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‘Table 1-Condition on Admission

Ma Evening
Temp.
in i Week

Austin Bradford Hill

 Credited with designing the first
randomized clinical trial in humans

* Medical Research Council.
Streptomycin treatment of

pulmonary tuberculosis. BMJ. 1948;  gom 8.uly 1697 Cour G
Died 18 April 1991 (aged 93) ]
2:769-782. Nationality  United Kingdom -
Occupation  Epidemiologist . ‘
statstcian A
Known for ‘Bradford Hill" criteria. '
Avards  Guy Medal (o, 1959 s o o .
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Randomized Clinical Trials

eIncredible innovation in health care and science
*Pre-1948 relied on anecdote and observational studies
*For 50 years the ‘science of the clinical trial’ barely
changed
*Trials are “long boxes” designed to answer a single
question
*“Not sustainable” —Janet Woodcock, FDA

« Trial design science is being innovated

Adaptive Designs

» What is an adaptive design?
— A design that has pre-specified
dynamic aspects that are
determined by the accruing
information
— Adaptive ... “By Design”

Adaptive Trials

JAMA 2006; 296:1955-1957
j\’\\ 6

Borry Conatitants

Adaptive Promise

* During the course of the trial things are learned that —
had you known before the trial started — you would have
adapt the design.

— Learned: It is important that the trial learn about the
important aspects, and efficiently.

« Dose-response models, Longitudinal models, prediction, imputation,
biomarkers,...

— Adapt: The dynamically moving aspects of the trial:
prospective changes

Borry Consuitants 7

Typical Adaptive Design

Burn-In Accrual

Analyze
Available Data

Adaptive Decision Rules

t Revise Allocation Stop
Rules

per Adaptive Algorithm

Borry Consitants
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What Phase/Stage of CT?

« Phase lll/Confirmatory:

* Phasel:

« Sample size +  Sample size

* Dose escalation *  Multiple Arms

* Combination of arms *  Accrual Interim Analyses

+ Seamless phase I-Il «  Futility Analyses

* Timing of Conclusions

« Phase II/Pilot: «  Enrichment

* Sample size +  Platform Trials

* Dose allocation

 Introduce/Drop arms «  Phase IV:

* Enrichment «  Sample size

« Prediction of Phase Il .

Timing of Conclusions

Seamless phase II-lll

Platform Trials
Q *  Platform Trails

* Indications

=\
Borry Consuitants 9

Therapeutic Areas/Diseases

Oncology * Valves/stents Constipation « Influenza
Migraine « Asthma Micturition « Epilepsy
Lupus «  Emphysema Drooling . 8PS
Sepsis .« PFO + POlleus « Crohns
Diabetes - RA © VT Drug Resistant Path.
Obesity « Sleep Apnea Sexual health Many Diagnostics
Stroke « Chronic Cough . Emesis Hypertension
Tinnitus. +  Osteoparesis «  Statins +  Insomnia
Ms « Parkinsons « Infections . amv
CHD . Pain -« 0AB Amyloidosis
Smoking Cessation Hydrocephalus . Sickle Cell Disease
Gastroparesis < HV Head Trauma « copd
Alzheimers Schizophrenia Cardiac Arrest GNE Myopathy
Atrial Fibrillation ~ + Crohns . AS .« SMA
Cancer diagnostic Spinal Cord Injury Alcohol Abuse © RSV
Disc Disease © HepC Drug Abuse Prater-Will
Contraceptives Preterm Labor . CHF + EBOLA

e

Sorry Constitants 10
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Statistical Limits?

» What statistical aspects of a problem may
provide limitations for adaptation?

—Time to Information

=
Barry Consuitants 1

Simple Group Sequential

* Think of a trial with a single analysis after a sample size of N

* We can use a critical value of the test-statistic, such that the
type | error is the needed level (say one-sided 0.025): 1.96

Borry Consitants 12
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Test-Statistic

1.96

Fixed Trial

0.025

Fixed Trial

Test-Statistic

1.96

-+— -+—
N N
Berry Consultants. 13 Berry Consultants 14
13 14
Fixed Trial Fixed Trial
Test-Statistic Test-Statistic
1.96 1.96 /\/___7'\\/ N

d 1
T T
N N

mm.; 15 mﬁm 16

15
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Fixed Trial Fixegd Trial
Test-Statistic Test-Statistic
0.025 0.0415

1.96 /J 1.96

_ # | 4L

T T T
N N/2 N
Berry Consultants. 17 Berry Consultants 18
17 18
FixefTrial FixefhTrial
Test-Statistic Test-Statistic
0.015 0.025 0.015 0.025

2.18 2.18
196 T 1.96

“Pocock-type Boundaries” The difference from 1.96 to 2.18 has

-- the same CV at each look become labeled as the penalty of the

Interim analysis
[ > | - [ | t
T T T T
N/2 N N/2 N
Borry Constitants 19 Berry Consiitants 20
19 20
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Fixe@pTrial ;
Test-Statistic G rou p Seq uentlal
0.0026 .
28— 0.025 * You can be very aggressive (1.96 at N/2) ... to very
1.98 _ conservative... but you need to adjust the CV to win the trial
1.96 depending on these looks
Could use more conservative at N/2 — We can do the math to find these values
and pay less penalty... ¢ Cautionary Note:
OBF = CV/sart(n/N) — You do NOT pay a penalty for looking at the data you pay a penalty
for an ACTION that could result in an increase in the probability of
# } —t- success
N/2 N * Futility, safety, adjust randomization, bigger N,...
Borry Consuitants 21 Borry Conatitants 22
21 22
Actions/Data COVID Vaccine Trial
At Interim Decrease N Increase N Overwhelming efficacy will be declared if the first
primary study objective is met. The criteria for success at
Datais Positive Increase TIE  Decrease T1E S e
. of cases. Overwhelming efficacy will be declared if the
Success Stopping RAR
Promising Zone threshold:
Data is Negative ~ Decrease T1E Increase T1E allbrato 0 protact overall e | anror M2
Futility Stopping Promising Zone bty calcultton at sach interm anatyus i b
. provided in the SAP.
Goldilocks
A 23 o ” 2

23
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COVID Vaccine Trial Adaptive Design

Table 5. Interim Analysis Plan and Boundaries for Efficacy and Futil

Analysis Number of Success Criteria® Ful
Cases

ity Boundary

The study will stop for lack of benefit (futility) if the

predicted probability of success at the final analysis or

study success is <5%. The posterior predictive POS will v *’&‘.:': ::};._; N k‘?.";: :'pﬁ'm
be calculated using a beta-binomial model. The futility TAT B 76.9% (6:26) 11.8% (15:17)
assessment will be performed for the first primary A2 62 68.1% (15:47) 27.8% (26:36)
endpoint and the futility boundary may be subject to A3 92 62.7% 38.6% (35:57)
A e 25y e iy Tt by change to reflect subsequent program-related decisions 1A4 120 58.8% (35 NA
A Y Gl A o B e by the sponsor. Final 164 52.3% (53:111)

Abbreviations: IA = interim analysis; N/A = not applicable; VE = vaccine efficacy

Note: Case split = vaccine : placebo,

a. Interim efficacy claim: P(VE >30%|data) > 0.995; success at the final analysis: P(VE >30%|data)
> 0.986.

Borry 25 m@m 26

25 26

A minimally informative beta prior, beta (0.700102, 1), is isogram oftheta
AP AT CONTROLED. oD RSV proposed for 0 = (1-VE)/(2-VE). The prior is centered at 0 =
RMUNOGENICTTY, YD EPPICACY OF SARSLCOY 1 RAA VACCINE 0.4118 (VE=30%) which can be considered pessimistic. The > ve = (2*theta - 1)/(theta - 1)
prior allows considerable uncertainty; the 95% interval for 6 is g
(0.005, 0.964) and the corresponding 95% interval for VE is (- round(uant:ileCve, prob=C1:133/28),3)
s > sprob=(1: ,
262,0.995) § S% 0% 15% 2 0% 35%
-12.415 -5.203 -2.824 -1.654 -0.971 -0.505 -0.180
g 40%  45%  SO%  55% 6%  65%  70%
g 0.066 ©0.256 ©0.407 ©0.529 0.629 ©0.713 0.783
[ 75%  80% 9% 9%
£ 0.840 0.888 ©0.929 0.961 0.986
8
8
g > length(ve[ve>.30])/length(ve)
[1] 0.53689
— I 0z os o8 os 10
= -t C
oy 27 m@m . 28

27 28
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Operating Characteristics

Table6.  Statistical Design Operating Characteristics: Probability of Success or

Failure for Interim Analyses

Totrim Anaiei 3 Tncrim
(Total Cavs - 92) A &
(Total Cases

Table7.  Statistical Design Operating Characteristics: Probability of Success for
Final Analysis and Overall

Final Analyss Overall Probability of Suceess
(Total Cases = 164
Probabilty of Success (Cases In Vaccine
Group <83

Vaccine Efficaey (%)

=\ > e 3

Borry Conatitants

Kert Viele Tweetorial...

. ) Kert Viele

(1/n) The Pfizer SARS-Cov-2 vaccine trial has 4 interim analyses.
Each interim has a set number of events and certain splits result in

declaring efficacy or futility. If they were to announce “the trial is
continuing after interim X", what might we learn?

30

29

30

Kert Viele Tweetorial...

() KertViele @ Vie
« (2/n) First off, | wouldn’t make these announcements. The trial is continuing
per protocol. We need the trial to finish per protocol to conclude anything. |

think people misinterpret these announcements all the time (hence this

tweetorial....). Other opinions differ....

Borry Consuitants

Kert Viele Tweetorial...

%) KertViele
%" (3/n) The interims require specific splits. The first interim, for example,
happens with 32 events (instances of COVID). If 6 or less of these are in the
vaccine arm, the trial declares efficacy. If 15 or more are in the vaccine arm,
the trial declares futility.
Table S, Interim Analysis Plan and Boundaries for Efficacy and Futility
Futiy Boundary

Anaiysis Succens Criteria®
&

VE Point Estimate

(3111
pplcable, VE - vaceine ffcacy

‘Abbreviaions: 1A = nterim analyss; WA = n

Note: Case split = vaceine - placcbo.

o Inteim fficacy clim: P(VE >30%ats) > 0.995; success tth final nslysi: P(VE >30%data)
0986,

Borry Consitants

32

31

32
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Kert Viele Tweetorial...

() Kert Viele ¢ tVie Sep 19
& (4/n) Thus, knowing the required splits and knowing “the trial is continuing”,
we can determine the data must lie in a range. If the announcement says “we

are continuing after the first interim” we know those 32 events had between 7
and 14 events on the vaccine arm.

Kert Viele Tweetorial...

(@) KertViele
%" (5/n) If 1 had prior beliefs about the vaccine, | can update them when | hear
‘the trial continued after interim X. Suppose my original beliefs looks like the
‘graph below (Beta(4,3) for stat folks). 'm generally optimistic, but have a lot
of uncertainty. Red is 95% Cl.

Posterior Distribution VE for trials going past interim 0
VE=0.572

Berry Consultants 33 Berry Consultants 34
@ KertViele
=" (6/n) My prior mean vaccine efficacy is 57%. My prior guess is that the trial ]
has a 63% chance of declaring efficacy. This isn't the power, which assumes (7/n) After a “continue” at interim 1, here are my revised belief. Importantly,
the vaccine works. This 63% incorporates my uncertainty on whether the they haven't changed much. I'm eliminated some of the values near 100% VE
vaccine works of not. (would have stopped for efficacy) but my posterior mean 0.536 and my
probability of eventual success is 58%.
Posterior Distribution VE for trials going past interim 0
Posterior Mean VE=. Prob(eventual success)=0.631 Posterior Distrbution VE for trials going past interim 1
Posterior Mean VE=0.536 _ Probleventual success)=0.579
_— ‘ ‘ I m." . .’\M
2 04 0s o8 02 04 08 o8
s
Borry Consuitants 35 Borry Consitants 36

35
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Kert Viele Tweetorial...

(@) KertViele

%" (8/n) While continuing interims do make me a little more pessimistic, even
‘continuing after interim 4 my posterior mean is 0.493, probability of eventual
success 40%, and CI roughly between 30-70%. F'm never “sure” of what will
happen, nor can | accurately guess VE

VE for
Posterior Mean VE=0.493  Probleventual success)=0.403

0
Borry Constitants 37

Kert Viele Tweetorial...

(@) KertViele
(9/n) If you walked into the trial incredibly optimistic or pessimistic (but with at
least some uncertainty!), then your beliefs would change. The incredible
optimist would be disheartened the trial didn't stop early for efficacy, the
pessimist would grow more hopeful.

Borry Conatitants 38

37

38

Kert Viele Tweetorial...

£ KertViele @Kert ep 1
v (10/n) But if your prior was focused on the 30-70% range, most of that
relative probability is unchanged. If the trial is continuing, you tend to stick

with that range and have to just wait and see what happens (I'm happy to do
these plots for anyone's preferred prior).

=
Barry Consuitants 39

Borry Consitants

Kert Viele Tweetorial...

) KertViele

¥ (19/n) Quick note, people are WAY too quick to analyze timing of these
announcements, etc. If you want to see overreactions to interims...google
Oncothyreon, too optimistic early and then disappointment later.

Oncothyreon shares routed as Stimuvax Phill trial soldi...
t

i Kert Viele

¥ (12112) Again, | wouldn't make these announcements on principle, but the
information conveyed publicly s fairly small.If the trial is continuing, the
vaccine likely is somewhere between a dud and good, and it might end up
winning or losing the trial.

a0

39

40
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Criticism Criticism

Eric Topol @ @EricTo| ,
The release of puts the squeeze on todoso. d@

The big problem: 4—four—interim analyses at 32, 62, 92, 120, 164 events
(infections), essentially engineering a trial to stop early with so many looks.
Not good. ( has 2)

Reuters @

Pfizer is betting that early stages of its coronavirus vaccine trial will show
that its candidate works. But some experts say such an interim analysis
could overstate its effectiveness

Interim Analysis Plan and Boundaries for Efficacy and Futili

“These interim analyses have a

Amalysi | Number of ] Futilty Boundary

You miss safety issues and you may
very well exaggerate the benefits.”

— Eric Topol, director of the Scripps
Research Translational Institute

30%data)

Intrim cffic

a2

== ==
Borry Consuitants a Borry Conatitants

41 42

Criticism

Eric Topol @ @ Tor

—Rule #1: Don't stop a clinical trial early unless it is for a safety reason or
futility

—Otherwise, doing so means "overwhelming efficacy" and that it is

unethical to proceed with placebo
—These trials are on soft grounds for that claim
—They need to be completed

0
Barry Consuitants a3

43

11
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=4 =4
Bayesian Statistics Bayes Theorem

* Reverend Thomas Bayes (1702-
1761) Pr(A,. IB)= kPr(BIA,.)Pr(A,.)

» Essay towards solving a

» problem in the doctrine of EPI(B I Ai )Pr(A!')
chances (1764) =1
 This paper, on inverse probability, led to the ff(x 16)7(6)do
name Bayesian Statistics

Compare P-Values/Posteriors

Inspired by Steve Ruberg Example

You have a bag of coins, mixed fair coins and a single 2-headed
coin

— Assume a null (Ho) of “fair coin”

— Alternative (H;) of “2-headed coin”

Flip the coin independently n times...

Data/P-Values

DATA

P-Value

1/1

0.50

2/2

0.25

3/3

0.125

4/a

0.0625

5/5

0.0312

6/6

0.0156

717

0.00781

8/8

0.00391

9/9

0.00195

10/10

0.000977

11/11

0.000488

12/12

0.000244
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Bayesian Analysis

Data/P-Values

Pr(Fair Coin)
DATA P-Value
50% each 0.001 2-headed
* What about a Bayesian analysis? 71 050 0333 0.998
’ . . . . . 2/2 0.25 0.200 0.996
* Can’t do a Bayesian analysis unless there is a prior probability s o108 o1t 090
the coin is fair/2-headed 44 0.0625 0.0588 0.984
— What if there are 50% of the coins in the bag as fair and 2-headed o 00312 2.9303 9558
6/6 0.0156 0.0154 0.940
— What if there is 1 in 1000 coins being 2-headed 77 0.00781 0.00775 0.886
8/8 0.00391 0.00389 0.796
9/9 0.00195 0.00194 0.661
10/10 0.000977 0.000976 0.493
11/11 0.000488 0.000488 0.327
12/12 0.000244 0.000244 0.196
16/16 0.000015 0.000015 0.015
s .
Bayesian Calculations /
« Data: 13S'sand 4 F's Bayesian EEER IERER o 2 5 71
2 , 3 3
Analyses of
* Parameter = 7t = P(S) Al
* For ANY design with these results, the /\ /\ /\
likelihood function is Or
5 4 IERER IERER I
Pr(data lp) o< p (1 - p) Updated 4 . .
. Posterior probabilities.“ Sequentia”y Subject 6 Success Subject 7 Failure 8More S, 2 More F.
— Lets assume a Beta(1,1).... /\ /\ J\
IERER IERER IR
, , ,
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eali ; e Posterior density of 7 S
Likelihood function of 7=
for uniform prior: Beta(14,5)
913(1-9)4
p3-p?
0 1 23 4.5 6 .78 91
P 01 23 4567891
P
9 10
Pr[z>0.5] PREDICTIVE PROBABILITIES
P(p > 0.5 | data) « Distribution of future data?
* P(nextisan A)=?
« Critical component of experimental
design
* In monitoring trials
o .1 .2 3 4 5 6 .7 .8 91
P 1 12
11 12
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Predictive Distribution Suppose 17 more observations
* The posterior distribution of a future
observation of Xi... P(A wins x of next 17 [ data)
= EP(A wins x [ data, 1)
(%, 1 %0500 %, ] = [[%,,116][01x,,...,.x,]d0 )
T ) _ (17 x 17-x
* The distributions support is on the values of X, =E [( x )P a1-p) |data,p]
not the parameters space
* Convolution of X with respect to the variability i . I
in the parameter space Beta-Binomial Distribution
13 14
Possible Calculation Predictive distribution
17\ o o= TU4)T(5) v
f(x )p (l—p) r(lg) p (l—p) a2 Predictive s ]
distribution .IIII
* Simulate a 7 from the beta(14,5) of & of ' 88% probability
. . . successes 05 4 of statistical
* Simulate an x from binomial(17, 7) in next significance
* Distribution of x’s is beta-binomial--the 17 tries: e o 1112 13 1415 16 17
predictive distribution
Has more variability than any binomial =
15 16
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R . . . . F— F—
Best fitting binomial vs. predictive e . L e
- Posterior and Predictive...same?
probabilities
nomaLe II. * Clinical Trial, 100 subjects. Ha: >
= probabiity 0.25? FDA will approve if # success 2
_ e el 33 [post > 0.95, beta(1,1)]
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 ° See 99 Subjects’ 32 Successes
Predictive, p ~beta(145) | mllll _ « Pr{n>0.25 | data]=0.955
88% probability
of statistical * Predictive prob trial success = 0.327
17 18

Example of Predictive Prob Predictive Distrn 12110
¢ Same Trial, 33+ out of 100 is a SUCCESS : MLE
* Look at data at n=10 E /
* Predict remainder of 90 subjects $s
* Predictive Prob accounts for g predictive

uncertainty and “only” 10% of data o /
observed ° -
° 0 20 : 40 : 60 80
19 20
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Predictive, Posterior, MLLE Project Interpretation
s@10 Post Prob Pred | MLE Proj * Predictive is VERY different than posterior
>0.25 Prob 33+ | Prob 33+ probability
0 042 0096 0 — « If you were using frequentist MLE to project
L A97 070 _16.6x10 you need to have constraints on # subjects
2 455 234 00097 before method “kinda works”
2 ;;:53 ;2; 3:2 ¢ If there is a constraint, it should be on # for
5 '966 '900 9'9991 MLE not on % of the subjects
6 '992 '973 - 1 * Predictive distribution handles both of
. - these and does not need “constraints”
7 .9988 995 1 . R
21 22
Lo . Consequence of Bayes rule:
The Likelihood Principle . S
P The Likelihood Principle
The likelihood function The likelihood function
dm) =f(X [ 7) (7 =f(X [ 7)
contains all the information in an experiment relevant for contains all the information in an experiment relevant for
inferences about 7 inferences about 7z
Assume: L(BIx)=aL(BIy)
Ly (6)m(6) f(o15)- LOWAO)__ alowa(e) _ o
X)= = = y
L@ x)x(6)d6 aL(01y)x(6)d6
fLX(O)n(O)dO I (6)ae [ (o)
23 24
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ﬁ,\ F h h L —
= requentist othesis testing 7
Example q P g
* P-value = Probability of observing data as or more

e Data: 13 A'sand 4 B’s extreme than results, assuming Ho.
* Parameter = 1t = P(A wins) » P-y=bitail of dist, | Ho)

o s . * Four designs:
* Likelihood = p (1 - p) (1) Observe 17 results

E tist lusion? D d (2) Stop trial once both 4 A'sand 4 B's

L]

reguen ISt conclusions Lepends on (3) Interim analysis at 17, stop if 0- 4 or

de5|gn 13-17 A's, else continue to n =44
(4) Stop when "enough information"
25 26
=\ =\
. o= Design (2): Stop when S
Design (1).}3 results both 4 A's and 4 B's

Binomial distribution - -

withn = 17,1 = 0.5; Two-sided negative

P-value = 0.049 binomial withr =4, © = 0.5;

P-value = 0.021
o niflfe Y o
4 13 e "
27 28
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=
Design (3): Interim analysis =
at n=17, possible total is 44 Design (4): Scientist’s stopping
rule: Stop when
Analyses at "~ you know the answer
n=178& 44; A
stop @ 17 i * Cannot calculate P-value
if0-4 0r 13-17; > . . .
P =0.085 [ Both shaded regions = 0.049] * Strictly speaking, frequentist
r . . .
2 Plootn =0.073; inferences are impossible
| net = 2(0.049) — 0.013
=0.085
29 30

Bayesian Stopping Rule

* The Bayesian answer is the same in all these trials (assuming
independent, identically distributed observations)

* The design — what didn’t happen — affects the frequentist
based approaches (and bias, and type | error, etc)

— Violation of the likelihood principle
Critically important for adaptive designs

f(x | 9) is incredibly restrictive in the space of x!

Bayes and COVID-19

Everyone is Bayesian... Why?

The trial design is unknown! Our REMAP-CAP trial might be 200 if
might be 10,000

Interims are being done monthly, not based on sample size
Alpha-spending very challenging (impossible)

Multiple trials have multiple arms, disconnected in time — need
modeling

May need historical controls

Uncertain trial design...

31

32
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JAMA | Original Investigation | CARING FOR THE CRITICALLY ILL PATIENT

Effect of Hydrocortisone on Mortality and Organ Support in Patients
With Severe COVID-19

The REMAP-CAP COVID-19 Corticosteroid Domain Randomized Clinical Trial

The Writing Committee forthe REMAP-CAP Investigators.

Table 2. Primary Outcome

Nohydrocortisone.
(0=137) (0= 141) (0= 101)
Primary outcome, organ support free days
Median (1QR) 0(11015) 0¢11013) 0(1to11)
Subxomponents o organ support-free days
In-hospital deaths, No (%) 4160) .06 306y
Organ support-fre days among survivos, 11501017) 95(0t016) 6(01012)
median (108)
=576y
Adgted odds ratio
Mean (50) 1470035) 1.26(031) 1 [Reference]
Median 95% Cr) 143(09110227) 122(076t01.94) 1 [Reference]
Probabilty of superiority to 10 hydrocortisone, X % 0
domans’
Adjsted oddsratio
Mean (50) 149035) 128(030) 1 [Reference]
Median 95% Cr) 145(093102.30) 1.24(080t01.95) 1 [Reference]
Probablty of superiority to 10 ydrocortisone, X 9 8

With Severe COVID-19

REMAP-CAP Investigators

JAMA | Original Investigation | CARING FOR THE CRITICALLY ILL PATIENT

Effect of Hydrocortisone on Mortality and Organ Support in Patients

The REMAP-CAP COVID-19 Corticosteroid Domain Randomized Clinical Trial

Banry consions|

Figure 2. Organ Support-Free Days.

] Cumlative distibution of organ support-free days

10
§os

2

§ oo

2

5 04

3 —— Namtocrtsone o+ 101

o Shodedepmdent rocrone (1+141)
3 et s yecrtione 02137

o
Dan0 32 4 6 6 10 12 14 16 18 2001
Days freefrom organ support

Organ support-free days
-
Death

] Organ support-free days by stucy group

Yo
hydocortsone
(=101
Shock-dependen
ydocortsone
(ne141)
Fined-dose
hydocortsone
(0e137)

o

0 01 02 03 04 05 06 07

Proportion

= =
3456789101121314151617
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Complex Innovative Designs

“For the purposes of this guidance, CID
includes trial designs that have rarely or
never been used to date to provide
substantial evidence of effectiveness in
new drug applications or biologics license
applications. A common feature of many
CIDs is the need for simulations rather
than mathematical formulae to estimate
trial operating characteristics (Section IlI
of this guidance).”

Interacting with the FDA on Complex
Innovative Trial Designs for Drugs
and Biological Products

Draft Guidance for Industry

Complex Innovative Designs

“For the purposes of this guidance, CID
includes trial designs that have rarely or
never been used to date to provide
substantial evidence of effectiveness in
new drug applications or biologics license
applications. A common feature of many
CIDs is the need for simulations rather
than mathematical formulae to estimate
trial operating characteristics (Section IlI
of this guidance).”

Interacting with the FDA on Complex
Innovative Trial Designs for Drugs
and Biological Products
Draft Guidance for Industry

P Lots of example of complex designs to come...

DIAN-TU

T )
P Randy Bateman, PI DIAN DiANTU

P Dominantly Inherited Alzheimer Network (DIAN) is an
international research partnership of leading scientists
determined to understand a rare form of Alzheimer’s
disease (ADAD) that is caused by a gene mutation.

P Autosomal Dominant Alzheimer’s Disease (ADAD) is caused
by rare inherited gene mutations in the APP, PSEN1, or
PSEN2 genes which lead to early-onset AD (<60 years old)

+ 40-80% of 41.2/100,000 (AD < 60 y.0)
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DIAN-TU: Design

» Two drugs 3:1; approx. 60 vs 20

P A single analysis takes place when the last enrolled reaches 4
years; fixed sample size; simple design

P Each arm is compared to placebo (well combined ~ 60 vs 40)

P Analysis is posterior probability of superiority...

DIAN-TU: Analysis

DIAN-TU Cognitive Composite Adjusted by Random Effects

Cognitve Composite Model Residuals

6
DIAN-TU: Bayesian Analysis DIAN-TU: Bayesian Analysis
> Let Y; be the jth cognitive observation for S
subject i=1,...,k, with n; observations
P Let E; be the EYO value for (i) o Yij =7+ g(Eij |5,»,9)+ g Treatment Effects Actoss EYO0
Y, =yi+f(Eij_6i Ia)+€zj - " f(E-81a) EsT
5 £13.0)-
e(£12,) £(T-8,1a)+exp(6)[f(E-0a)-f(T-5]a)] E>T
0 t=-15
f(1)=1 A+lt]-Da,+@-|tDey,,, -15<1<15 L - P Tis time of intervention (on EYO
a t>15 - scale)

15
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DIAN-TU: Bayesian Analysis

H,:exp(0)=1
H, :exp(6)<1

» If the posterior probability of exp(0) < 1 is greater
than 0.985* then claim superiority

DIAN-TU: Bayesian Analysis

LZFORUM

NETWORGNG FOR A CURE

POV weswans | OATABASES | PAPERS | PROFESSIONAL RESOURCES | VIRTUALEXMIBITWALL | ABOUTAD | & MY ALZFORUM

©a0oTomvuBRARY A Fouownews cowets [ enar [ sware [ pRmT

Topline Result for First DIAN-TU Clinical Trial: Negative on Primary

10 Feb 2020
DIAN es Atopline ana
of the first that the DIAN-TU trials platform mounted for carriers of
izh that
he primary endpoint. have bees
pla N Multiv
 four cognitive tests developed by DIAM

To make an annotation you must Login
or Register.

End
sad typeof Al
Roche'
data drawn from the DIAN observational study

The trial evaluated two investigational an

against placebo and b

(per local assessment) —
JOURNAL OF CLINICAL ONCOLOGY CoOMMUNICA [ oy vactconcer |
Dosing
Oral dabrafenib 150 me twice Gastrointestinal sromal
daily plu trametini 2 mg once tumor
= + Disease assessment
every 8 weeks (solid
Dabrafenib and Trametinib Treatment in Patients With limany s tumors, eukenia) o
Locally Advanced or Metastatic BRAF V600-Mutant + Overall response rate’ every 4 weeks (hairy
A l' ic Th id C. 'WHO grade 3 or 4 glioma  [------| cell leukemia)’ ezl 5
naplastic Thyroid Cancer e cpansion
plastic Thyro < Secondary endpoints Treatmieat: iatl oo
Lk HLM Schllens,Jeun CharlsSoi, Nonseminomatous/ unacceptable
oy B Moo, Dot g * Duration of resporse
= + Progression-ree survival nongerminomatous germ toxiciy, disease S—_—
< e sl celltumeors progresson, or
death
AssTaacT + safety
ofthe
Purpoze. small intestine
[ —— —
PhD (ArticulateScience, London, United Kingdom: supported by

11

12
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ROAR Trial: Analysis Methods

Statistical Analysis

To address the small sample size per histologic cohort, we used an
adaptive design with a Bayesian hierarchical model (Data Supplement)
that increases the power to detect clinically meaningful differences in
overall response rate by borrowing information across histologic cohorts
while controlling the type 1 error rate. This design allowed for multiple
interim evaluations of the accumulating data to determine if at least one
histologic cohort should discontinue enrollment early because of either
success or futility.

ROAR Trial: Bayesian Model

_ g\ _ RE
% log(l - "g) log(l - Rg).

Typical BHM Cluster BHM

pe~DPM ()
“Dirichlet Process Mixture”

w, T2 ~hyper — prior i

Within Each group: Typical BHM

gg ~N(g, TZ)

13

14

ROAR Trial: ATC Results

“For the 15 patients with ATC in the primary analysis cohort,
the Bayesian estimate of the primary end point—confirmed
overall response rate on the basis of investigator assessment—
was 69% (95% credible interval, 46.9% to 86.9%). “
11/15=0.733

“The posterior probability was 100% that the overall response rate of
69% exceeded the historical control response rate of 15% (Data Sup-
plement), thereby meeting the protocol-specified rules for early

stopping for efficacy.

What are Simulations?

.25 Simulations: Who wil win itall?

We are inundated with “simulations” being used as predictions

Borry Consitants

16

15

16
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Role of Simulations

* This is common for PK/PD scientists — predict what will
happen in humans

* This is not how simulations are used in creating in
silico designs

* The “simulation evaluation” is nothing more than
numerical integration

* Calculating operating characteristics exactly

=
Borry Consuitants 17

Design Process

Create i
steeen | 30> =)
Designs

‘
Designs.

Review Sims

Borry Conatitants 18

17

18

Final Design Presentation

Validate C
Code

To Regulatory

protocol Adaptive Design
Report

Borry Consuitants

Adaptive Design Report

* A report that presents the full details of the design;
adaptations, modeling, and simulations

—Allow completely reproducible results
* We have focused on the design and not why the design

forry Conatitonts 20

19

20
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Simulations

for clinical trials!

* Surely would have
FACTS on board

Berry

*Would be very cool —
emergency simulation

Leadership Talk

Examples

* We started simulating a trial design —and compared it
to a fixed trial design.

The straw fixed trial design had 80% power for the nice

effect size of “delta”... that was a great trial — it had

80% power

We simulated the same trial designs and showed them

single simulated trials that lost when the truth was

delta — and described that 20% of the trials we

simulated failed when the truth of the drug was delta

— They were shocked and disappointed...

Leadership Talk

Examples

* There are many that don’t understand power
is risk — they assume power is just a restriction
statisticians place on trials...

— The best statisticians can get smaller N, yet still
80% powered

* They are thrilled if they get a smaller n... not
understanding power is really a risk thing...

* Now in part this is our fault!

Leadership Talk

Berry ?O!Is fants

What'’s the Issue?

* The perception is that ‘we’ isolate ourselves
within the work stream to provide routine
contributions to the project

— Power calculations
— Protocol verbiage
— SAP

— Programming

* And we speak a different language: ‘statistics’
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Leadership Talk

Berry Consultants

Language of Statistics

* We love it, we can talk for hours about the difference
between [X| 4 and [8]X]...

— Almost nobody cares

— It’s our science

All too often these discussions happen in our language,
we make them learn it (and they don’t know it)

— This is not leadership!

We have to speak their language; the disease, the
science, the drug, the team, the company

Leadership Talk Bory Constfonts

Consultant/Stats

* Very common that the question you are asked is not their real question!
— “What sample size do | need for this phase Il trial?”
— “How many doses should we have in this trial to understand the dose-
response?”
— “What is the penalty for taking an early look?”
* All these questions have huge “it depends” on them and part of it is they
are trying to speak our language
— Answer to all is “well, lets back up a bit... why are we doing this trial?”
— “What do we know?”
— “What are we trying to learn?”
— “What happens after this trial?”

Leadership Talk

Consultant/Stats

* We need to be the ones bridging the science gap
— not your teammates

* We chuckle at their not understanding us
— Powering at 80% for delta doesn’t mean you need to

see delta to win...

* This is our fault for making them bridge that gap
— we should be putting everything in their
language, their units, ... we do the translating!

Leadership Talk

Tools

Simulations

Modeling (dose-response, longitudinal,
hierarchical,...)

Borrowing data?

Adaptations: Sample size, futility, enrichment,
baskets, platforms, add arms, subtract arms,
combine trials (seamless), combine goals

Graphics!
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Y
Berry Consuliants

Leadership
* What is my point?

Simulation allows us to speak the language of the
clinician, the trialist, the sponsor, etc, not just the
statistical language

Without simulation our tools have been limited, and
hence our role has been limited. With simulation our
answers are better and our role is expanded

Berry goﬂsHHun's

Examples

* Dose-Finding Trials; Select the right dose?
* Does RAR improve the chance we pick the right dose?

* What is the risk that our Bayesian borrowing for the control
arm gets the wrong answer?

* What go/no-go decision optimizes our drug development?

* What are the average number of subjects we treat above the
MTD using this CRM?

* In a basket trial does borrowing help or hurt our estimation?

* Does this design affect the speed to market of an effective
drug?

10

/
Berry Conslianis

Warning #1

Clinical Trial Simulation means different things to
different people and everyone will be skeptical of it.

Tweet

M stephen John Senn

Simulation is a means of verifying the wrong conclusions your
incorrect model led you to by carrying out integration with the help
of random numbers.

Berry ?ons‘u\!ums

Madden NFL 25 Simulations: Who will win itall?

We are inundated with “simulations” being used as predictions

2

11

12
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J

Role of Simulations Bory Consins

* This is common for PK/PD scientists — predict what will
happen in humans

* This is not how simulations are used in creating in silico
designs

*The “simulation evaluation” is nothing more than
numerical integration

* Calculating operating characteristics exactly

Warning #2

Less useful as a final task

Berry goﬂsHHun's

13 14
Warning #3 B Gpsilont Design Process Bery Consians
This is not meta-analysis: preplanning what you are e R
going to simulate is limiting and defeats the purpose o i> Simulations i>
<: = ‘
15 16
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Berry Consuliants

Final Design Presentation

Final Sim Results

To Regulatory

protocol Adaptive Design
Report

7

* Interesting time point in “history” of FACTS...
* ~2006 we were all in a room deciding...

Is the best software tool a collection of named designs
(aircraft carrier) or a collection of choices to be crossed
and explored?

FACTS For conton

17 18
Example This Month hory ersfon Example This Month Sy ot
Seamless Phase"’:}:ESiﬁ:M M%m Predictive P'““‘:T"'i_m b_%n « A phase Il trail, Two active arms vs. PBO; 1:1:1
S = —— - « Slow enrollment ~50 per arm
* 4-week endpoint
* Should we explore arm-dropping? Futility Stopping?
Flexible sample size?
e * “No, the trial is 80% powered so we cant make good decisions
2, 2, 3 = umu?g % % og0 before that time point.”
* These types of decisions are being made non quantitatively by
Progressed to 5-look design, effect of 2:1 on timing, non-quantitative people... )
Change randomization during? « Simulations can provide invaluable uses, very quickly...
)
19 20
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Part 1: n=800 Decision

—
=

Part 1 Part 2
Burn-in Adaptive
PBO
Arm 1
Arm 2
Arm 3
Arm 4
200 800

* Go to Part 2 if (h=800)

1800

— Predictive probability of superiority @ 1800 with
most likely maximum dose = 25%

— If not stop the trial

21

22

Primaey Endpoim Put 1 ity =091

i

PrmryEndpoit Pat 1 Futity =005

23

24
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Prmary Endpoit Pt ity =01

25

05 Prmary Endpot, et Pty =0

28

27
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(Pt Ak =006 rmary Endpoln, Neton Futity =03

(a1 Al =105 Prinary Endpol, Mot Py =035

29

30

(Prt 1 Rk =005 rmary Endpoln, Neton ity =04

(Fart 1 Al =005 Prinry Endpol, M=t Py =045

31

32
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(Pt Ak =006 rmary Endpoln, Neton ity =05

33

34

Warnings of Simulations in
Consulting
* Simulations are distrusted until the team sees how
you use them — and then they’re loved
* The presentation of the results are very important ...

/
Berry Conslianis

* Example trials are critically important

* Algorithms, predictive probabilities, etc are black
boxes...

* Show real data -> Conclusions;

35
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Borry Consuitants

Example: Diabetes II/11l seamless

7 dose + PBO + Active Control

Interims every 2 weeks
RAR based on 4 endpoints
* HbAlc, Weight Loss, DBP, HR with utility function
200-400 make decision:
* Go to Phase Ill (pick 1 or 2 doses); open more phase Ill
« Stop futility
Phase Il part powered by phase Il

Entirely prospectively planned
+ Algorithms, Rules, Decisions, Analyses

Futility
Go Part2
Forced @ 400
Burn-in RAR Fixed Randomization
200 400 Adaptive N
Constraints
Borry Contitants

1

2

Borry Consuitants

Burn-In RAR Fixed Randomization

Compares
Active vs.

Control(s)
Both stages

Einal Analvsis:

* Bayesian repeated measures & dose-response models
for four endpoints

« Single utility function connecting 4 endpoints on one
scale

* Predictive probability of statistical success

Burn-in RAR Fixed Randomization

200 400 Adaptive N
N Constraints

Borry Consitants

3

4
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Borry Consuitants

Utility of Drug?

Utility for HbA1c Utility for Weight

Dubglutide minus Stagiptin ) Dulaglutide minus Placebo ()
at 12 manthe at6 monthe.

Utility for Diastolic

Utility for Pulse Rate Blond Pressure

Dulaglutile minus Placebo Bpm) Dulaglutide minus Placebo (mmHg)
at6 monthe. 216 monthe.

Borry Conaitants

Development

* Built “exact” trial in software (in silico)
* Accrual Rate
« Missing Data (function of outcome)
« Same primary analysis, models, utility functions, dose
selection, cut-offs, data delay,...
* Wide range of “truth scenarios”

* Maximized design through simulations
* Over 300 scenarios in the null

* Interesting was that the LOCF ANCOVA had inflated type |
errors — as large as 6-8% (aim 2.5%)

5

6

Borry Consuitants

Diabetes II/11l seamless

« Trial ran (for 3,467,321 time!)

« Shifted at 200 -- very successful!
* Ran exactly as planned, spawned other phase Ill

Journsl of Disbetes Science and Technology
Volume & fsue §, November 212
© Disbees Tchnology Sockty

Application of Adaptive Design Methodology in Development
of a Long acting Glucagon-like Peptide-1 Analog (Dulaglutide):
Statistical Design and Simulations

Zachary Skrivanek, Ph.D," Scott Berry, Ph? Don Berry, Ph.D. Jenny Chien, Ph.D."
Mary Jane Geiger, M.D, PhD,! James H. Anderson, Jr, MD.* and Brenda Gaydos, Ph.D*

Borry Consitants

Fiel‘ceBIOteCh NEWS TOPICS ANALYSIS FEATUR

BIOTECH INDUSTRY'S DAILY MONITOR

UPDATED: FDA hands Eli Lilly a big win, OKs
dulaglutide for diabetes

September 18, 2014 | By John Carroll

SHARE  An embattled Eli Lilly (SLLY) won a major battle today,

gaining the FDA's approval to market dulaglutide for
email Type 2 diabetes. It will be sold as Trulicity.

With Novo Nordisk (SNVO) already digging in to defend
its position around Victoza, the once-weekly treatment

has been widely billed as a likely blockbuster. The Phase
11l program has long represented Eli Lily's best shotat . puoyoo o

64

W Tweet

Peak sales projections for dulaglutide are all over the map. Cowen has pegged
the potential at $700 million, with Bernstein's Tim Anderson now projecting $1.3
billion in 2020. That's not enough to make up for the patent losses, but it would
go a long way to providing some credibility for an R&D group that is drawing an
increasing amount of critical scrutiny.

7

8
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Borry Consuitants

FierceBiotech

THE BIOTECH INDUSTRY'S DALY MONITOR

UPDATED: FDA hands Eli Lilly a big win, OKs
dulaglutide for diabetes

September 18, 2014 | By John Carroll
SHARE  An embattied Eli Lily (SLLY) won a major battle today,
shagOn Lo ackor diiagluside to

“Projecting $1.3 billion in 2020”

fith Novo Nordisk (SNVO) already digging in to defend

64 its position around Victoza, the once-weekly treatment
W weet | [has been widely billed as a likely blockbuster. The Phase {

1l program has long represented Eli Lill’s best Shotat ;0 ryorroq pre

eak sales projections for dulaglutide are all over the map. Cowen has pegged
the potential at $700 million, with Bernstein's Tim Anderson now projecting $1.3
billion in 2020. That's not enough to make up for the patent losses, but it woull
go a long way to providing some credibility for an R&D group that is drawing a

nt

increasing amount of critical scrutiny.

9
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Borry Consuitants

ICECAP Example

Part of the ADAPT-IT (U01-NS073476) grant
Funded by NIH & FDA

— Get interaction with FDA on designs

Bring adaptive exploration to 5 trials (NETT Trials)
Study the barriers to adoption

— Mixed methods assessment of the process and barriers

— We are being studied

Borry Consuitants

ICECAP

* |CECAP — Hypothermia after post cardiac arrest coma

— Background
* Two small surface cooling trials demonstrated efficacy (different durations and
endovascular cooling more frequently used)
* Medically accepted that this works
* No FDA approval
— Goals
* To identify optimum cooling duration
* Gain additional insight into efficacy (functional form of duration response model)
* What types of strokes vs. duration
— Fixed Design:
* 300? On 12, 24, 48 hours cooling

Example Outcome of Fixed

Borry Consuitants

Fixed Trial
g =« Ildealized
Outcome?
s
s ®  « AnswerAll
gl . ! o5 your
2 : " g 3 Questions?
3 2
5% =g +Do
anything
g ~ differently?
o o

6 12 18 24 30 36 42 48 60 72

Borry Consuitants

Initial skeleton

Start with 12, 24, 48-hour durations (say 50/arm)

Then analyze data and randomize to the best
duration

— Allow randomization to a much wider grid:
— 6,12, 18, 24, 30, 36, 42, 48, 60, 72, 84, 96
Continue updating, say every 50 patients

Continue to end of trial
— Early stopping?
— Endpoint 0,1,2 on mRs
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Borry Consuitants

The Adaptive Algorithm

Allocate 50 to 12, 24, 48 hr durations |

Analyze
Available Data

Stop when
reach 1200
No

Revise Allocation

Find Target Dose
&
Determine if

Rules
per Adaptive Algorithm

True Pr(S) For Scenario #9

070

True Pr(Response)
050 060

Duration

Mean Sample Size per Duration

Mean Sample Size
200

Borry Consuitants

Cooling works Duration
5 6
_ True Pr(S) For Scenario #9 Borry Consints Look #1 . Berry Consuitants,
T e J R — * ° Example Trial: e
g S / 87 [~ Ob d Dat:
5 - =] [~ _— Observed Data
] o |__— Model Fit
[ B I
z X //_/ §7 75 /.+/ 2SD
é‘ gle=" ‘ #
20 a0 60 80 ) /8
Duration 581 N g3
» © K N b2
Q / o —e o 4 o
s / 2>
Pr(ED95) Per Duration E o . =
S A 8
. - - % <3
g : £
s = LR
g 3 { ; s
a . e
3 .
» - o - ol m m m o .
. 6 12 18 24 30 36 42 48 60 72 84 96
Duration
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Sample Size

400

800 1000

600

200

Look #1

R ) Y () I,

6 12 18 24 30 36 42 48 60 72 84 96

0.40 0.60

T
0.20

Probability of Success

Next Blocked
Randomization

Borry Consuitants

Sample Size

400 600 800 1000
| \ )

200

N o Sy S,

Look #2

12

. - Lo

18 24 30 36 42 48 60 72 84 96

Probability of Success

Borry Consuitants

10

Look #3

800 1000
L )
/

600

Sample Size
.

6 12 18 24 30 3 42 48 60 72 84 %6

Probability of Success

Borry Consuitants

Sample Size

400

800 1000

600

Look #4

1

T
0.80

ity of Success

18 24 30 36 42 48 60 72 84 9

11

12
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Sample Size

600

400

200

Look #5 Borry Consuitants

N
Probability of Success

6 12 18 24 30 36 42 48 60 72 84 96

1000

600 800
M

Sample Size

Lok #5

6 12 18 20 2 3% &2 M @ T2 M9

Borry Consuitants

Issues?

Unrealistic DR-curve

Probability of Success

13

14

Sample Size

Borry Consuitants

Look #5

Unrealistic DR-curve

Escalates too quickly

61218 2 0 % 2w e oM %

Sample Size

Lok #5

612 18 20 2 3% &2 4 @ T2 6 %

Borry Consuitants,

Issues?

- Unrealistic DR-curve
Escalates too quickly

De-escalates too easily

15

16



9/30/20

The Adaptive Design

Borry Consuitants

Allocate 50 to 12, 24, 48 hr durations |

Borry Consuitants

Statistical Modeling

‘The Right Duration-Response S

* The biology s tha certain shapes are “not

believable”

* The model <?\
Longitudinal Modeling .Y

* Observe 30-day mRs to 90-day transitions

ConingTime > |

* Model with Dirichlet

S eooung
reach 1200 2 )
. Purarion-R:sWnse Mod:l?“‘\ - -
Find Target Dose
&
Determine if
Cooling works
17 18
Weighted Analysis = Weight Selection =
+ Assign a weight to each outcome Approach |0 |1 |23 | 4 s |6
Dichotomous 1 1 1 0 0 (1] (1]
Equal 6 5 4 3 2 1 0
w(O),w(l),(Z),...,w(6) ICECAP 10 9 8 6 0 o0 o0
 Evaluate the “Average Weight” as the quantity of interest for a J
treatment 1 1 )
|
6 2 6
0,= Y pa(4)*w(J)
=0
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Look #1

Prob. Better than
smaller duration
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True weignt

45 55 es

Mean Sample Sze

True Weight For Scenario Null

‘True Weight For Scenario Null

True Weignt
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Duration
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Pritarget)

» % w0 w0
Duration

Pr(Target) Per Duration

Duration

Duration

Borry Consuitants

Role Simulations

Incredible Learning Tool

— Team, Regulators, Funders, DSMB, Operations

Changed Models
Changed measures of success

Endpoint (dichotomous) wasn’t correct

— Weighted one

Needed both rhythm types (shockable and non-

shockable)

— Possibly different duration, relative efficacy
All recognized through flight simulator

— Single example trials critical

Borry Consuitants
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SampleSize

Operating Characteristics
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DAWN

* Endovascular Thrombectomy for ischemic stroke (approved < 8

hours)
* New trial enrolling 6-24 hours since last seen well
* “Clinical Mismatch”

Borry Consuitants

DAWN

Worse Outcome

A
Potential Enrichment

30 40 50

Size of Infarcted Area (mL)

Borry Conatitants

1 2
Endpoint Design
* 90-day mRs )
« Primary Analysis: * Interims at 150, 200, 250, 300, 350, 400, ... max of 500
— Weighted utility score: e At 150, ..., 400 can “enrich” to smaller entry criterion
* Could Stop for Expected Success (at 200+ interims)
Weight 10 91 76 65 33 0 0 « Could Stop for Futility
* Trial a success if Pr(Wp > W) > 0.986*
— My be adjusted if enrichment occurs*
3 4
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Enrich?

« If predictive probability of success by enriching increases by
10%+ then we enrich
— Can be multiple steps

* If the posterior probability of benefit in ‘last 5 tail’ is less then
40% then drop the last 5 (enrich)

« If enrich we restrict the population for the final analysis as well

Borry Consuitants

Borry Conatitants

Adaptive Design Model

30 35 40 5 50
[¥,]~N(ay+6,.0%)
[ay ]~ NDLM?(0,22)

[6,]~NDLM*(0.7%)

JSM 2014 3

5 6
Final Analysis Model Modeling: Example Trial; n=300
Bayesian Models for outcomes as a function of infarct size,
* NDLM Model for mean Control results
_:I:I:| * NDLM for difference from control for device intervention
30 35 40 45 50 o[ oma o ey o o T
s - AN - WA Y
[YX]~N(aX+9,O ) | e et ¢
R T = ¢ .
- o 0.) ’
[6]~n(0.100%)
A JsM 2014 s o 8
7 8
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“Stopping”

« Futility: Stop the trial for futility if the predictive probability of
success by the cap is < 0.10 (including for any enrichment)

* Expected Success: If the predictive probability for the currently
enrolled patients is > 0.99 then stop enroliment and follow all
through primary endpoint
— Must enroll at least +100 beyond enrichment

Critical Value Adjustment

The critical value of 0.986 is used unless there is
enrichment

If we enrich, restrict the primary on only
remaining group (discard some randomized)
Boost CV:

]

©(0.986) 1+M)
+ er('w

keep

* E.g. Ndrop=50; Nkeep=300; Npew=100; cv=0.9906

9 10

Simulation Constructed

« Trial fully and extensively simulated
* Modeling decisions, robustness, and cut-off optimization

« Control of type | error by simulation
— Early stopping
— Enrichment adjustment

=
Barry Consuitants 1

Borry Consitants

DAWN Actual Result

* At the 150-interim there was no enrichment
— no futility
— No expected success possible

* At 200-interim PP > 0.9999; no enrichment; stop for expected
success!

* Followed for 90 days; success at full data primary analysis

11
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The NEW ENGLAND JOURNAL of MEDICINE

“ ORIGINAL ARTICLE ”

Thrombectomy 6 to 24 Hours after Stroke
with a Mismatch between Deficit and Infarct
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DAWN

Score on the Modified Rankin Scale
0o 01 M2 W3 W4 MSor6

A Intention-to-Treat Population

Thrombectomy
(N=107)

16 34 36

Percent of Patients
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RESULTS

A total of 206 patients were enrolled; 107 were assigned to the thrombectomy group
and 99 to the control group. At 31 months, enrollment in the trial was stopped because
of the results of a prespecified interim analysis. The mean score on the utility-weight-
ed modified Rankin scale at 90 days was 5.5 in the thrombectomy group as compared
with 3.4 in the control group (adjusted difference [Bayesian analysis], 2.0 points; 95%
credible interval, 1.1 to 3.0; posterior probability of superiority, >0.999), and the rate
of functional independence at 90 days was 49% in the thrombectomy group as com-
pared with 13% in the control group (adjusted difference, 33 percentage points; 95%
credible interval, 24 to 44; posterior probability of superiority, >0.999). The rate of
symptomatic intracranial hemorrhage did not differ significantly between the two
groups (6% in the thrombectomy group and 3% in the control group, P=0.50), nor did
90-day mortality (19% and 18%, respectively; P=1.00).

Table 2. Efficacy Outcomes.*
Adjusted

ce
(95% Credible _ Probability
Interval);  of Superiority

Thrombectomy  Control  Absolute
Group Group  Difference

Outcome (N=107) (N=99)  @s%Cli

Primary end points

Score on utilty weighted modified Rankin scale at 90 days§  5.5438 34831 21(231) 201130 5099

Functional independence at 90 days — no. (%) 5249) 1By @47 BE4 5099

Summary

Complex enrichment design — results was very
strong and no enrichment occurred
— Did the right thing!

Could have run trial in only smaller group and
left ‘uncertainty’ in where effect

Sample size flexibility allowed success at 40%
of maximum

Designed and optimized by simulation
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