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Dose-finding designs over * So many designs are available now.

last 30 years Which one to use?
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The 3+3 design (1989)

[Step 1: ;trf:’a:si ;:atlentSJ * Rule based

//\‘ * No statistical models
Y * Easy
@ 1OLT @ * Transparent
* Societal acceptance
Escalate to dose j+1 Enroll 3 more —( 21DLTin N\ If j=1, stop the trial; * NaIVC/ngld
and repeat Step 1 patients at dose i 6 patients If i>1, de-escalate to dose i -1 o <=, patients per dose
— « MTD wide range (1/6-1/3)

O~ — * Performance depends on the # of
at dose i -1 at dose i -1 doses

1DLTin6
patients

Nis1>0 * Large variabilities in MTD
v Y Y identification
If dose i is the hightest dose, stop the Stop the trial and Stop the trial and Enroll 3 more : :
trial and dose i is the MTD; Otherwise, [ dose i the MTD J [ dose i -1 the MTD] [ patients at dose j -1 ] * Oftg:n little data supporting RP2D
escalate to dose i+7 and repeat step 1 ChOlCCS
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Modified toxicity probability interval design: a safer

NU.m@I'OllS pap ers and more reliable method than the 3 + 3 design for
. practical phase I trials
have Shown 3 _I_ 3 IS Yuan Ji 1, Sue-Jane Wang

° f ° * Affiliations + expand
ln erlor ln many Ways PMID: 23569307 PMCID: PMC3641699 DOI: 10.1200/JC0.2012.45.7903
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Rendering the 3 + 3 Design to Rest: More Efficient
Approaches to Oncology Dose-Finding Trials in
the Era of Targeted Therapy

Lei Nie', Eric H. Rubin?, Nitin Mehrotra®, José Pinheiro?, Laura L. Fernandes', Amit Roy>,
Stuart Bailey®, and Dinesh P. de Alwis’
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The CRM
designs (1990-
2007)

Complex
Models




The CRM & BLRM
designs

MTD: a target rate pr
BLRM: probability intervals

Dose-response curve

p(x) = po(x) ™ or logit" (xp)
e a~N(0,1.34);0or f ~ prior
o po(x) isthe “skeleton”
* Next dose = argmin|p(x) — pr| or
based on posterior prob. of intervals
Operation

* Need a statistical expert for inference
and decision making

* Too complex for the clinical team
* SMC may override dosing decision
* Ad-hoc rules for over-dose control

e Model based

* Account for variability

* Dose response curves

* Flexible and powerful

Probability of toxicity or

efficacy

* Lots of modifications
* Over-dose control
* Bayesian models
* # of parameters
* Black box, complex,

costly
4 w— = Dose-efficacy curve
1 Dose-toxicity curve
0_3 S ...
A
0.1 w—fn
——d
0

Dose



Wheeler et al. BMC Medical Research Methodology (2019) 19:18 .
https://doi.org/10.1186/512874-018-0638-z BMC Medlcal ResearCh

Methodology

How to design a dose-finding study using ® e

the continual reassessment method

Graham M. Wheeler" @, Adrian P. Mander?, Alun Bedding?, Kristian Brock®, Victoria Cornelius®, Andrew P. Grieve®,
Thomas Jaki’, Sharon B. Love®®, Lang'o Odondi®, Christopher J. Weir'®, Christina Yap® and Simon J. Bond*"’

Hundreds of papers on First paper, O” Quigley, Fisher, Pepe (1990); solid statistical principle: Model-
C h 3 based inference; borrow information across doses

Over the past Wheeler et al. (2019) provide a comprehensive tutorial summarizing the decades of
decades — very research on CRM.

popular as a research CRM is not easy to implement — in 2019 still needing a tutorial
topic




. CRM-Software (Wheeler et al., 2019)

Name Host/Institution Software/Stand- Free/Commercial Rule- Description
alone based/Model-
based

bcrm [88] CRAN R Free Both Design, run, and simulate trials using the CRM and 3 + 3 design

dfcrm [18] CRAN R Free Model-based  Design, run, and simulate trials using the CRM and Time-to-event
CRM

crmPack [89] CRAN R Free Both Design, run, and simulate trials using the CRM (includes other
model-based designs, joint toxicity-efficacy modelling)

crm [90] IDEAS (RePEc) Stata Free Model-based Run a single trial using the CRM

MoDEsT [91] Lancaster University Stand-alone Free Model-based Design, run, and simulate trials using the CRM

(online)

Bayesian CRM for phase | University of Virginia Stand-alone Free Model-based  Design, run, and simulate trials using the CRM

trials [92] (online)

AplusB [93] MRC Biostatistics Unit, Stand-alone Free Rule-based Compute exact operating characteristics for 3 + 3 and other rule-

University of Cambridge (online) based designs

Center for Quantitative Vanderbilt University Stand-alone Free Both Simulate trials using the CRM (uses bcrm [88] and dfcrm [18]) and

Sciences Calculator [94] (online) other designs (rule-based/model-based)

CRMSimulator [95] MD Anderson Cancer Center, Stand-alone Free Model-based = Simulate trials using the CRM

University of Texas

FACTS [26] Berry Consultants Stand-alone Commercial Both Design program for phase | trials using the CRM, plus fixed and
adaptive designs for phase Il trials

ADDPLAN [97] ICON PLC Stand-alone Commercial Both Design, simulate, and analyse trials using the CRM (includes
methods for dose-response modelling)

U-Design Laiya Consulting Stand-alone  Commercial Both Phase I, I, 1I/11l adaptive designs, master protocols
sample size cal; etc.

EAST Escalate Cytel Stand-alone  Commercial Both Phase | adaptive designs,
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The interval-

based designs
(2007-now)

* Model-based designs
* Account for variability
* Doscresporseturves
* Flexible and powertful

* Simple & Transparent
* Over-dose—eontrot
 Simple Bayesian models

* Decision tables

Time
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[\UPM g UP M
Unit probability mass ]

The mTPI (mTPI-2) .
designs: Specify an

equivalence interval

& Posterior density

* MTD target is set at pr, say 0.25.

UPM 3

* An equivalence interval (pt — €1, pt + €3) , where (pt —
€1) and (pt + €;) are the lowest and highest toxicity rates

for a dose to be considered as the MTD. o ™

|
\

|
* All the decisions for dose finding can be pre-tabulated (Ji 00 | o2 T 0.4 0s | 08 10

et al., 2007, 2010) Intervals: 1 | ul I El

(0,-e,)8 |(p-e,B+e,) (p+e,ZEL )&
* mTPI-2 (Guo et al, 2017) and keyboard (Yan et al, 2017) Decisions: : . o
are identical.

UPM = Marginal posterior probability of interval
(Guo et al., 2017)

12



2.0

The mTPI (mTPI-2)

designs: Equal-lengthed
subintervals

15

Density of B(3, 3)
1.0

* MTD target is set at pr, say 0.25.
* Due to Ockham’ s razor (Guo et al., 2017), mTPI-2 /

0.5
|

further divides the three intervals into subintervals

with equal length. o] /7

Post. Density for x4=3, n4=6

-- UPM's

0.0

0.0 0.2

* mTPI-2 (Guo et al, 2017) and keyboard (Yan et al,
2017) are identical.

Intervals:

Decisions:

13




Sample size = 9 ; Target toxicity probability = 30% ; epsilon 1 = 0.05 ; epsilon 2 = 0.05 ;

1 2 3 4 5 6 7 8 9
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Number of DLTs

E: Escalate to the next higher dose; §: Stay at the same dose; .: De-escalate to the previous lower dose; -: De-escalate to the previous

lower dose and the current dose will never be used again in the trial;

An MmTPI decision table|




Contribution to the society: Interval-based

designs (2007-2013) & (2015-2020)

= 9 ; Target toxicity probability = 30% ; epsilon 1 = 0.05 ; epsilon 2 = 0.05 ;

« For the first time bridged

simplicity and model-based
inference

- Effectively challenged the

3+3 design as the onI%/
clinically popular method

« Widely used in practical

trials (publications in
Lancet Oncology, JAMA
Oncology, etc)

« CCD/BOIN/i3+3 further

simplify the approaches

15



Number of Patients

Number of DLTs

-] -~ (-] wu £ w 5] = o

Criticism of the mTPI design table

When 3/6 patients have DLT, how can we “S” , stay at the current dose?

Note: 2/4 — S; but 4/8 — D!




The m'TPI

decisions are

statistically
optimal, but

* Guo et al. (2017) show that the decisions in mTPI minimizes the posterior
expected 0-1 loss — it is statistically optimal!
* So how can Stay at 3/6 be an optimal decision?
* 3/6 Stay when pr = 0.3 and EI=(0.25, 0.35). Is it wrong?
* 4/8 De-escalate based on the same table

* Statistical variability is the key; 6 patients have larger variability than 8
patients;

* Alternatives:
* Change 0-1 loss to a loss based on distance from pp
* Ockham’ s razor: Guo et al. (2017) — the mTPI-2 design

. rriI‘PI—Z b’lunts Ockham’ s razor and makes decisions more
nimble

Number of Patients

i 2 ‘ 3 4 10

mTPl mTPI2Z mTPI mTPI2 mTPI mTPI2Z mTPI mTPI2 mTPI mTPI2Z mTPL mTPI mTPI2

mTPL  mTPI2

2] (=]

Number of DLTs

(-] ® ~N o w B w N




The interval

designs (2015-

now)

* Model-assisted designs

* Statistical inference using
models (simple models)

* Inference based on point
estimate

* Presentation of the
decisions as rules

Time
2019

2017
2015

2010

1998

1990
1989

BOIN

CCD

~

lified
els
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What is the BOIN design and why is it popular?

* Atadose, n (e.g, =3, 6,9) patients are treated, y (=0, 1, 2,--+) patients DL'T
¢ Compare % with intervals

e If % < pt — 44, Escalate

e If pr—/44 <%<pT+/12,Stay

e If % > pr + 4,, De-escalate
* The above rules originally proposed by the CCD design (Ivanova et al., 2007)
¢ BOIN applies the same safety rules as mTPI/mTPI-2/keyboard

Examples:
0/3, Escalate; 1/3 Stay, 2/3, 3/3 De-escalate
0/6, 1/6, Escalate; 2/6 Stay, 3/6,4/6,5/6, 6/6 De-escalate

BOIN is very simple and easy to use. However,
What are the 1, and 1, and how to decide them?

Quick answer: elicit from physicians.

BOIN: "O" stands for “optimal”

A, and 1, are based on an optimization procedure.
« Physicians provide an interval (pr — €;, pr + €3)
« BOIN changesitto “optimal” (pr— 44, pr +1,)
« Before seeing any data!?

19



How does the optimization work in BOIN?

A deC|S|0n Data: y; Model: f(y|6), Prior: ©(6),  Posterior: p(8]y)
. A C I a SS I Ca | d ec I S I O n Action: a € {D,S,E}; Loss: 1(a,6), Decision rule: R(y) - a
theO retIC Optional decision rule: R*(y) is optimal if it provides the smallest loss (or

framework  theoretic optimization T T
requires a framework

rea SO n a b I e f(y|0) = Bin(n, 8), w(0|interval) = beta(1,1)Ind(interval), w(interval) = unf
model

mTPIl/mTPI-2/keyboard are based on Bayes' rules for a model

and 0-1 loss

Model: f(y|8) = Bin(n, §); Prior: 7(9) = § if 0 € {p1, pr) P2}

BOI N IS Opt| mization: Loss: 0-1 loss Ind(a = D, 8 # ¢,) + Ind(a = S,8 # pr) + Ind(a = E, 6 # ¢;)

Optimal decision: Bayes' rule

prior distribution 5t Escalte)

if o < % < ¢,, S(tay)

assumes three point 2> g Dl

Note: the Bayes risk is a function of (¢4, p7, ¢,), and BOIN chooses to

| minimizes the Bayes risk for (¢4, ¢,), which leads to the “optimal
I I la SS e S O n y decision boundaries” El*= (¢; + a;, ¢, — a,) = (A1, 15).

Question: do we believe the probability of toxicity only takes three values?



l CCD/BOIN decision rules based on a point estimate %

if > < ¢y, E(scalate)

if ¢, < % < ¢, S(tay)
if% > ¢,, D(e-escalate)

* Turns out the above decision rules in BOIN corresponds to a Bayes’
(optimal) rule — optimal for posterior expected 0-1 loss

* However

* It is only optimal if one assumes that the prior distribution (of toxicity
probability of each dose) can only take three values

* Target toxicity probability: DT with prob 1/3
* Left boundary of the EI: ¢1 = (pr — €1) with prob 1/3
* Right boundary of the EI: ¢, = (pr + €,) with prob 1/3

* The “optimization” on the two boundaries are not necessary. It creates
problems (next slide)

21



« Except for BOIN, all other iDesigns and ibDesigns prespecify (by
users input)

El = (¢1,92) = (pr —e1,pr + €2)

« BOIN “optimize” Eltoan “optimal” El,

El*= (¢p1 + a1, P2 — a3) = (A1, 43)

before observing any data

Can the El be

El (non-BOIN)

"optimized” ?

Remarks:
1. All the designs elicit El from the investigators as the "tolerance” for MTD to be away
from p;

2. Elis a preference, just like py

3. So what does it mean to optimize El before data are observed? -




»

No need to “optimize the interval;
. ©Optm .
just use the original intervals from physicians

Original El

« The “optimal” El and the elicited El generate gaps due to the BOIN framework

1. The gaps are independent of n, the sample size: they will always be there however large the
sample size

2. When a dose “falls” into the gaps, the decisions based on the original El and optimal El are
different! — this directly contradicts the elicitation process with physicians

3. No need to perform this additional optimization step. The performance of the designs with
original El and optimal El is almost identical in small samples (gaps are small)

23



No need for simulations to evaluate interval-

based designs!

Number of Patients

* Interval-based designs contain three
key components:

2 3 4 5 6 7/ 8 9 10

mTPI | mTPI2 | mTPI | mTPI2 mTPI | mTPI2 | mTPI |mTPI2 || mTPI  mTPI2 mTPI | mTPI2 || mTPI | mTPI2 || mTPI mTPI2 | | mTPI mTPI2

D R B B 1. Safety rules that stop trials
or exclude doses if
Pr(p, or p; > prldata) > 0.95

ii.  MTD selection procedure:
for example, argmin|p(x) — pr|
where p(x) 1s isotonic
transformed posterior mean

iii.  The pretabulated decision
tables

: next higher dose; |§: Stay at the same dose; l: De-escalate to the previous lower dose; .: De-escalate to the

se and the current dose will never be used again in the trial;

The mTPI, mTPI-2/keyboard, BOIN, i3+3 have identical i and ii. The only differences are in iii. .,



Without running simulations one can already

evaluate interval-based designs — BOIN and CCD

* BOIN and mCCD (mCCD = CCD + safety rules)
have the same 1 & 1i; and for it mCCD does not optimize the El
* The decisions b/w BOIN and mCCD are identical (for <=51 ss)

C BOIN vs. mCCD

-
=
== == [ o R e Y e Y e [ e [ = R s R ==
F.- o o o o o O oo -
e R e [ o Y e Y e Y e [ [ e Y e
= o o o o o O o o -
o o o o o O o o o0
f_'_ o o o o o o o oo o0
= Y e [ e R e Y e R e Y e R = e R e
o o o o o O QO o o o0
o o o o o O o oo 90
;-:1;;— o o o o o QO o o0

ey
I

0.03
epsi

Differences = 0 out of a total 1,326 decisions; p; = 0.3

=
)



Simulation results can be misleading

* For interval-based designs; just look for the three components:
1. Safety rules
. MTD selection

1. Decision tables

* Simulation results based on repeated computer-generated clinical trials
are completed decided by 1-ii1.

* Read review papers with caution

* No single design can dominate another design in ALL scenarios



30/60=0.5, 3000/6000=0.5- - -

* The hallmark of statistics 1s variability
* If no variability, no need for statistics!
* But the rules below ignore variability!

Statistical modeling 1s about variabilities: 3/6=0.5;

If % < pt — A4, Escalate; if pr — 41 < % < pt + Ay, Stay; if % > pt + Ay, De-escalate

* Remember this picture?
* We spent 30 years resorting to statistical models
* Because models account for variability
* Butif in the end the decision rules do not need to

account for variability; why bothering with models?

The last chapter: back to rule-based designs!

Time |
2019
2017
2015
2010

2008
2007

1998

1990
1989

— 3+3

Rules

mTPI-2

mTPI

BLRM
TPI CCD

EWOC

CRM

Complex Simplified
Models Models




The interval designs (iDesigns) and
the interval-boundary designs (ibDesigns)

e TPIl, mTPI
IDesigns:
Data on a dose:
n+ # of pats Is Pr(p € EI'| (y,n))? mTPI-2,
y: # of pats w/ DLT keyboard

Equivalence Interval

(El) : . . CCD BOIN
bopr 4 iIbDesigns:

Toxicity probability

Is2 e En
n

« Key steps in all the designs here: (1) Specify p;; (2) Choose El
« All the designs here use the same isotonic regression to choose final MTD

« Except CCD, all the designs have the same safety rules
28



The 13+3
design (2019)

* Rule based (smart rules)
* No statistical model

* Hasy

* Transparent

* Social acceptance

* Flexible and powerful

3+3---

Rules

29



The 13+3 design (Liu, Wang, Ji, 2020)

Users provide pr (e.g., 0.3), and EI = (p7 — e1, pr+e3). No need to change.

13+ 3:Dose-finding algorithm

e If % < pr—eq, HEscalate;
* lipr—e S%S pr t ez, Stay;
y
e If ; > Pr + €y,
1. If %1 < pr—eq, Stay;

De-escalate;

2. Else,

Examples: p; = 0.25, El = (0.2, 0.3)
I3+3: BOIN:

0/3 — Escalate;
1/3 — De-escalate;
2,3/3 — De-escalate

0/3 — Escalate;
1/3 — Stay;
2,3/3 — De-escalate

When % > e, + ey, 13+3, CCD, and BOIN have

identical decisions as long as they use the
same El

30



The 13+3 decision rules
(two examples)

* Comparison to mTPI and BOIN when 1/n is large

Current dose: d Target probability: p; = 0.3
No. enrolled: n = 6 El: [pr — €1, pr + €;] = [0.25, 0.35]

Next dose level

No. DLTs: x

i3+3 mTPI BOIN
E D b d+1 d+1 d+1
Case 1 d+1 d+1 d+1
= I 012 022 % I ] d d d
pr = 0.17 2 : P * % d_1 d d_1 |
0 P =017 1 2 3 d—1 d—1 d-1
3 3 3 3 d—1 d—1 d—1
[— d—1 d—1 d—1
Equivalence Interval
E E S D D D D
Case 2 ] ] L I ] ]
p:-ll=_0.3 * . 0.25 ‘4.35 " " . % Current dose: d Target probability: p; = 0.17
0 1 on b2 3 . s 6 No. enrolled: n = 3 El: [pr — €1, p7 + €3] = [0.12,0.22]
6 6 6 6 6 6 6 Next dose level
No. DEIS:x 343 mTPI BOIN
d+1 d+1 d+1
d d d—1 )
d-—1 d—1 d—1
d-—1 d-—1 d-—1

31




N =51, cohort size =3, pT =0.3

BOIN vs. i3+3

0 0 0 0 0 0 0 0 0 -4
0 0 0 0 0 0 0 0 0 4
0 0 0 0 0 0 0 0 0 -4
0 0 0 0 0 0 0 0 0 4
8 7 6 6 5 5 4 4 4 -1
8 7 6 6 5 5 4 4 4 =,
8 7 6 6 5 5 4 4 4 -1
8 7 6 6 5 5 4 4 4 -1
11 8 6 6 5 5 4 4 4 -1
14 11 8 7 5 = 4 4 4 -1

0.01 0.02 0.03 0.04 0.05

eps1

Differences in about 1% out of a total 1,326 decisions

So how
does i13+3
perform?

* For interval-based
designs; just look for the
three components:

- Safety rules

« MTD selection

« Decision tables
« With only tiny
differences the two

designs perform
comparably




How to evaluate the simulation results? LLots of
summary statistics; can be difficult to compare

L)

Scenario 1

pr=10.25, Ngjm = 1000

Dose Level

1

2
3
4

MTD Selection

Patients Assignment
Trial Toxicity

Trial Stopping**

Trial Sample Size

* The row with

** For further details concerning Trial Stopping Rule, please refer to section 1.2.2 in the User Manual.

True Tox Prob.
0.13
0.25
0.38
0.5
0.63

Selection Prob.

Average # of Patients Treated (s.d.)

mTPI-2 mCCD mTPI-2
0.375 0.234 12.072 (8.092)
0.491 0.555 11.646 (5.862)
0.112 0.191 5.016 (5.313)
0.008 0.012 1.038 (2.449)
0 0.001 0.102 (0.649)

Prob. of Selecting MTD

Prob. of Selecting Dose-over-MTD

Prob. of No Selection

Prob. of Correct Allocation (s.d.)

Prob. of Overdosing Allocation (s.d.)

Prob. of Toxicity

Prob. of Early Stopping Trial due to Safety Rule
Prob. of Early Stopping Trial due to Reaching K
Prob. of Stopping Trial due to Reaching n

Average # of Patients Treated (s.d.)

background color indicates the TRUE MTD

Less

mCCD

11.781 (7.821)
11.634 (5.625)

Simulated Dose Escalation

Average # of Toxicities (s.d.)

mTPI-2
1.605 (1.961)
2.88(1.912)

5.28 (5.231) 1.908 (1.987)
1.077 (2.481) 0.528 (1.228)
0.102 (0.649) 0.075 (0.479)

mTPI-2
0.491
0.12
0.014

0.388 (0.195)
0.205 (0.234)
0.234
0.007
0
0.993

29.874 (1.622)

mCCD
1.575 (1.929)
2.842(1.9)
2.025(1.985)
0.549 (1.245)

0.075 (0.479)

mCCD
0.555
0.204
0.007
0.388 (0.187)
0.215(0.231)
0.237
0.007
0
0.993

29.874 (1.622)
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The J-Score is a weighted average of MTD selection
and patient allocation

Utility;a = Ry X %SelAtMTD,; — p;, X %SelBelowMTD; — pp, X %Sel Above M T D;

and

Utility;g = Ry X %PntAtMTD; — p;, X %PntBelowMTD; — py, X %PntAbove MTD,

The total utility for design ¢ is defined as the sum of the two utilities:

and for ¢ = 1,..., I designs, Utility = {Utility;} denotes the vector of the designs that are under comparison.

The J-score, which is the continuous rank index of the total utility, is thus defined as:

Utility;, — min(Utility)

Jscore; =
SEOTE T max(Utility) — min(Utility)

J score is between 0 and 1; the larger value, the better the design



J-Score results: Ditferent designs perform better in
different types ot scenarios

d — distance between MTD and adjacent doses;
larger value means easier scenario

* Based on 1,978 scenarios from users

* Massive simulations 005 <H<0.1

* A tree summarizes the best designs based on
scenarios and drug development preferences

* Aggressive: P1, P2

* Neutral: P3 PL | P2 | P3
b Conservative: P4, P5 Top performers 13+3 13+3 13+3 13+3 13+3
fO r eac h C ateg o) ry (0.78) (0.78) (0.74) (0.76) (0.76) (0.70) (0.75) (0.75) (0.79) (0.79) (0.77) (0.74) (0.72)

mTPI2
(0.70)

mTPI2 = CRM
(0.70) | (0.69)

* A higher score means better e[ T

(0.73) (0.73) (0.73) (0.73)

i3+3 i3+3 mTPI2Z  mTPI2 mTPI2 = CRM CRM

* High probability of selecting the MTD m1ei2 [ BOIN | BON
(0.73) | (0.71) | (0.71) (0.62) (0.60) (0.64) (0.64) (0.63) | (0.67) (0.69)

* Safe in allocating patients

* Safe in selecting the doses

(&)
a1



Conclusions

1.  Model-based methods are more powerful
* Yes, but depends on what you care (simplicity; model-misspecification; 1/3 Stay no matter what)

2.  mTPlis not safe
 Yes, but depends on your loss function (e.g., 3/6 is not too much, but 4/8 is)

3. CCD and BOIN are model-assisted designs

* Yes, model-assisted is still model-based

4.  mTPl, mTPI-2, BOIN, Keyboard
« They are model-based designs; and mTPI-2 = Keyboard

5.  Which designs to use? Depends!
 For classical single-agent DLT-based cohort—enrollment phase 1 trial, physicians can use
13+3 or mTPI-2, but mostly i3+3, unless your drug is very very safe (future talk)
« CRM is also really good but requires statistical expertise and support
« BOIN performs really well and is simple; but it has theoretical flaws
It seems that

heavy safety regulation + simple model/inference ~ Model-free (rule-based) design



Phase I Trials in oncology 1s becoming more
sophisticated and powertul

* Seamless Phase 1a dose finding + Phase 1b cohort expansion

* Bayesian hierarchical models for borrowing information

* Immune and targeted therapies
* MTD may not be the RP2D;

* Multiple candidate doses for expansion
* Multiple indications (NSCLC, GC, Ovarian, Prostate, RCC, etc)

* Delayed toxicity outcomes

* Combination treatments (novel + novel combo)

* Eff/Tox dose finding (for cell/gene therapies, e.g., CAR-T)
* Rolling enrollment to speed up the trial






