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« Theissue
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 Concluding remarks
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Progression Free Survival (PFS)
Overall Survival (OS)

« “Approximate quotes” below:

 We should power the trial for PFS, because we
cannot realistically expect to prove difference in
OS. ... The trial size would be too big.

« We now have several active follow-up treatments
that will make interpretation of the OS data
difficult.

« The sponsor can design the trial on PFS but
should ensure sufficient power to detect OS
effects.
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The iIssue

« Broad: the influence of later lines of treatment
on the OS comparison

 Narrow: one-way partial crossover at time of PD,
from control arm to (class of) experimental drug

 Narrow is the subject of the following work
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A famous example

Figure 1. TIVO-1: Phase lll superiority study of tivozanib vs
sorafenib as first-line targeted therapy for mRCC.

Key Eligibility Criteria:

e Advanced RCC

* Clear cell histology

* Measurable disease

® Prior nephrectomy

® O-1 prior therapy for mRCC

* No prior VEGF or mTOR therapy

Tivozanib 1.5 mg/day PO,
3 weeks on/1 week off

(h=240)

Sorafenib 400 mg PO bid,
continuous

(h=257)

mMN=-<S00Z> =

* ECOG PS 0-1

Progression
Stratification Factors:

® Geographic region Option to crossover to
® Prior treatments for mRCC tivozanib via

® Number of metastatic sites/organs separate protocol




PFS HR = 0.80; 95% CI (0.64;0.99) P=0.042,
but ...

Figure 2. Protocol-specified, final OS analysis.
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Figure 4. Next-line therapies.

Randomized to tivozanib arm (n=260)

Discontinued
Still on iniﬁu;l-g;mw
randomized (n=189)

tfreatment

Randomized to sorafenib arm (n=257)

Discontinued
Still on i"iﬁu;g;mw
randomized (n=226)

treatment

°Other includes radiotherapy, cylokine, or other therapy.
Due to rounding, total does not equal 100%.

W VEGF [n=18)
M mTOR [n=16)

No therapy (n=121)
B Other* (n=34)

W VEGF [n=158)
B mTOR [n=4)
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Figure 5. Next-line therapies in North America/Western Europe.

Randomized to tivozanib arm (n=22)

B VEGF (n=5)

- B mTOR [n=2)
5h!| on Discontinued No therapy [n=2|
randomized initial W Other* (n=6)

treatment therapy
68%

(n=15)

Randomized to sorafenib arm (n=18)

B VEGF [n=11]
B mTOR [n=3)
Still on No therapy (n=3)

randomized M Other* (n=0)
treatment W

10 of 11 patients
received tivozanib

°Other includes radiotherapy, cylokine, or other therapy.
Due to rounding, total does not equal 100%.




Figure 3. OS in patients from North America/Western Europe.
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Elective cross-over at PD

« Some patients on the control arm get treated
with the experimental drug (or other drugs from
the same novel class) at the time of progression

* Most often this is explicitly made possible in the
protocol

 But ... the situation may be unavoidable,
because of a class existing on the market

= Question is whether this last situation needs
correction
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A paradox

« We undertake a trial to establish the potential
value of a treatment (in comparative fashion).

 We design the trial so that we make it harder to
prove, on the grounds that everybody (on the
trial) needs to have access to the new treatment.

 The net result may be that only the participants
on the trial get access to it.

e Question: who is “we”
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Some simulation work

 Purpose: compare and qualify methods used to
answer the counterfactual question: “What
would the OS effect have been in absence of

cross-over ?”
« AKA: putting the toothpaste back in the tube

g’ F O RTC _@ /44/%_/@ 7/ concer /%f/%



Simulations: framework

« Itis amissing data problem:
We will never observe the outcome of interest:
OS In absence of crossover

 Popular presumption:

due to the crossover, the treatment effect observed on OS
in the trial is much smaller compared to the “true”
unobserved treatment effect (in absence of crossover)

Especially when a strong DFS benefit did not result in a OS
benefit, crossover is “scapegoated”.

And a variety of sensitivity analyses are reported.
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Simulations: Goal

By means of the observed trial data and simulation of
unknown parameters we try to gain insight in the following:

* Is it realistic to assume that the lack of OS effect in the ITT
analysis is completely due to the crossover?

What if the next-line standard therapy is more effective in the

control arm?
(e.g. due to resistance mechanisms triggered by the experimental treatment)

« What can we expect from popular sensitivity analyses.
How do they behave under various (untestable) assumptions.
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Methods: ITT (as Is)

Control arm
Alive
Pt 1
Crossover
PD Death
Pt 2 =
PD Death
Pt 3 i >
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Methods: censor at crossover

Control arm
Alive
Pt 1
Crossover
PD
Pt 2 :
PD Death
Pt 3 i >
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Methods: exclude

Control arm
Alive
Pt 1
Pt 2
PD Death
Pt 3 i >
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Methods: time dependent covariate

Control arm
Alive
Pt 1
Crossover
PD Death
Pt 2 >
PD Death
Pt 3 i >

Red = experimental arm
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Methods: IPW

Control arm
Alive
Pt 1 °
Crossover

PD

Pt 2 b
PD Death

Pt 3 i 3

We attribute more weight to similar patients who did not cross.

this is schematic!
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Simulations: some terminology

* Next-line =the therapy given at PD

* Next-line standard therapy=the current standard
therapy(s) for patients who have PD.
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Simulations: schematic model

| PD
| death

No Crossover

Time on Study

Patients who don't progress

“Bad” prognosis

Control i
Patients who progress
darm

“Good"” prognosis

Patients who don’t progress
Experimenta
arrF:tE
Patients who progress
“Good" prognosis

This is a simplified schematic presentation!
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Simulations: schematic model

| PD
| death
“Bad” prognosis

Control - “Bad" pmgnmm{rossouer

Patients who progress
arm Prog

Crossover

Time on Study

Patients who don't progress

“Good” prognosis crossover

Patients who don't progress
Experimental
; _ S
arm .

Patients who progress
“Good"” prognosis

This is a simplified schematic presentation!
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Simulations: setting & parameters

« All simulation parameters can be classified in 3 types:
= Some are known (observed in the trial) and can be fixed.
= QOthers can be given a reasonable estimate

= QOthers are unknown: these are important investigational
parameters

« All these parameters nees to be provided in an R function.

This function then performs a customized, automated
simulation study
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Simulations: observed parameters

— ——

T3

Control - T “Bad” prognosis crossover I

Pgtients who pngrE55> 70 = -
arm 4& "Good" prognosis I

“Bad" prognosis I

“Good" prognosis crossover

Patients who don't progress

e <> $ ~"Bad” prognosis >

arm .
Patients who progress
$ "Good” prognosis

Number of patients
OS analysis timing (in terms of number of events) design related

Accrual period duration

Treatment effect on PFS exp. vs control (Hazard Ratio)
X year PFS rate, control arm

X year post PD OS rate, experimental arm

% crossover at PD (in control arm)
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Simulations: estimable parameters

Patients who don’t progress

“Bad” prognosis
s >

Control . “Bad"” prognosis crossover
Patients who progress prog

arm “Good"” prognosis e

“Good” prognosis crossover

Patients who don’t progress

Experimentales

il Bad” prognosis

Patients who progress

“Good” prognosis

- Exp. vs. standard therapy as next-line in control arm (Hazard ratio)
We assume this is the same for “bad” and “good” prognosis patients

“Crossover effect”
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Simulations: unknown parameters

o Patients who don't progress

“Bad" prognosis >I

Control . “Bad” prognosis crodsover
Patients who progress proe

arm “Good” progn

“Good” prognosis crossover

Patients who don’t progress

Experimentales — - >
S Bad"” prognosis

Patients who progress

“Good” prognosis

prognostic effect on OS post PD, “good” vs. “bad” prognosis patients (Hazard ratio)
Relative risk for crossover “good” vs. “bad” prognosis patients (RR=2 on this slide)
Relative amount of “good” vs. “bad” prognosis patients

Next line standard therapy effect on OS, exp. vs control (Hazard Ratio)

a’ FORTC 7 it of concer I%f/%



Simulations: unknown parameters
— L. ratientswhodon'tprogress 1

“Bad" prognosis

Control -
arm

Patients who progress

“Good" prognosis

Patients who don't progress

Experimentales

e Bad"” prognosis I

Patients who progress

“Good"” prognosis |

This slide: next-line standard therapy is less effective in exp. (vs. control)
(HR > 1)

Previous slide: next-line standard therapy is equally effective in exp (vs. control)
(HR=1)
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Simulations: Analysis methods:
how are they affected by the unknown parameters?

ITT | Sensitivity True
Unknown parameter analyses | (nocross)

(cens., IPW,...)

Next-line standard therapy effect X X X “overlooked”
(exp. vs control)

Exp. vs. standard therapy as next-

line in control arm X ) & “scapegoated”
(“crossover effect”)

Relative risk for crossover X
(“good” vs “bad prognosis”) “Can of worms”
Strength of prognostic effect on OS X How selective
(“good” vs “bad prognosis”) the crossover is
Relative amount of “good” vs “bad X and in what
prognosis” patients direction

* Only for the method: treatment as a time dependent
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Simulations: Example 1 (multiple settings)

 Treatment effect on PFS (exp.vs control) : HR=0.7

Next line standard therapy effect on OS (exp. vs control): HR=1
(next-line standard therapy equally effective in control and experimental)

50% crossover at progression

» | “crossover effect” (exp. vs. standard therapy as next-line):
HR =0.6,0.8, 1, 1.25, 1.67

» | Relative risk of crossover at PD (“good” vs “bad” prognosis): RR=4
RR =0.167,0.25,1, 4, 6

» | Strength of prognostic effect on OS (“good” vs “bad” prognosis):
HR =0.10, 0.3, 0.5, 0.7

« Other parameters: chosen to mimic an adjuvant setting in
advanced breast cancer.
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Simulations: Example 1 (multiple settings)

Note that for this simulation study with multiple settings:
we fix the next line standard therapy effect on OS (HR=1).

This parameter is also unknown, but has nothing to do with
crossover.

However, it affects the true OS effect (also in absence of crossover)
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Simulations: Example 1, multiple settings

© _ _
- — good prognosis more likely to crossover
G - — — bad prognosis more likely to crossover
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Simulations: Example 1, 1 setting

g
N g i O
- T ' O
8 | 8 o

o & | § BB ﬁ; Control better
o - | =6 ' | ﬁ_ .
= | . o Experimental better
o ! i
- , : 8 True OS HR
E 03 ] 5 e e e Bl | | | : ——————————————
N © , ! | No crossover
T e pupupnys i JEp — e

© e e B i PFS HR

S~ -

]

=]

I I I I I I I I I
True ITT Cens.  Excl. Time |IPW IPW-  IPW+  IPWr
dependent
covariate

-
ESEORTC 7 fute of concer terspy




Current learning from simulation(s)

« Excluding patients, censoring at crossover, time dependent arm
are bad methods for the counterfactual question

= How bad they are depends on the settings
= ... we tried lots of settings, quite broadly

= Note that even when the crossover is not selective (black lines),
these analyses are biased:

these methods exclude/censor patients that had a PD (=selective)
 Infact ITT performs fairly well

* |IPW with full information works very well ... but we are extremely
unlikely to have the full information

If “good” prognosis patients are more likely to crossover, IPW is
biased in favor of experimental.

Bad IPW attempts are “rewarded” with a bigger bias in favor of
experimental
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Current learning from simulation(s)

« Under the assumption that “good” prognosis patients are more
likely to crossover and that crossover patients benefit from
experimental (experimental better than standard as next-line):

A window between ITT and IPW gives a broad indication of
where the true value is likely to be

This holds regardless of whether next line standard therapy is
less or more effective in the experimental vs. control arm.
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Simulations: Example 2, Tivo-1

Observed trial results:

 Treatment PFS comparison (ITT): HR=0.797

 Treatment OS comparison (ITT): HR=1.245
(OS better in control arm)

70% of patients with PD in control arm, crossed over to
experimental treatment

To which extend can the observed OS effect (ITT) be
explained by crossover?
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Simulations: Example 2, Tivo-1 ITT

Assuming next-line standard therapy equally effective in control and exp.
Exploring the “crossover effect”

Influence of crossover on ITT OS analyses
Next-line therapy effect on OS HR=1

observed OS HR

%
O
9
®
o
=
@
o
I

True OS HR
no crossover

observed PFS HR

Crossover treatment effect on OS (Hazard ratio)
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Simulations: Example 2, Tivo-1 ITT

Assuming crossover treatment effect hazard ratio=0.6
Exploring next-line standard therapy efficacy

Influence of crossover & next-line therapy on ITT OS analyse
Crossover treatment effect on OS HR=0.6

© —T
-

=
-

- = observed OS HR

True OS HR
no Crossover

observed PFS HR
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Next-line therapy effect on OS (Hazard ratio)
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Simulations: Example 2, Tivo-1 ITT

« Based on the available Tivo-1 study data we could not
simulate the observed OS effect when only exploring the
“crossover effect”

A combination of a “crossover effect” in the control arm
and reduced next-line therapy efficacy in the
experimental arm vs control yielded results similar to
what was observed.

* For the latter setting, the “true” simulated OS effect (in
absence of crossover) was: HR = 1.
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Some more comments

* When to address the issue?

o Afterwards:
= Far from evident
= Sensitivity analysis to ITT as per our simulations

= However: the follow-up treatment confounding
remains a valid question

« Upfront:
= Not allow crossover
= “Regulate” or address follow-up treatment

= See eg. AVEO: it was suboptimal to run the trial
mainly in eastern EU
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Conclusions

 To non-statisticians the issue seems to look ‘not
hard for stats’

« Create more awareness
e Socletal dimension to access to treatment
< > statistical / methodological demands

« As a statistician: be aware of the iIssue, from
design stage onwards
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