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Agenda

o Subgroups by post-randomization event - principal stratification

e Case study: CAR-T

e Backup: Industry working group Estimands in oncology

° Backup: Estimation of average causal effect

e Backup: Estimation of principal effects
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Subgroups by post-randomization event -
principal stratification
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“... The target population might be taken to be the "principal stratum” in which an
intercurrent event would occur. Alternatively, the target population might be taken to
be the principal stratum in which an intercurrent event would not occur. The clinical
question of interest relates to the treatment effect only within the principal stratum...”

ICH E9 working group (2019)
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Principal stratification:

@ Originates in causal inference: Frangakis and Rubin (2002).

@ Framework for comparing treatments adjusting for posttreatment variables.

@ Formulated within potential outcomes framework.

@ Yields principal effects which are causal effects within a principal stratum.

Introductory books causal inference: Imbens and Rubin (2015), Herndn and Robins (2020).
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First, let us summarize what does not work.

Kaspar Rufibach Principal stratification Subgroups by post-randomization event - principal stratification #8



2-arm RCT test (T) vs. control (C)

Do responders
have higher treatment effect?

“Subgroup” built by post-randomization event!
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How can we make valid causal statements?

Need “matched control patients’!
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For every complex problem, there is a solution
that is simple, neat, and wrong.

H.L. Mencken, American Journalist
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Naive analyses are misleading and
do not answer causal question

Principal stratification:
“subgroup analysis for post-baseline subgroups”

randomization + assumptions
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Are such questions relevant?

Kaspar Rufibach Principal stratification Subgroups by post-randomization event - principal stratification #19



TABLE 2

Example Scientific question

Multiple sclerosis Treatment effect on confirmed
disability progression in the
subpopulation of relapse-free
patients

Treatment effect in
early responders

Predict treatment effect on long-
term primary endpoint based
on early biomarker-type
readout

Antidrug antibodies
(ADA) for targeted
oncology drugs

Do patients that develop ADAs
on either arm still benefit from
the drug?

Impact of exposure on Do patients with insufficient
[ exposure have lower treatment

effect?

Prostate cancer
prevention

Assess effect of treatment to
prevent prostate cancer on
severity of prostate cancer
among those men who would
be diagnosed with prostate
cancer regardless of their
treatment assignment

Bornkamp et al. (2021).
CAR-T example - see later!

OS / PFS by response.
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Examples of principal stratum estimands discussed in this section

Primary endpoint  Intercurrent event Stratum of interest
Time to confirmed

disability progression

Post-randomization
relapse

Patients who would be
relapse-free under
both treatments

Time-to-event Biomarker value above or
below a pre-specified
threshold

Patients who would
respond early under
treatment vs. those
that would not

Time-to-event Development of antidrug
antibodies because of
receiving treatment

Patients who would be
ADA+ under
treatment

Time-to-event Patients with low vs.
non-low exposure
under treatment

Exposure below a pre-
specified threshold

Time-to-event Getting prostate cancer  Patients who get
pro:
irrespective of

treatment

ate cancer

Subgroups by post-randomization event - principal stratification

#20



Potential outcomes and principal stratification

1 test treatment

0 control treatment.
Y: outcome (binary, continuous, time-to-event).

Ideal world: treating physician decides on treatment based on outcome if given
@ control treatment: Y(Z = 0) = Y/(0),

@ test treatment, Y(Z =1) = Y(1).

Neither Y/(0) nor Y (1) known when assigning treatment!

Only one observed at all = individual causal effect Y (1) — Y/(0) not observed.
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What are causal effects?

Y (1);: potential outcome for patient i.
S: population of patients.

Causal treatment effect:
@ Comparison of {Y(1);,i € 8} vs. {Y(0);,i € S}.

@ Compare outcomes “had everyone received treatment” vs. outcomes “had

everyone received control”. Hypothetical scenario.

Overall population

z=1
Associan:/ &jusation

E(Y|z=1)  vs  E(Y|Z=0) E(V(1)) v E(Y(0)
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Naive analysis

Not a causal effect: comparison of {Y(1);,i € S1} vs. {Y(0);,i € S2} with &1 # S».

Naive analysis: Let S = indicator variable for intercurrent event, e.g. responder.

Compare patients with S = 1 on both test and control arm.
RCT: S(Z) post-randomization = S depends on Z!

We observe S(Z = 1) on test and S(Z = 0) on control = population of patients
with S(1) = 1 and S(0) = 1 might be quite different!

Breaks randomization =- not comparing “like with like” = not estimating causal
effect.

Numerically observe a treatment effect in naive analysis = not clear whether

o due to different treatments or
o due to difference in compared populations.

Estimates treatment effect in principal stratum {S(1) =1} N {S(0) =1}
assuming S(1) = S(0) = response not treatment related. Assumption quite
strong and rarely justified!
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Principal stratification

Idea: stratify patients based on potential outcomes S5(0), S(1) for all treatments.

S(0)=1 S(0) =0
1] {s@)=1}n{s(0) =1} | {5(1) =1} n{S(0) =0}
S5(1)=0 | {s(1)=0}n{S(0) =1} | {S(1) =0} n{S(0) =0}

Causal interpretation:
@ Stratify population according to the same rule on treatment and control arm.

@ Possible since membership to principal stratum fixed at baseline, not affected by

treatment assignment.

Caveat:

@ For patients on test arm we observe S(1), but not 5(0), and vice versa for

patients on control arm.

@ ldentification of patients in strata of interest generally not possible, not even
after observing Y and S in a given trial.
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Example: antidrug antibodies in immunotherapies

@ Biological drugs: may trigger immune responses = formation of antidrug

antibodies (ADAs).

@ Y: PFS or OS.

Scientific question: Do patients that develop ADAs still benefit from the drug?

@ S: occurrence of ADA at x weeks, say x = 4.

@ Depending on test and control treatment = ADA only in test arm.

S(0)=1 S(0) =0

{s@)=11n{s(0) =1} | {S@)=1}n{5(0) =0}

1
S(1)=0 | {S(1) =0} n{sS(0) =1} | {S(1) =0} N{S(0) =0}

ADA-+ under control ‘ ADA- under control

ADA+ under test

Stratum of interest

ADA- under test

Kaspar Rufibach Principal stratification
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Effect measures

Primary interest:

@ Compare Y(1) vs. Y(0) in stratum {S(1) = 1}.

@ Contrast this to results in {S(1) = 0}.

Effect measure:

@ (Hazard ratio not causally interpretable: Aalen et al. (2015).)

@ Base effect measure on survival functions:

Ui(t) == P(Y(1) >t|S(1)=1) and Up(t) := P(Y(0) > t|S(1) =1).

Examples:

@ Milestone difference at t* > :

6(t*) = Ui(t") — Up(t™).

@ Time-averaged version, i.e.

/Ot* 5(t)dt

Kaspar Rufibach Principal stratification

difference in RMST:

= Emin(Y(1), t*) — min(Y(0), t*)].
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Potential outcomes, estimands, and PS

All estimand strategies can be formulated using potential outcomes:
Lipkovich et al. (2020).

Additional complications: Y time-to-event = outcome event = competing risk for

intercurrent event. Naive analyses conditioning on observed intercurrent event:
@ Compares non-randomized populations.

@ Immortal bias: patients immortal until observation of S.
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Sensitivity analyses!

Assumptions for estimation (see backup) unverifiable:

@ “Across-world” = even with infinite number of observations we could not test
them.

@ Only verifiable if we could observe both, patient receives control in one world and

treatment in other.

scientific knowledge + sensitivity analyses
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Conclusions principal stratification

Conclusions:

Many relevant examples in drug development.

Scientific question typically not primary, but important to characterize treatment
effect in subgroups built by intercurrent events, such as ADA or CAR-T. Both
explicitly requested by HAs!

Naive analyses often standard: Unclear estimand = causal conclusion unclear.
Complex question = complex analysis needed.

Assumptions needed: scientific input + sensitivity analyses.
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MAIN PAPER

Principal stratum strategy: Potential role in drug

development
Bjorn Bornkamp' ® | Kaspar Rufibach®® | Jianchang Lin® | YiLiu* |
Devan V. Mehrotra®© | Satrajit Roychoudhury®® | Heinz Schmidli® |

Yue Shentu” | Marcel Wolbers?

Bornkamp et al. (2021)
Markdown:
https://oncoestimand.github.io/princ_
strat_drug_dev/princ_strat_example.html

BBS seminar:
http://bbs.ceb-institute.org/?p=1587
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https://oncoestimand.github.io/princ_strat_drug_dev/princ_strat_example.html
https://oncoestimand.github.io/princ_strat_drug_dev/princ_strat_example.html
http://bbs.ceb-institute.org/?p=1587

Effective statistician podcast,
Bjorn Bornkamp and Kaspar Rufibach:

https://theeffectivestatistician.com/

a-deep-dive-into-principal-stratification-and-causal-inference
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https://theeffectivestatistician.com/a-deep-dive-into-principal-stratification-and-causal-inference
https://theeffectivestatistician.com/a-deep-dive-into-principal-stratification-and-causal-inference

aiXiv.org > stat > arXiv:2101.04263

(Submited on 12.Jan 2021)

Weighted Approach for Estimating Effects in Principal Strata with Missing Data for a Categorical Post-Baseline Variable in
Controlled Trials

Shengchun Kong, Dominik Heinzmann, Sabine Lauer, Tian Lu
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Kong et al. (2021)

Github repository: https://github.com/

openpharma/BBS-causality-training

Talk Dominik in BBS seminar:
http://bbs.ceb-institute.org/?p=1668
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https://github.com/openpharma/BBS-causality-training
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Design trumps analysis.

Don Rubin, American Statistician

Rubin (2008)
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Case study: CAR-T
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CAR-T example - acknowledgments

Based on example:
@ Presented by Aiesha Zia
@ at BBS Webinar RCTs meeting causal inference: principal stratum strategy

and beyond on September 7th, 2020.

@ http://bbs.ceb-institute.org/7p=1587
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RCT comparing two strategies

CAR-T Treatment Strategy

|

!

)
Randomization —l

Screening

« Different purpose
« Different duration

Control treatment
Follow-up for Safety and Efficacy

l—l

Optional bridging
chemotherapy

Control Treatment Strategy

Primary scientific question: OS comparison of entire sequence of interventions.

Case study: CAR-T
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FDA comment on the protocol

Subjects in the CAR-T arm may receive extensive bridging chemotherapy
while awaiting CAR-T manufacture, and some, especially those experiencing
extended delays in product manufacture, could achieve a CR/CRi [...] status
in response to aggressive bridging chemotherapy even before initiation of
CAR-T treatment. Since these responses cannot be directly attributed to
CAR-T treatment, the statistical assessment plan should prospectively create

rules for appropriately censoring CR [...] subjects.

FDA's interest: effect for patients who do not respond to bridging in CAR-T.
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Censoring?

FDA proposal for supplementary EFS analysis:
@ Censor patients who respond to bridging chemotherapy in CAR-T arm.

@ Censoring targets hypothetical scenario in which no patient would respond to
bridging chemotherapy in CAR-T arm.

@ Is this estimand relevant for patients, physicians, and regulators?
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Getting the question right!

Analysis requested by FDA does not address relevant question of interest.

Sponsor: suggested principal stratum estimand would address FDA's actual question
of interest.

Estimand:
@ Treatment: CAR-T relative to control treatment strategy.
@ Variable: EFS.
@ Intercurrent event: none left.

@ Summary measure: hazard ratio.

Population:

@ Principal stratification: Effect in patients who would not respond to bridging chemotherapy if they
were given bridging chemotherapy? Estimation: see backup.
@ Hypothetical: Effect if no patient would respond to bridging chemotherapy in CAR-T arm?

Estimation: through censoring.

FDA: agreed to use principal stratum estimand as supplementary instead of

hypothetical.
Kaspar Rufibach Principal stratification Case study: CAR-T
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Naive comparison

Naive comparison of observed non-responders:

@ Only valid if all patients in control arm share same EFS regardless of their
response to bridging chemotherapy if they were given bridging chemotherapy:
Y(Z = 0) and S(1) independent.

@ “Valid": unbiased estimate of causal treatment effect.
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Principal stratum estimand

Opportunities:

@ Discuss questions of interest and not censoring rules = improved Health
Authority interactions.

@ More meaningful and interpretable analyses.
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Kaspar Rufibach

If you do not know how to ask the
right question, you discover nothing.

W.E. Deming, American Statistician

Principal stratification Case study: CAR-T



Thank you for your attention.
kaspar.rufibach@roche.com
http://go.roche.com/dss-mco
http://www.kasparrufibach.ch

¥ numbersman77
© numbersman77
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Backup: Industry working group Estimands in
oncology
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Industry working group on estimands in oncology:
@ Founded February 2018.
@ Represents industry in Europe and US:

@ European special interest group “Estimands in oncology”, sponsored by PSI and EFSPI.

@ ASA scientific working group of ASA biopharmaceutical section.

@ 68 members (30 EU + 31 US + 7 Asia) representing 35 companies.

Regularly interacts with 8 health authorities.

@ Presentations, webinars, papers.

www.oncoestimand.org
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Papers

Published or accepted:

Lawrance et al. (2020): What is an estimand & how does it relate to quantifying
the effect of treatment on patient-reported quality of life outcomes in clinical

trials. link

Degtyarev et al. (2020): Assessing the impact of COVID-19 on the objective and
analysis of oncology clinical trials - application of the estimand framework. link

Casey et al. (2021): Estimand framework: Are we asking the right question? A
case study in the solid tumor setting. link

Sun et al. (2021): Estimands in Hematology Trials. link
Manitz et al. (2021): Estimands in clinical trials with treatment switching.

Bornkamp et al. (2021): Principal Stratum Strategy: Potential Role in Drug
Development. link (incl. markdown).

More papers under preparation.
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https://jpro.springeropen.com/track/pdf/10.1186/s41687-020-00218-5
https://doi.org/10.1080/19466315.2020.1785543
https://onlinelibrary.wiley.com/doi/10.1002/pst.2079
https://doi.org/10.1002/pst.2108
https://doi.org/10.1002/pst.2104

Current task forces

@ Clinical engagement.

@ Principal stratification and treatment switching.
@ Time to response and DOR.

@ Estimands and PRO.

@ Follow-up quantification.

e RWD.

@ Conditional vs. marginal.

@ Time to event endpoints with prognostic or predictive biomarker subgroups.
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o Backup: Estimation of average causal effect
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Backup: Estimation of average causal effect
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Estimation of average causal effect

Key assumptions:

@ Exchangeability: Counterfactual outcomes independent of treatment assignment
< Y(1) and Y/(0) independent of Z. Trivially fulfilled in RCT. Via propensity

scores otherwise.

@ Consistency: No multiple versions of treatment < individual’'s PO under
observed exposure IS her observed outcome <
E(Y(x)|Z=x)=E(Y|Z=x),x=0,1.

AN
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Estimation of average causal effect

Key assumptions:

@ Exchangeability: Counterfactual outcomes independent of treatment assignment
< Y(1) and Y(0) independent of Z. Trivially fulfilled in RCT. Via propensity

scores otherwise.

@ Consistency: No multiple versions of treatment < individual’'s PO under
observed exposure IS her observed outcome <
E(Y(x)|Z=x)=E(Y|Z=x),x=0,1.

Randomization

X (covariates) | ————> [ Y (outcome) |
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Estimation of average causal effect

Key assumptions:

@ Exchangeability: Counterfactual outcomes independent of treatment assignment
< Y(1) and Y(0) independent of Z. Trivially fulfilled in RCT. Via propensity
scores otherwise.

@ Consistency: No multiple versions of treatment < individual's PO under
observed exposure IS her observed outcome <
E(Y(x)|Z=x)=E(Y|Z=x),x=0,1.

E(Y() - Y(0) "ETE E(v() - E(Y(0))
exchanéeabi/ity

E(Y(1)|Z=1) - E(Y(0)|Z =0)
E(Y|Z=1)— E(Y|Z =0).

consistency

So - why do we randomize?
@ To balance covariates? NO!
@ Covariates do not appear at all in above computation!

@ Randomization generates equal distributions (in both groups) of potential

outcomes!
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For example, one would be extremely hard
pressed to find a statistics textbook,
even at the graduate level, containing a
mathematical proof that randomization indeed
produces unbiased estimates of the quantities
we wish estimated — i.e., efficacy of
treatments or policies.

Judea Pearl, American computer scientist
and philosopher

Pearl (2009)
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Estimation of average causal effect

Observational study:

@ Decision between Z =0 and Z = 1 might depend on X (measured or

unmeasured).

@ Y(1) and Y(0) not independent of Z = exchangeability violated
= E(Y(1)) # E(Y(1)|Z =1) and E(Y(0)) # E(Y(0)|Z =0).

@ Patients who receive Z = 1 (for whom we observe Y(1)) might be systematically
different from those who receive Z = 0 (for whom we observe Y(0)).

@ Patients receiving Z = 0 not representative of overall population.

linearity of E

E(Y(1) - Y(0) E(Y(1)) — E(Y(0))

excl ility

E(Y(1)|Z =1) — E(Y(0)|Z = 0)

consistency

E(Y|Z=1)— E(Y|Z =0).
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Agenda

e Backup: Estimation of principal effects
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Backup: Estimation of principal effects
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Assumptions

Randomization not enough to estimate principal effects.

ed assumptions.
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Estimation

SUTVA:
@ Underpins virtually all estimation methods.

@ No interference (treatment received by one individual does not affect PO of
other individuals) + no multiple versions of treatment.

@ |Infectious diseases: treatment may change depending on who else is vaccinated =- violation.

Monotonicity:
@ 5(1) > 5(0) = patients that are ADA+ on control would also be ADA+ on test.

@ Patient with S(0) = 1 observed = would know that S(1) = 1 = bottom-left

stratum in table empty.

@ Allows estimation of principal stratum prevalences.
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Estimation

Exclusion restriction:

@ Assume Y(0) = Y(1) (no treatment effect) for patients
{§(0) =0} N{S(1) =0} and {S(0) =1} N{S(1) =1}.

50)=1 S5(0)=0
S(1) =1 | no causal effectof Zon Y | {S(1) =1} n{S(0) =0}
5(1)=0 | {S(1)=0}Nn{S(0) =1} | no causal effect of Z on Y

@ Treatment assignment Z (randomization in RCT) exclusively affects outcome

through intercurrent event S.

@ Angrist et al. (1996), Joffe et al. (2007).
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Estimation

Joint models, Frangakis and Rubin (2002):

Model for outcome given PS membership: Y(0), Y (1)|S(1), S(0).
Model for PS membership 5(0), S(1).
Multiply likelihoods = joint model for Y and S.

Treat unobserved potential outcomes as missing data = integrate out to define
likelihood.

Can easily include covariates in either model.

Use (weakly informative) priors to govern “strength” of assumption, e.g.

monotonicity.

Application: Magnusson et al. (2019), Public Assessment Report of the European
Medicines Agency (EPAR):
European Medicines Agency, Committee for Medicinal Products for Human Use (2019).

Kaspar Rufibach Principal stratification Backup: Estimation of principal effects



Estimation approaches: principal ignorability

Principal ignorability (PI, or conditional independence):

Approach very similar to propensity scoring in observational studies.
Specify separate models for Y and S.
Conditional on baseline covariates X: Y(0) and S(1) independent.

X: all variables that confound Y'(0) and S(1) = once X are known, S(1)

provides no further information on Y'(0) (+ vice versa):

P(Y(0)IX;5(1)) = p(Y(0)IX).
Allows modeling of Y(0) and S(1) just based on X. Unobserved outcome not
needed in model.

Assumption is across worlds.
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Estimation approaches: principal ignorability

Estimand of interest:

P(Y(1) > t|S(1) =1) — P(Y(0) > t|S(1) = 1).
Estimation:
@ P(Y(1) > t|S(1) = 1): survival function in ADA+ in treatment arm.
@ P(Y(0) > t|S(1) = 1): tricky, because Y(0) and S(1) never jointly observed.

@ PI allows estimation of second quantity just based on X.

Randomization is key:
@ Ensures that relationship X — S same in both groups.

@ Allows prediction of PS membership in control group using model from treatment

group.
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Estimation under principal ignorability for ADA example

Estimate P(S(1) = 1|X) on treatment arm using logistic regression.

@ Use predicted probabilities as weights for patients in control arm = make

samples comparable.
@ Compute effect measure of interest.

Alternatives:

o Multiple imputation, i.e. impute S(1) for control patients. Properly
accounts for uncertainty in estimated weights!

o Plain regression adjustment.

o Matching.

@ See propensity score literature for assessment of methods, e.g. Austin (2011).

Kaspar Rufibach Principal stratification Backup: Estimation of principal effects #68



Estimation under principal ignorability for ADA example

Choice of X:
@ Adjust for all confounders that make Y(1) and S(0) (+ vice versa) independent.

@ Only adjust for X that confound Y and S across worlds: predictors of S and Y.
Similar to observational studies: X = predictors of treatment and outcome.

@ Do not include covariates that “only” help predict S but have no impact on Y.

@ Similar to considerations for observational studies.
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Doing now what patients need next

R version and packages used to generate these slides:

R version: R version 4.0.5 (2021-03-31)

Base packages: stats / graphics / grDevices / utils / datasets / methods / base
Other packages: prodlim

This document was generated on 2021-08-24 at 09:54:02.
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