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Statistical issues in platform trial

B 1. Multiplicity problem
B 2. Response adaptive randomization (RAR)

B 3. Utilization of non-concurrent (NC) control




How should we consider multiplicity problem ?
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B If we regard a platform trial as a single =iz
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Multiplicity issues for platform trials with a shared control arm
Xiaofei Bai (), Qiqi Deng, and Dacheng Liu

‘ Need to control the p latform-wise error Oeprment ofBostsics and aScknces, oeiner ohim Phamaceutl ., el

rate as usual trial-wise ? 5
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€ Control of FWER may NOT be needed...
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How should we consider multiplicity problem ?

B FWER of platform trial is lower than s

https://doi.org/10.1080/10543406.2020.1821703

W) Check for updates

I n d e pe n d e nt trl a IS Multiplicity issues for platform trials with a shared control arm

Xiaofei Bai (), Qiqi Deng, and Dacheng Liu

Department of Biostatistics and Data Sciences, Boehringer-Ingelheim Pharmaceutical Inc., Ridgefield,
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O O-wise error rate

M [f it is a situation of multi- hypotheses(arms, aims) to be
independently accessed

&€ Discussion and conclusions about results should be conducted
separately

€ If a conclusion for analysis result is like that arm A and C were
effective among all tried arms, | feel need of FWER control




O O-wise error rate

B |t depends on what is the main constituent of platform
& State-sponsored infrastructure, Research Organization Groups, a
global company, ...
B OO-wise error rate
€ OO may not be Platform as the very infra. for long-lasting

€ OO may be domain of treatment, state of disease, current wave
of epidemic, ...
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Is RAR useful ?

Korn & Freidlin (2011)

Overall P(responders)%
#33.2 or 33.7% (RAR)

vs 30% (1:1)
More # of Non-responders
€035, 929vs 924

More Ave. Sample Size

€83.7 vs 78.4(Table 3 with
Efficacy stop.)

Outcome-Adaptive Randomization: Is It Useful?

Edward L. Korn and Boris Freidlin

Table 2. Average Proportion of Responders, No. of Nonresponders, and Overall Proportion Treated on the Experimental Arm for Various Randomized
Phase |l Trial Designs, Some of Which Use Adaptive Randomization

Adaptive Randomization

(N = 140)

Fixed Sample Size Capped at 80% Assignment Probability Capped at 90% Assignment Probability

Response Rates 11 21 Overall % Overall %
by Arm (n = 132) (n = 153) Treated on Treated on
Control Experimental P (responders) No. of P (responders) No. of P (responders) No. of Experimental P (responders) No. of Experimental
Arm Arm % Nonresponders % Nonresponders % Nonresponders Arm % Nonresponders Arm
02 0.2 20.0 105.6 20.0 122.4 20.0 112.0 50.0 200 112.0 50.0
0.2 03 25.0 99.0 26.6 1122 26.0 103.6 59.7 26.0 103.6 60.3
0.2 0.5 35.0 85.8 40.0 91.8 41.0 82.6 69.9 421 81.1 736

NOTE. Adaptive randomization uses the method of Thall and Wathen'? but with no early stopping. One-sided type 1 error = 1 power = 90% at 20% v 40%
response rates; results based on 500,000 simulations. Characteristics of trial designs corresponding to the trial alternative hypothesis are in bold type. P (responders)
% 1s the average proportions of responders given as a percentage

Table 3. Average Sample Size, Proportion of Responders, and No. of Nonresponders for Fixed 1:1 and Adaptive Randomized Phase Il Trial Design

Response Rates by
Treatment Arm

Adaptive Randomization Capped at 80% Assignment

Fixed 1:1 {maximum sample size = 190) Probability (maximum sample size = 208)

Control Experimental Average No. of Average No. of
Arm Arm sample size P (responders) % Nonresponders sample size P (responders) % Nonresponders
0.2 0.2 177.9 20.3 142.3 194.3 20.2 6515
02 0.3 135.2 259 101.4 1476 26.3 109.7
0.2 0.4 314 54.8 321 57.3

0.2 0.5 43.3 36.6 28.2 453 371 288

NOTE. Adaptive randomization uses the method of Thall and Wathen'2. Trials are stopped early for superiority of the experimental treatment if PIE > C) > 0.984.
One-sided type 1 error = 10%; power = 90% at 20% v 40% response rates; results based on 500,000 simulations. Characteristics of trial designs corresponding
to the trial alternative hypothesis are in bold type. P (responders) % is the average proportions of responders given as a percentage.
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Trial Simulation: REMAP-CAP Design vs. Standard Design
3 domains with each 2 interventions

Ann Am Thorac Soc Vol 17, No 7, pp 879-891, Jul 2020 (Received in original form March 3, 2020; accepted in final form April 8, 2020)
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Response Adaptive Randomization

B Early trial period with little information and frequent
update of allocation ratio

& May make prob. of best arm unstable and can not allocate to
right arm for individual patient not Ifoﬁr. average population
(Proschan & Evans, CID2020)  mmmmm ALY T

Resist the Temptation of Response-Adaptive
Randomization
Michael Proschan’

€ Burn-in period and Stage-wise: update of allocation ratio may
work better(One can conduct a stratified analysis to adjust time
trend bias)




Response Adaptive Randomization

B Performance of RAR strongly depends on true scenario
&®# of effective arms and # of in-effective arms
€ Small difference between arms make RAR not to work well
&€ Power of moderate effective arms may be sacrificed




Response Adaptive Randomization

B Do not fit to multi-aims platform concept,

& rather fit to decide best regimen or screening of promising
arm in multiple candidates which probably include many
iIneffective arms

B Ethical design option to start RAR at interim stage

€ if considerable unbalance among investigational treatment
arms (other than control arm) were observed




Non-Concurrent Controls (NCC) in Platform Trials

Open vs. Closed Platform

)| VRN ~
B Open platform trial
& Allows to add on an arm at an interim
&® Need adaptation of allocation (not equal to RAR)

& Fit to situations where it takes a certain amount of time to
recruit and additional therapeutic candidates are necessarily
added along the long way




Non-Concurrent Controls (NCC) in Platform Trials

Open vs. Closed Platform

B Open platform trial e ———
¥ Non-concurrent(NC) control can NOT

basically be compared to an added arm in a regulatory setting

v'which leads to less power otherwise randomization continue after
existing arms reached to the sufficient size

€ On the other hand, more efficient than to wait and start a new
trial for an added arm




Protocol 20-0006

Adaptive COVID-19 Treatment Trial (ACTT)
Main protocol document

Open vs. Closed Platform
. | Remdese |
B Closed platform trial p—

€ NOT allow to add on an arm at an interim
€ No occurrence of non-concurrent control
& Can efficiently compare to control

& Easy to change control arm




Protocol 20-0006
Adaptive COVID-19 Treatment Trial (ACTT)
Main protocol document

Open vs. Closed Platform

B Closed platform fit to situations where

& Candidates have been narrowed down
at the start

@ |t takes only a short time to recruit

€ One can start another stage when additional therapeutic
candidates are added along the way




What can we do if concurrent control stopped
as arm A showed superiority ?(An issue of open platform)

NC Control Concurrent ;
Platform for arm B Add on Control for arm B Efficacy stop
Start l Arm B ] for arm A vs. Con.
l

Control arm

Treatment arm A

Treatment arm B

I ¢




Treatment B indicate promising trend but do not
show a definitive conclusion

Treat. arm B
1+ P=0.1

Treat. arm A}
S — Control arm

Concurrent Control
for treat. arm B

P <.00I1

Overall Survival

==




What can we do if concurrent control stopped ?

B Extend the follow up
€ Time-to-event endpoint as OS

B Extend the recruit of arm A&B
€ If OS curve reach to plateau

Control arm

Treatment arm B

€ And we can not extend Cont. arm

& Switch to Non-inferiority of B vs A A

m Utilize NC Control data Troct am A
@ |f Control & NC are similar in trend

P <.001




How to utilize NC control data ?

B The lack of head-to-head randomization may introduce
measured and unmeasured confounding effects
€ Prognostic factors may not be balanced
& Patients and investigators may not be blinded

€ Unmeasured confounding effects may be related to time trends

B Hybrid Control Approach
B Model based approach




Hybrid Control Approach

B Can adapt to lack of sample size of randomized control

& Utilizing some historical data

B NC control can be a good historical control

€ If time trend is minimized
and there is no operational bias

compare

B Patient population, data quality
= Hybrid Control

Historical Control Arm
Contro (RCT)

& can be similar to
randomized arms

RWD




Hybrid Control Approach

B Collected data within the same framework
@ recruiting centers
&€ inclusion/exclusion criteria

€ endpoint assessments, etc.

compare

Hybrid Control

RWD Historical Control Arm




Application of Hybrid Control@FDA e 2om3870s [

Anti-interleukin-17A monoclonal antibody secukinumab @{'k m
in treatment of ankylosing spondylitis: a randomised,
double-blind, placebo-controlled trial

B ARCT for Anti-IL17 monoclonal
antibody (secukinumab)
In treat. of ankylosing spondylitis

B ASAS20% response rate (PE) -.! N=30fmm ] |
¢ Anti-1L17:14/23(60.9%) ]| AOCATON

T T

‘ p I ace bo : 1 l6( 1 6 5 7 (yo) ﬁ Responders, Response rate® Differencevs 95% credibility Probability

n (%) placebot interval

= o/ Secukinumabi§ 14(60-9%) 59-2% 347% 11-5-56-4% 99-8%
=Hybrid placebo Control:24.5% <-| | S A. .. ..
. . . ASAS-Assessment of SpondyloArthritis international Society criteria. * Means from the posterior beta (0-5+x, 1+n-x)
0
‘ Bo rrOWI n g h I Sto rl Ca I p Ia Ce bo 1 1 /4 3 WJ (2 5 . 6 A) ) distribution for secukinumab and beta (11 +x, 32 +n - x) distribution for placebo, where x represents the number of

responders and n-x represents the number of non-responders in the corresponding treatment group. 1Difference in

r Jacob M van Lo
apt. Herdert Katiner | acqueing Paramarnta, Jiawa Wa, Arat Brachat, Stephan Bex
2 w MWIight, Wolf

37 patients screened for study ‘ 7 patients excluded
2 abnormal white blood
cell count
1 positive purified protein
14 derivative test
1 norovirus infection

response rates simulated from the posterior probability distributions of secukinumab and placebo. $Secukinumab:

/ M eta_a n alys i S Of 8 RC T ( n — 53 3 ) 2x 10 mg/kg. §The efficacy dataset included only 23 of 24 patients in the secukinumab group, since one patient was

excluded due to a dosing error.

‘ Diff VS P: 34-7%[1 1 -5-56.4%] Table 2: Primary endpoint Bayesian analysis of ASAS20 responders at week 6 I
.




Adjusting time trend bias via statistical modeling

B Bayesian “time machine” (Saville and Berry, 20106)

& Platform trials such as I-Spy 2, GBM-AGILE, and Precision
Promise, REMAP-CAP

€ A parameter is smoothed by Normal Dynamic Linear Model

B The NDLM allows for borrowing among effects of
adjacent time periods
€ Pulling their estimates towards each other, and can robustly
handle different trends over time

I >



Bayesian hierarchical drift model using NDLM

B Time-indicating variable tisfrom 1to T

®Response rate P, of subgroup j, treatment k at t = T is modeled
by a Bayesian hierarchical model

B Forallt<T
@Y. ~Binomial(njy¢, Pixt)
B Time effect parameters 6, are modeled with NDLM
®logit(Py) = logit(Pyr) + 0,
€0, ~N(0,; 1), T~InvGamma(0.25,0.1)
€ Borrowing is controlled by the drift parameter ©

I -



Benefits and drawbacks of using \ \
Includi I
NC control data tantaon the anaiysis of platfonm tials: i it
worth it?

B Simple two-stage setting: outcome variable is continuous

Platform °t39¢ 1 Add on Stage 2
Start Roilles t=n../n, Mo = Mo

l_‘_\ll—l—\

Control arm (k=0)

Treatment arm k (k=1,...,K)

- Treatment arm K+1 (k=K+1)

I >




Platform °t29¢1 Add on Stage 2

Adjusting time trend bias g o

Control arm (k=0)

B Regression Model-based approach 0

¢ Under two types of trend :

B Utilize all treat. arms (k=0,...,K+1) |

@ : subject number

OMy: Xjx =Bk +v-jteg,

QMaz:Xjk=,Bk+v-I(i€stageZ) + € >
B Use only 2 arms (k=0, K+1) Stepwise trend

QMbl:Xjk — :Bk +}’] + Ej

O My,:Xjy, = B +Vv-I(j € stage 2) +¢;

Linear trend

Efficacy
P |




Simulation Results: k=0, 1, 2 (2 arms + 1 arm)
0 — 015, 0'2 — 1, n01/‘n0 — {025,05,075}, 50 T {noz,no, Zno}

Table 1 The maximum (median) absolute bias of the estimated difference in mean responses of the newly added treatment and the
control arm when there is a trend. Values with -4 order of magnitude are set to zero

WLSG/[ Mm

Linear trend

0.007 (0.005) 0.001 (0)
0.015(0.010) 0.001 (0
0.022 (0.015) (
) (

)
0.001 (0)
0.030 (0.020 0.001 (0)

Step trend

0.015 (0.010) 0.007 (0.004) 0( 0.010 (0.005

( ) )
0.030 (0.020) 0.015 (0.008) 0 (0) 019 (0.010)
0.045 (0.030) 0.023 (0.012) 0(0) 0.029 (0.015)
0.060 (0.040) 0.031 (0.016) ) 0.038 (0.019)




Power of No adjust, Linear and Mean model for Linear Trend

Linear trend with A= 8 %: Power of rejecting Hy»

—— My,
o _ Q. Q. —4— My,
T - . T | wsy,
.| Noadjust -~ e Bl
o o o sz
S - =B B Utilize all treat. arms
- near "1? el O My Xy =B +v-J+€
o o
// ® Moy Xjp =P+ V-
2. g Mean models. -
< | - < /
o (@] o | °
™ | ™ ™ |
o o o
413 550 1100 275 550 1100 138 550 1100
No1 /n0=0.25 No1 / no=0.5 No1 /n0=0.75




Type | error rate under Linear Trend

Linear trend with A= 8 %: Type one error rate (%) of rejecting Hy» o M

A My

‘q-_ ] ?‘_ ] fr_ - —— WLSa“
—— WLS,,
—— Mb1
- sz

S & S
B Utilize all treat. arms

No adjus> o O My Xjp =B +v-j+e

10
10

/9/ ; ‘MaZ:Xjk=ﬁk+v'

. m_/ o I(j € stage 2) +¢€;
I N e Linear model Use only 2 arms.

o o Mean model | o-
— — — D — - —
413 550 1100 275 550 1100 138 550 1100

No1 /n0=0.25 No1 / ny=0.5 No1 / no=0.75




Type | error rate under Step Trend

Step trend with A= 8 %: Type one error rate (%) of rejecting Hop;

—— My,
8 8- 8- A EE wisa
/ = WS,
8- g g A M
/ B Utilize all treat. arms
oy 81 No adjust 8‘// ® Moy Xji =B +v-j+¢
w J 0 /e/ 0 | ‘MaZ:Xjk=ﬁk+V'
- "l " - I(j € stage Z)En
;;; 7 / V/@/ B | M' I"‘!.
L ;i UL ~Mean omqel : _ |
413 550 1100 275 1100 138 550 1100

550
No1 / Ng=0.5 No1 / Nno=0.75




Modeling time drifts in the control group

B Including time as a continuous or categorical covariate

& Control the Type | error rate if the model assumptions are correct
(Lee and Wason, 2020)

& Can NOT control rigorously, but can suppress considerable
Inflation in case of no adjustment

B Comparison including NC control depends on
& Position of analysis result
& Absolute size and monotonicity of time drift

I



Modeling time drifts in the control group

B Other issues

€ Need of controlling measured confounders, time drift deals
with unmeasured part ?

€ Especially when NC control size is large, dynamic borrowing
may be needed such as Hybrid Control Approach




Thank you for your attention !




