 5 87 patients at dose j
3 1 3 80 6 1 6 96
3 2 0 13 6 2 0 8
3 2 1 31 6 2 1 19
3 2 2 48 6 2 2 34 A 4 A 4
3 2 3 69 6 2 3 47
3 3 | any E 6 2 4 64 Choose a dose from Choose a dose from De-escalate the dose
6 0 ) 22 6 2 5 77 -—1,j,j+1} -1} -1
- L = - = = using the RDS table using the RDS table J
6 0 2 51 6 3 0 4
6 0 3 67 6 3 1 12
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BOIN12

Compute the DLT rate > A4

at current dose j

Within{ (4, 14)

<6 Count the number of

patients at dose |

Choose a dose from
-1}
using the RDS table

Choose a dose from

U-1jj+1}
usina the RDS table

De-escalate the dose to
j—1

Target toxicity rate for the MTD
Boundary 0.1 0.15 0.2 0.25 0.3 0.35 0.4
| < (escalation) 0.078 0.118 0.157 0.197 0.236 0.276 0.316

| 4 (de-escalation) 0.119 0.179 0.238 0.298 0.358 0.419 0.479

* RDS: rank-based desirability score. see next page




Rank-Based Desirablility Score (RDS)

+

Desirability
Score

93

100

15
27
42

56
72
87

96

19
34
47

64
77
90

12

No.
Eff.

No
Tox.

No.
Pts.

Desirability
Score

60

35
55
76
91

24
44

63

80

13
31

48

69

22

38
51

67

No.
Eff.

Any

No
Tox.

No
Pts.




Model-Assisted Design

Back End




Model-Assisted Design

Front End

Yuan Y, Lee JJ, Hilsenbeck SG. Model-Assisted Designs for Early-Phase Clinical Trials: Simplicity Meets Superiority.
JCO Precis Oncol. 2019 Oct 24;3:P0.19.00032. doi: 10.1200/P0.19.00032.



Applications

m EffTox/LO-EffTox design

e A phase 1-2 trial of sitravatinib and nivolumab in
clear cell renal cell carcinoma following progression
on antiangiogenic therapy

SCIENCE TRANSLATIONAL MEDICINE | RESEARCH ARTICLE

CANCER

A phase 1-2 trial of sitravatinib and nivolumab in clear
cell renal cell carcinoma following progression
on antiangiogenic therapy

Pavlos Msaouel1’2'31'=|=, Sangeeta Goswami1'41', Peter F. Thalls, Xuemei WangS, Ying Yuans,

Eric Jonasch', Jianjun Gao'?, Matthew T. Campbell’, Amishi Yogesh Shah', Paul Gettys Corn’,
Alda L. Tam® Kamran Ahrar®, Priya Rao’, Kanishka Sircar’’, Lorenzo Cohen®, Sreyashi Basu®,
Fei Duan®, Sonali Jindal®, Yuwei Zhang®, Hong Chen®, Shalini S. Yadav®, Ronald Shazer'®,
Hirak Der-Torossian'?, James P. Allison*®, Padmanee Sharma"*°*%, Nizar M. Tannir'*+

41



——
A Phase I-Il Renal Cell Carcinoma Trial

O No early efficacy or DLT O Both early efficacy and DLT occured
@ No early efficacy but DLT occured @ Early efficacy occured. No DLT.

150 mg- @
B | N YN N D D e &
w1 @ @ e e @

Sitravatinib starting dose level

60 mg—

Cohort entry

Fig. 1. lllustration of trial conduct to determine the optimal starting dose of sitravatinib in combination with nivolumab. Each circle represents a cohort of three
patients whose DLT and early efficacy outcomes are indicated by different colors. The first cohort of three patients started at a sitravatinib dose of 80 mg daily, and sub-
sequent cohorts started at a sitravatinib dose selected by the LO-EffTox design based on the DLT and early efficacy outcomes of all prior cohorts. The sitravatinib starting
dose of 60 mg daily was never selected, whereas the sitravatinib starting dose of 150 mg was only selected on cohort 7 and subsequently found to be too toxic to be se-
lected again based on the prespecified trade-off between DLT and early efficacy.
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A pancreatic cancer trial

LO-EffTox design

JCO? Precision Oncology

. Lessons Learned From Implementing a

" Novel Bayesian Adaptive Dose-Finding Design iIn
Advanced Pancreatic Cancer

Rebecca S. S. Tidwell, MS!; Peter F. Thall, PhD'; and Ying Yuan, PhD!
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PURPOSE MNovel Bayesian adaptive designs provide an effective way to improve clinical trial efficiency.
These designs are superior to conventional methods, but implementing them can be challenging. The aim
of this article was to describe what we learned while applying a novel Bayesian phase |-11 design in a recent
trial.

METHODS The primary goal of the trial was to optimize radiation therapy (RT) dose among three levels {low,
standard, and high), given either with placebo (P) or an investigational agent (A), for treating locally advanced,
radiation-naive pancreatic cancer, deemed appropriate for RT rather than surgery. Up to 48 patients were
randomly assigned fairly between RT plus P and RT plus A, with RT dose-finding done within each arm using the
late-onset efficacy-toxicity design on the basis of two coprimary end points, tumor response and dose-limiting
toxicity, both evaluated at up to 90 days. The random assignment was blinded, but within each arm, unblinded
RT doses were chosen adaptively using software developed within the institution.

Tidwell RSS, Thall PF, Yuan Y. (2021) JCO Precis Oncol. 1719-1726. doi: 10.1200/P0.21.00212. **
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Applications

x U-BOIN (NCT05334329)

e Genetically Engineered Cells (COHO06) With or Without
Atezolizumab for the Treatment of Non-small Cell Lung Cancer
Previously Treated With PD-1 and/or PD-L1 Immune
Checkpoint Inhibitors

m BOIN12 (NCT04835519, NCT05032599)

e Phase I/ll Study of Enhanced CD33 CAR T Cells in Subjects
With Relapsed or Refractory Acute Myeloid Leukemia

e Donor-Derived CD5 CAR T Cells in Subjects With Relapsed or
Refractory T-Cell Acute Lymphoblastic Leukemia

44



CAR T-cell Therapy

Journal of Clinical Oncology®

An American Society of Clinical Oncology Journal

HEMATOLOGIC MALIGNANCIES—LEUKEMIA, MYELODYSPLASTIC SYNDROMES, AND
ALLOTRANSPLANT

Phase I study of donor-derived CD5 CAR T cells in
patients with relapsed or refractory T-cell acute
lymphoblastic leukemia.

W) Check for updates

Jing Pan, Yue Tan, Lingling Shan, Biping Deng, Zhuojun Ling, Weiliang Song, ...

Background: Despite the manageable safety and encouraging efficacy of donor-derived CD7 chimeric
antigen receptor (CAR) T cells in relapsed or refractory T-cell acute lymphoblastic leukemia (r/r T-ALL)
(Pan et al. J Clin Oncol 2021;39:3340-3351), a considerable proportion of responding patients even-
tually relapsed with CD7 antigen loss. CAR T cells targeting another antigen, CD5, which is expressed
on blasts of over 80% T-ALL cases, may be capable of treating these patients. Here we present early
safety and efficacy results of a phase | trial of donor-derived CD5 CAR T cells in T-ALL. Methods: CD5
CAR T cells that resist fratricide by deletion of CD5 gene (Preclinical data in Dai et al. Mol Ther
2021;29:2707-2722) were manufactured. Patients with prior stem cell transplantation (SCT) (group
A) received CAR T cells from prior SCT donors, while patients without SCT history (group B) received
CAR T cells from new donors who also provided stem cells for transplantation post CAR T therapy. The
trial using bayesian optimal interval phase I/l design to explore optimal biological dose (OBD) from
the initial dose of 1x10° (x20%) CAR T cells/kg in each group. If manufactured cells were not suffi-
cient, patients could be treated at a low dose of 5x 10° (+ 20%)/kg. The primary endpoint was safety
with efficacy secondary. Results: Five patients who had CD/-negative relapsed after CD7 CAR therapy
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Bayesian Optimal Interval (BOIN) Design How to choose a design?

Late-onset Combination Optimal Biological Dose (OBD)

Single Agent

s

BOIN/iBOIN
Launch Download

Find MTD for single-agent
trials

BOIN is a novel model-
assisted phase-1 trial design
that is as easy to implement
as the 3+3 design,but yields

superior performance
compared to more
complicated model-based
designs, such as CRM.

TITE-BOIN
Launch Download

Find MTD in trials with late-
onset toxicity or fast accrual

Time-to-Event BOIN (TITE-
BOIN) allows for real-time
dose assignment for new

patients while some enrolled
patients’ toxicity data are still
pending, thereby significantly
shortening the trial duration. It
is as easy to implement as the
rolling & design, but yields
much better performance.

BOIN Comb

Launch Download

Find MTD or MTD contour for
combination trials

BOIN Comb handles
ccombinations of two drugs,
each with multiple dose levels.
It is as easy to implement as
the 3+3 design, but yields
superior perfomance
compared to more
complicated medel-based
designs.

U

U-BOIN
Launch

A two-stage design to find

OBD for targeted and immune

therapy

U-BOIN is a utility-based
seamless Bayesian phase I/l
trial design to find the optimal

biological dose (OBD) for

targeted and immune
therapies. It allows physicians
to incorporate the risk-benefit
trade-off to more realistically
reflect the clinical practice.

BOIN12 / TITE-
BOIN12
[ Laurch |

A single-stage design to find

OBD for targeted and immune

therapies

BOIN12 is a simple and
flexible Bayesian optimal
interval phase /Il (BOIN12)
trial design to find the OBD
that optimizes the risk-benefit
tradeoff. It makes the decision
of dose escalation and de-
escalation by simultaneously
taking account of efficacy and
toxicity, and adaptively
allocates patients to the dose
that optimizes the toxicity-
efficacy tradeoff.
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Discussion

m  Dose transition and dose selection are relatively
independent
e Dose transition based on quick toxicity/efficacy read-outs, and

dose selection based on clinically relevant endpoints

m Statistical methods provide a simplified description to
complicated real-world trials that captures the most
Important features of interest. The decision may be
made based on design recommendation and the totality
of the data (e.g., dose interruption, late-onset toxicity,
PK/PD)
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(available late summer)

Model-based designs

Chapman & Hall/CRC Biostatistics Series
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Model-Assisted Bayesian

Bayesian Designs Designs for Dose Finding
and Optimization: Methods

for Phase |-l and Applications
Clinical Trials

O BOIN Design Decision Tree
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Efficacy

Toxicity S
@ &

BOIN12 TITE-BOIN12

Ying Yuan Yin_g Yu an
Hoang Q. Nguyen Ruitao Lin
Peter F. Thall J. Jack Lee
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