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Introduction



What is Response-Adaptive Randomisatio

® Response-adaptive Randomisation (RAR) is perhaps the oldest form
of Adaptive Design of experiments.

® First proposed by Thompson (1933) in the context of clinical trials
treatment is greater than the other

probability of treatment by the two methods of fip, and 1 — fip,, respectively. If
such a discipline were adopted, even though it were not the best possible, it seems
apparent that a considerable saving of individuals otherwise sacrificed to the inferior
treatment might be effected. This would be important in cases where either the
rate of accumulation of data is slow or the individuals treated are valuable, or both.

+ The paper derives formulae to compute that posterior probability P
by hand (redundant for today's computing standards!)

+ Advocated for using data (“however meagre’) to guide action (or
adaptivity), specifically with an “ethical” goal



RAR timeline since 1933

Imbalance and recurrence

Thompson REMAP-

sampling ECMO trial RSIHR paper BATTLE trial 1-SPY 2 trial CAP trial

RPW rule J&T DBCD ERADE Non- myoplc
optimization
approach

Figure: Timeline summarizing some of the key developments around the theory
and practice of RAR in clinical trials. J&T = Jennison and Turnbull (2000),
RSIHR = Rosenberger et al. (2001a). See Section 2 of Robertson et al (2023)

¢ Imbalance | Abundant (high quality) theoretical works paired with
few highly influential examples of RAR in practice.

¢ Imbalance Il Heavy focus on certain aspects (e.g., design, binary
outcome), large gaps in others (e.g. analysis, non binary endpoints) .

® Recurrence Persistence of debate and arguments



Where to read about the debate?

Opinion

Optimizing the Trade-off Between Learning
and Doing in a Pandemic

Derek C. Angus. M

MPH

University of Pittsburgh

and UPMC H

D

System, Pittsburgh,

Pennsylvania; and

JAMA

The world is united regarding the goal of ending the
coronavirus disease 2019 (COVID-19) pandemic but not
the strategy to achieve that goal. One stark example is
the debate over whether to prescribe available thera-
pies, such as quinine-based antimalarial drugs (eg. chlo-

roquine or . or test these drugs in
randomized clinical trials (RCTs). At the heart of the
problem is one of the oldest dilemmas in human orga-
nizations: the "exploitation-exploration” trade-off.!
Exploitation refers to acting on current knowledge,

Three Major Challenges to Learning While Doing
The chief tool in the learning toolkit is the RCT, primar-
ily because randomization is such a powerful mecha-
nism for inferring causal effects. It is not perfect, and
there are alternatives, but in the absence of a miracle
drug that dramatically eradicates the disease. random-
rucial
There are, however, 3 major challenges.

Kalil

Clin nfect Dis. 2020 Dec 31:71(11:3002-3004, dof: 10.1093/cldlciaa334.
Resist the Temptation of Response-Adaptive
Randomization

Michael Proschan . Scott Evans 2

Affilations
PMID: 32222766 DOI: 10.1093/cic/ciaa334

Abstract

randomization (RAR) has gained popularity in clnical trials. The intent is
noble minimize the number of paricipants randomize o nferio reatments and ncease the
amount of information about better treatments. Unfortunately, RAR causes many problems, including

has suggested that a clinician who wishes to administer

The Temptation of Overgeneralizing
Response-adaptive Randomization
Sofia S Villar &, David S Robertson, William F Rosenberger

Clinical Infectious Diseases, ciaal027,
https://doi.org/10.1093/cid/ciaal027
Published: 22 July2020  Article history v

TO THE EDITOR—We read with interest the recent article by
Proschan and Evans [1] on the use of response-adaptive
randomization (RAR) and its potential problems; however,
these problems are neither new nor applicable in general to all



Why this review paper now?

These are some reasons why (we wanted to) write a review paper in RAR:

To reconcile apparently conflicting arguments (particularly in
medical /applied journals)

To have an updated review (to account for more recent work)

To (try to) classify RAR and provide a non-expert roadmap

To guide both future uptake in practice and research directions in
RAR



A broader look of RAR



Some basic ideas & notation

e A study with fixed number! of patients n (fixed sample) to be
randomised to arms: 0 (control) or k = 1,..., K (experimental).

® Some primary outcome variable Yj ~ f(6y)

® Allocations during the trial be a,; = 1 iff arm k is allocated to
patient /

® 7y i = P(ak,; =1) is the probability of patient i receiving the arm k.

Traditional (fixed and equal) randomisation is such that
Tk, = € Vi, k, where usually ¢ = 1/(K + 1).

(D) RAR defines 7y ; as function of past data and actions:
ki = P(ak,i = 1|Yi—1,3i-1)

Y;_1 and a;_1 outcomes and allocations up to patient / — 1
respectively. Note that RAR requires 7 ; € (0,1) Yk, i



Comparing RAR

® What are the relevant dimensions (for clinical trials)?

For simplicity, let's do this when K =1 (two-arm study) with
Ho : po = p1 (null) and (some alternative) H; : po # p1

® Many metrics can be put forward. We focused on 3 main classes.

1 Testing metrics: type | error o = P(reject Ho|Hotrue) and power
(1 = B) = P(reject Ho|Hytrue)

2 Estimation metrics: mean bias = E(ék) — 0y, variance of estimator
= V/(0y) or the mean squared error of an estimator = E[(fx — 0x)?]

3 Patient benefit metrics: the proportion of patients allocated to the

ok 27:1 ak,i
best arm= p* = ===

4 Other metrics:: sample size (minimum n to achieve power and control

type | error).

(1) Many conflicting views are explained by a focus on conflicting metrics
(or simply by ignoring some of them).



Classifying RAR

® Some papers critise (or praise) the use of RAR (in general) with
arguments that apply to a specific procedure (in particular)

e.g. RAR is still heavily criticised after the Randomised Play the winner
(RPTW) ECMO trials.

® RAR as broad class of adaptation, includes very different “families”
of procedures

e.g. 1 Optimal (e.g. Rosenberger et al. (2001a)) versus Design-driven (e.g.,
RPTW, Wei and Durham (1978)) RAR

e.g. 2 Single (e.g., Neyman ratio) versus Multi objective RAR (e.g.
Rosenberger et al. (2001a))



Established Views on RAR



Frequently asked questions

® Does using RAR reduce statistical power?

Does using “patient-driven” RAR lead to a substantial chance to
allocate patients to an inferior treatment?

Can RAR be used if there is potential for temporal trends?

Is implementing RAR in practice more challenging?

Is RAR (more) ethical?



Frequently asked questions
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Does RAR (inevitably) reduce power? |

e Established view: m ; = 1/2 (FER) maximises power, thus RAR must
reduce power. Many publications saying this without any caveats.

(1) Yk binary, 6 = px € (0,1) and fixed n. Two optimal allocation ratios:

Phieyman(P0, P1) = i p) pilpo, 1) = =P —
eyman ) 5 5
Vpo(1 = po) ++/p1(1 = p1) VPo + /P1
p0=0.3 p0=0.5 p0=0.7
08- 08- 08-
08 051 0% Allocation
—R
a4 04 Q04
— R
== Neyman
02 02- 02
00 00- 00
000 025 05 075 100 000 025 050 075 100 000 0% 0% 075 100
P 4] 4]

Figure: Optimal ratios pye/man @nd pk as a function of py, for py € {0.3,0.5,0.7}



Optimal ratios: minimise sample size for given power

e Wald Test: Z = __Pibo S2A(n) _ Po(1—po) i pr(1—p1)
: 5 '

NERI e No N

Q What is the minimum sample size n = Ny + N; given a power
constraint (or a fixed variance level)?

_ _N _ _N
Let p = g (and 1 —p = 5-75%0),
minp No+ Ny st U2A/3(N07 Nl) =C
Solution (a.k.a., Neyman allocation): peyman

Q What is the minimum expected number of failures in n given a
power constraint (or a fixed variance level)?

minp(l — po) No + (1 - p1) Ny st J2Ab(N0’ Nl) =C

Solution (a.k.a., Rosenberger et al allocation): pj



Does RAR (inevitably) reduce power? Il

For a binary endpoint (reward) setting (which is the most common for RAR
literature)
® Equal randomisation maximisies power only when the success rates are equal

® For low success rates, both optimal ratios differ from ER and in the same
direction.

® For high success rates, the two optimal ratios will deviate in contrary
directions (ethical conflict)
In other settings (other endpoints & K > 1), more complex considerations but in

general impact on power will vary largely for different RAR.
There is a question of how achievable power differences are (or how

meaningful)??



Frequently asked questions

® Does using RAR reduce statistical power?

Does using “patient-driven” RAR lead to a substantial chance to
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Is implementing RAR in practice more challenging?
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Does RAR increase chances to receive an inferior arm? |

® RAR has a substantial chance (up to 43%) of sample size imbalances in the
wrong direction (i.e. towards the inferior arm) (Thall et al., 2015, 2016).

So.1 = Pr[(No — Ny > 0.1n)|(p1 > po)];

0.5

04

Procedure
0.3 —# FLGI(b=5)
~+ Thompson
-~ TW(m/2n)
0.2 - ER

—+ ERADE

01

00

Figure: Plot of So.1 for various RAR procedures as a function of p;, where
po = 0.25 and n = 200. Each data point is the mean of 10* trial replicates.



Does RAR increase chances to receive an inferior arm? |l

In a binary endpoint setting (which is the most common for RAR literature)

® "Aggressive” RAR (Thompson Sampling or Bandit rules) tend to have
values of Sg 1 larger than that of FER (simple randomisation)

® For lower differences in the success rates, larger values of Sp1 (also less real
difference to patients)

® For higher differences in the success rates, particularly when n ensures

power, smaller values of 30_1 (also larger difference to patients in terms of
expected effect)

So while the reported value of 43% was correct (we replicated it) this value is
very different for other RAR and more importantly, affected by expected
treatment effect and sample size.



Final Thoughts



Concluding Remarks

® The pace of methodological work has sped up recently (and so has
the uptake in practice).

® future work: there are areas that remain under explored (mostly
linked with important practical aspects), e.g. RAR for other
endpoints than binary, how to best use RAR on a surrogate
endpoint?, how to best deal with missing data (online), how to do
efficient/robust inference in small samples? and more

® Qur own take-away: Generalisations and broad statements of RAR
(in terms of relevant metrics) hardly ever true. Trade-offs for
Adaptive Designs (including those with RAR) are ubiquitous, best
strategy is to be aware of them.

® Several ways to design and implement RAR and the setting should
guide both the decision to use it or not and the choice of which one.



A broad look at RAR

Response-adaptive randemization in clinical trials: from myths David S Robertson, Kim May Lee, Boryana C Lopez-
to practical considerations Kolkovska, and Sofia S Villar

Comment: A Quarter Century of Methodological Research in -~ Anastasia Ivanova and William F Rosenberger
Response-Adaptive Randomization

Discussion of "Response-adaptive randomization in clinical Yunshan Duan, Peter Mueller, and Yuan Ji
trials: from myths to practical considerations”

Advancing Clinical Trials with Novel Designs and Lorenzo Trippa and Yanxun Xu
Implementations

Group sequential designs with response-adaptive Christepher Jennison
randomisation

Is Response-Adaptive Randomization a “good thing” or notin  Alessandra Giovagnoli
clinical trials? Why we cannot take sides

Response Adaptive Randomization in Practice: A Discussion of ~ Scott M Berry and Kert Viele
Robertson et al.

Rejoinder: Response-adaptive randomization
in clinical trials

David S. Robertson, Boryana C. Lépez-Kolkovska, Kim May Lee and Sofia S. Villar



Rejoinder (some points for discussion)

® How does a fixed n assumption: RAR as single adaptation versus
RAR as one of many play here?

1 RAR with no early stopping Np = 153.0, N; = 75.7 so N = 228.7,
(o — 1 = 6 > 0) (Table 1) whereas RAR with early stopping
No = 110.3, Ny = 57.3 N = 167.6 (Table 3).

As a baseline a non-adaptive ER trial would have
Np = 100.4, N; = 100 so N = 200. Jennision's commentary.

® \What other flexibility can RAR offer? RAR as approximations to
optimal designs - Duan, Muller & Ji

® Examples in practice illustrate the above principle - Berry & Viele.

e Key role to good (RAR) design: Objective, metrics, simulations and
data sharing (all discussants).

2 RAR & Power: Ivanova & Rosenberger 6 = log (%) with
po = 0.941, p; = 0.991 results in p*,(leyman = 0.72 (power gain only
achieved by one procedure to target it) and pg = 0.87 (equal power

to ER but 40% less failures).



Thank you for listening! sofia.villar@mrc-bsu.cam.ac.uk

Questions?
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Objectives

-Consider RAR in real world trials
-Consider patient perspective

-Consider practical aspects



W

Four parts

Why do people volunteer for clinical trials?

Does RAR increase or decrease power / # of patients
with a good outcome?

Could RAR improve recruitment in an emergency trial?
What do we say to people in real-life RAR trials?



1. What do people think they are getting out
of research, anyway?

IN MY mzmzncs THERE'S NO Sucnf
THING ASLUCK. =0




Il VIEWPOINT

Adaptive Clinical Trials

A Partial Remedy for the Therapeutic Misconception?

William J. Meurer., MD. MS
Roger J. Lewis, MD. PhD
Donald A. Berry, PhD

HERE IS A COMMON “THERAPEUTIC MISCONCEPTION”
among patients considering participation in clini-
cal trials." Some trial participants and family mem-
bers believe that the goal of a clinical trial is to im-
prove their outcomes—a misperception often reinforced by
media advertising of clinical research.? Clinical trials have

Although knowledge regarding the relative effectiveness
of the treatments involved accumulates over the course of
a clinical trial, beginning with a state of equipoise and hav-
ing high confidence near the end, fixed assignment en-
sures that this information is ignored. The result is that a
fixed proportion of patients will receive potentially infe-
rior therapy—whichever therapy that turns out to be—
assuming there are differences in efficacy of the treatments
in the trial. The primary scientific goal of a clinical trial should

not be compromised, but interim information available in
a trial conld he nced ta imnrave the antecames of trial nar-

JAMA 2012 Jun 13;307(22):2377-8. doi: 10.1001/jama.2012.4174.



2. RAR can increase OR decrease power (and
number of favorable outcomes within study)

liwam you not-to underestimate
my power




Adaptive Randomization Fixed Randomization

Scenario
Power Mean N % to Best Power Mean N % to Best

Null 0.031 507 N/A 0.029 499 N/A
0.50-0.50-0.50 ' ’
One Good
0.50 — 0.50 — 0.65 0.90 483 48 0.88 497 33
Two Good 0.76 679 84 0.86 687 67
0.50-0.65-0.65 ’ '
One Middle One Good
0.50 — 0.575 — 0.65 0.68 586 47 0.69 599 33
All Bad 0.044 524 N/A 0.030 509 N/A
0.25-0.25-0.25 ' ’
All Really Bad

0.006 400 N/A 0.028 400 N/A

0.10-0.10-0.10

J Clin Epidemiol. 2013 Aug:; 66(8 0): S130-S137.




The NEW ENGLAND JOURNAL of MEDICINE

Trial of Three Anticonvulsant Medications for Status Epilepticus

Levetiracetam  Fosphenytoin Valproate
m Q
3 8 4 PSS 60 mg/kg /20 mglkg/ 40 mglkg
Children and adults with \\ < » (Phefgytoin equivalents) <
benzodiazepine-refractory ~ ™ ,\/ ™ /\/

status epilepticus

Absence of clinically

evident seizures and 470/0 45 0/0 460/0

improved responsiveness (68/145) (53/118) (56/121)
at 60 min

No significant difference in rates of seizure cessation or in safety

J. Kapur et al. 10.1056/NEJMo0al905795 Copyright © 2019 Massachusetts Medical Society




3. Do more people agree to an emergency
trial with RAR, hypothetically?

ve the high ground.

10



Methods

Cross-sectional survey of adult patients in the University of Michigan
Hospital Emergency Department.

o Patients were over 18 years old, were presenting without stroke, without
altered mental status, and not in the trauma bay.

Subjects were randomized and shown a video describing a scenario of

either an RAR or "standard” hypothetical acute stroke trial.

Primary outcome measure was participation in the hypothetical research

trial.

o Also assessed understanding and recall of the assigned trial design, and
evaluated the adequacy of the simulated informed consent process

(1CQ-4)

11



2004

1504

Subjects

o U o
o o

o

i
o

T

e Primary Outcome: 67.3% research
participation of the RAR group

Main RESUItS versus 54.3% research participation

in the standard group

o Absolute difference of 13%
(95% Cl: 3.7 to 22.1 %).

Treatment Choice by Treatment TYEER

Experimental Treatment

mStandard Tnal

-
& ¢

Standard Treatment Né Treatment

12



Results - continued

Standard (n = 210) RAR (n=208)

Recall of how XPA/tPA was determined

- Computer coin flip 85% 5%

- Study algorithm (RAR) 3% 62%

- Doctor's decision 7% 13%

- Don't know/Don’t remember 5% 19%
Correctly Identified allocation method

- Yes 85% 62%

e As a whole, the RAR trial was more difficult for subjects

to understand.
e RAR subjects correctly identified the allocation method

62.4% of the time compared to 85.3% of the standard. 13



Main Results - continued

RAR group subjects had 1.89 odds* of
agreeing to participate in the hypothetical
acute stroke trial compared to subjects in the
standard research group (O.R. 1.89, 95% CI:
[1.2 - 2.9]).

o *Adjusted for age, gender, race/ethnicity,
education, self-reported understanding of
protocol, correct identification of allocation
technique, stroke risk factor awareness. (None
of these covariates were statistically
significant)

Stroke. 2014;45:2131-2133

14



Follow up study!

https://www.biorxiv.org/content/10.1 @ BT S @
101/091819v1 :°:°. :..85.5.... ” :

Optimizing Communication of s os e £ g i
Emergency Response Adaptive *
Randomization Clinical Trials to g% T1L & .8l
Potential Participants
Bredan McEvoy, David Haidar, Jason Tehranisa, @ fE:E:;:;E:gz5:522553:?::?%

View ORCID Profile
William J. Meurer

doi: https://doi.org/10.1101/091819



Agreed to Trial

95% ClI for
Agree

Refused Trial

Standard
uninterrupted

video
N=236

129 (54.3%)

48% to 61%

107 (45.7%)

Standard
interactive

video
N=50

31 (62%)

48% to 74%

19 (38%)

RAR
uninterrupted

video
N=285

192 (67.3%)

62% to 73%

93 (33.7%)

RAR
interactive

video
N=149

124 (83.2%)

76% to 88%

25 (16.8%)

16



11 Group Correctly ID
14%

19%

® Group Incorrectly ID

14.1%

81% 86% | 85.9%
60.4%|
Standard Trial Standard Trial RAR Trial RAR Trial

(uninterrupted video) (interactive video)

(uninterrupted video) (interactive video)

17



4. What do we say, these days?

YOUR BIASES MAY DEGEIVE
YOU; DONT-TRUST-THEM™

EMPLOY BLINDING!

18



SIREN Clinical Trials Network

4 Ongoing Trials (Multicenter

3 Use RAR (Adult and Peds Hypothermia Cardiac
Arrest Trials, Hyperbaric Oxygen in TBI trial)

Max N: 1800, 900, 200

19



Adult Consent Form ICECAP

Key information - “Durations are assigned mostly
by chance, using a computer program ...”

20



Adult Consent Form ICECAP

More information later - “The duration each participant
receives is determined by a computer program. The
duration is picked mostly at random...As the study
progresses patients are more likely to be randomized to
durations of cooling where patients are doing better.”

More information www.icecaptrial.org

21



Pediatric ICECAP Consent Form

Key Information: “The length of cooling for each
child is chosen by a computer mostly by chance, like

flipping a coin.”

22



Pediatric ICECAP Consent Later Section

“In this study, the length of cooling is assigned by
chance, like by rolling dice. The first 150 children in the
study have the same chance to be cooled for 24, 48 or 72
hours. After 150 children are in the study, children may
be assigned by chance to 0, 12, 18, 24, 36, 48, 60, /72, 84
or 96 hours of cooling.”

23



HOBIT

ICF Language doesn’'t mention RAR
(Smaller Phase |l trial)

24



Summary

e Therapeutic misconception is real

e RAR can have different impact depending on
situation (power might increase power might
decrease)

e |n certain circumstances, patients may prefer a trial
design that “has their back” on average

e |In emergency trials, the subtle point of a moving
randomization ratio is not likely to be most
important detail

25



On to discussant!

26
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;Q/S’ro’ris’ricol Innovation

Allocation in Multi-Arm Trials

Lindsay Berry
SCT 2023



Multi-arm trial with 4 experimental arms

Multi-arm clinical trials > Contro
> Active 1

> Active 2

* Dose-finding studies, adaptive S Active 3
platform trials, pandemic/hard-to- S Active 4

treat settings

Possible two-arm alternative

* Efficiency from shared control 2222

| > Control
> Active 1

* Head-to-head comparison

> Control

* Many possible goals > Active 2

> Control
> Active 3

> Control
> Active 4




Multi-arm trial with 4 experimental arms

Multi-arm clinical trials > Contro
> Active 1
> Active 2
Our Primary Goals: > Active 3
* |dentify best arm and demonstrate > Active 4
Su periority to control Possible two-arm alternative
] ® ® ®© o )
 Accurately estimate treatment I S i"”.”"'
ctive 1
effect of best arm
AVEVEVR > Control
> Active 2
Less intgrest in estimates/tests of > Control
non-optimal arms > Active 3
> Control

> Active 4



Part 1
]

SEPSIS-AC I | Incoming Patient |
Fixed allocation
1/3 3./9 2/9 \2/9 probabilities

* Patients with septic shock requiring dbh diba die
Vasopressors s .
=200 treated patients
* 4 dosing regimens of selepressin and =¥ .
placebo * Update adaptive allocation probabilities | _
e Part 1: Dose finding with RAR ::iggg 232.’325:2 32332{2 2:?&’2',;“'23” :
* “preferentially allocate patients to
the dosing regimens that appear to dba dha da adi A;M
have the maximum benefit” T e Twr - e
« “optimise the efficiency of selecting : CZﬁZ"?S’ifﬁJS"" S Pt
the optimal dosing regimen” 5300 avaluabie patients
* Part 2: | Interim :nah‘sis
e 1:1 comparison of best arm to :gﬁ,‘fﬁﬁﬁﬁ:ﬁ&e allocation probabiiies

. If <600 treated patients, open Arm 47

placebo

4
[JAMA. 2019;322(15):1476-1485. doi:10.1001/jama.2019.14607]



How to allocate?

* Intuitively appealing to “update” allocation as we gather data
* Stop allocating to non-optimal arms

* Prioritize potentially optimal arms

» Adaptive allocation (arm dropping/response adaptive allocation)

* May improve performance compared to fixed allocation

* What type of allocation is best suited for our goals?



Multi-arm allocation strategies

* Arm dropping

 Can permanently stop Contro LEmiD Control
randomization to
experimental arms Arm 1
* Often based on a p-value A AT €
. rm
comparison of each arm to Arm 4
control Arm 3
 Thresholds pre-defined for A
. . . Arm 4
dropping arms by interim
Start Interim 1 Interim 2 End



Multi-arm allocation strategies

* Response adaptive

randomization (RAR) Control Control Control
* Allocation proportions
updated based on interim Arm 1 Arm 2 Arm 2
data Arm 3
* Proportions often driven by Arm 2
Bayesian apaly5|s moglgl A 3 Arm 4
(ex: posterior probability Arm 4
each arm is best) Arm 4
* Many versions of RAR exist
— should be tailored to trial
Interim 2 End

goals Start Interim 1



Response Adaptive Randomization

e Controversial in two-arm settings (decreased power, other risks)

* Nuanced in multiple arm settings. Viele 2020ab examined

e Control allocation
* Allocation driver (Pr(beat control) vs Pr(best arm))

* Interim frequency, burn-in length, thresholding to O

* Conclusions
* Some RAR variants perform quite poorly (Thall 2015)
e Other variants perform far better (particularly fixed control allocation)

* RAR outperforms fixed randomization (Trippa et al 2012)



RAR or Arm Dropping?

* Limited literature comparisons of “best RAR” to arm dropping

* The “best” arm dropping is unclear

* We compare the best RAR in Viele 2020ab to Arm Dropping
e Viele 2020ab did not consider time trends

* Risk of “non-comparable” treatment groups if allocation changes?

* We evaluate the performance of allocation methods when there are additive
time trends



Overview

e Sample size of N=240
e 4 experimental and 1 control arm
* Dichotomous responder endpoint

e Common features:

* Burn-in of 48
* Interims every 24
 Control allocation fixed to 1/3 for all designs

* Cherry-picking of best arm affects all designs and causes bias
* One-sided type | error rate fixed to 2.5% for all designs



Allocation strategies

* Fixed allocation (2:1:1:1:1)
 Arm dropping

* AD-PBO: Based on p-value comparison with control
* Drop arm if p-value falls above pre-specified threshold

 AD-MAX: Based on Pr(best active arm)
* Drop arm if Pr(best active arm) falls below 10%

* Equal allocation of non-dropped arms between interims

* RAR
e Optimal method from Viele et al (2020)
 Allocation proportional to Pr(best active arm)
* Threshold to zero if Pr(best) < 12.5%



Grid of 35 simulation scenarios
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7 Efficacy scenarios:

Null Nugget Two Low
L __o—o———0——
Two High Three Mixed Least Favorable
1 e——=— —?_$_| T T . T T T T
; Control 1 2 3 4  Control 1 2 3 4
Mixed
Corl1trol ‘II é CIS Alf
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Scenario Control Arm1 Arm2 Arm3 Arm4
Null 0.30 0.30 0.30 0.30 0.30
Nugget 0.30 030 030 0.30 0.53
Two Low 0.30 0.30 0.30 0.41 0.53
Two High 0.30 0.30 0.30 0.45 0.54
Three Mixed 0.30 0.30 0.40 0.45 0.50
Least Favorable 0.30 0.40 0.40 0.40 0.53
Mixed 0.30 0.35 0.41 0.47 0.53

5 Additive time trend scenarios:

Changepoint —e— Flat —-e— Linear Down -e- Linear Up Seasonal
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[
o
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Time bin

Time trend bins
1 2 3 4 5 6 7§ 8 9

Flat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Linear Up 0.00 0.03 0.06 0.09 012 0.15 0.18 0.21 0.24
Linear Down 0.00 -0.03 -0.06 -0.09 -0.12 -0.15 -0.18 -0.21 -0.24
Seasonal 0.00 0.08 0.12 0.08 0.00 -0.08 -0.12 -0.08 0.00
Changepoint 0.00 0.00 0.00 0.00 0.00 0.15 0.15 0.15 0.15




Final analysis model

* Bayesian logistic regression model with weakly informative priors
 Compare model with and without adjustment for time

1og( bi ) =a+x.0 (1)
1 —p;

log(lpi ):a+X;9+t;B (2)
— D

e Success criteria:
Pr(0,qx > 0) > 5design

each d4,5i4n achieves 2.5% type | error in the joint null



Flat time trend, No time adjustment
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Type | error rates without time covariate

Null Efficacy Scenario; No Time Adjustment
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Type | erro

r rates with time covariate

Null Efficacy Scenario; Time Adjustment

0.100 1

O
=
~
ol

O
=
a1
o

0.025 -

Simulated type | error rate

0.000 -

- -ABYENS - - - ABS - - gt - - - SR - - ARG - -

Fllat Line:'ar Up Linear' Down Seas'onal Chang'epoint
Time Scenario

16



Mixed scenario: Time trends, no time adjustment
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Mixed scenario: Time trends, yes time adjustment

Power Avg Sample Size Selected Arm
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Conclusion/Discussion

» Adaptive allocation outperforms fixed on all metrics/scenarios

* RAR and AD MAX are comparable across all metrics

* AD PBO similar on power but has downsides

* If time trends are present, time adjustment avoids type | error inflation
in adaptive designs
* Future work will expand to continuous endpoints

* Linear regression may “soak up” more variability in treatment effect estimates
than logistic regression when time trends are real
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Thanks to all the speakers!

3 wonderful talks, all on different aspects of RAR!

* RAR remains a complex topic with active research programs
* theoretical
 applied
* inside and outside of clinical trials
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Sofia Villar

80 years of RAR in 20 minutes!

 Many many many...many...many....variants of RAR
« some extensively studied with theoretical optima available
« others still under active research

* Thompson sampling and variants thereof
« randomize based on a target

 Play the winner/Bandit solutions
 often not randomized, but randomized options exist
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Sofia Villar

* Don’t overgeneralize results!

* Characteristics of RAR X don’t necessarily generalize to RAR'Y

» Often behavior depends on “auxillary” choices
 for example control allocation

* RAR methods need to be matched to the problem
 Are you after the best arm? all good arms?
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Will Meurer

* How do patients view RAR?
 Enrollment and Understanding

* |s RAR helpful for enrollment?
* Yes!

* |Is RAR well understood by potential patients
* not as much....

« difficult balance between technical accuracy/good communication
* |CF information is often simplified
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Lindsay Berry

* How does RAR compare to Arm dropping?
* What about time trends?

 Remember arm dropping isn’t one design either!

* Difficult to create complete “apples to apples” comparisons
 control allocation matters to RAR. Match control allocation in AD?
 control allocation interacts with 2:...:1 or 1:...:1 starting allocation, etc.

* Like previous results in RAR, when chasing the best arm, better
to make decisions based on the best arm
 standard theme...match methods to goals
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Lindsay Berry

* Only additive time trends considered (in reality and in model)

* Minimal cost to including time in the model
« recommend always including time in the model!

* Inclusion of time into the model accurately account for additive

time trends, both in RAR and arm dropping
* not needed for fixed allocation to avoid biases, but still useful

* What is a time/treatment interaction anyway?
 covariate distribution change over time?

* what is the estimand?
« what assumptions can we apply into the future, if any?
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RAR in Practice (Berry and Viele 2023)

* Lecanamab phase 2
« SEPSIS-ACT

* AWARD-5

* PROSPECT

 |CECAP

* Qur current practice
* multiple arm trials, not two arm (control and treatment)
 searching for the best arm
* maintenance of control allocation
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