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Historical perspective: from missing data to causal estimands

» Before National Research Council’s (NRC) report on treatment of missing data (< 2010)

— Discussions on likelihood based repeated measures (MMRM) vs. Last Observation Carried
Forward (LOCF) — not always clear why LOCF is biased, as the target was not explicitly defined

— Mechanism of missingness: MAR or MNAR?
— Sensitivity analyses for departures from MAR: selection model, identifying influential patients

 From NRC’s report to ICH E9 (R1): 2010-2017+

— Put estimands first, missing data comes second

— Distinguishing Study vs Treatment discontinuation: prevention of TD and encouraging data
collection post TD

— Sensitivity analysis: from Selection model to more interpretable Pattern-Mixture Models (PMM)
* Are we challenging MAR assumption for a primary estimand or propose a different estimand?

* |ICH E9 (R1) draft addendum (2017 to 2021)
— EMA Step 5, 17 Feb 2020; FDA Guidance, May 2021
— Strategies for defining causal estimands ...



https://www.ema.europa.eu/en/documents/scientific-guideline/ich-e9-r1-addendum-estimands-sensitivity-analysis-clinical-trials-guideline-statistical-principles_en.pdf
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/e9r1-statistical-principles-clinical-trials-addendum-estimands-and-sensitivity-analysis-clinical?utm_medium=email&utm_source=govdelivery

ICH E9 (R1) addendum

e Streamlines protocol development

— The central role of estimands and strategies for dealing with intercurrent
events (ICE)

— ICE are defined as events occurring after treatment initiation that affect
either interpretation or existence of the measurements associated with
clinical questions of interest

 Emphasis on causal estimands (although not mentioning “potential
outcomes”)

— Treatment effects are quantified by “how the outcome of treatment
compares to what would have happened to the same subjects under
different treatment conditions (e.g. had they not received the treatment or
had they received a different treatment).”



Estimand framework [ICH E9 (R1)]
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Strategies to handle ICEs

* Treatment policy

* Hypothetical
 Composite variable
 While on treatment (WOT)
* Principal stratum (PS)

ICEs, intercurrent events

ICH E9 (R1) provides a framework for defining
estimand

Key components to be considered

Treatment(s) of interest

Population of interest

Handling of relevant intercurrent events (ICEs)
Outcome variable (endpoint) at patient level
Population-level summary




Potential Outcomes (PO) framework

* Fortreatment a = {0,1} define random variables Y;(a) as potential
outcomes (PO) if treatment a is applied to patienti = 1,.., n regardless of
his/her actual treatment assignment, 4;

* In parallel randomized clinical trial, only one of the two potential outcomes
can be observed.

* POs are linked with observables via consistency assumption implied by a
more general SUTVA (Stable Unit Treatment Value Assumption)

Y =Y (0)(1 - 4;) +Y;(1) 4



Defining estimands in presence of ICE based on PO (Lipkovich et al., 2020)

* Y:outcome of interest

» S:stratum (subset) of the population

* A:treatment (0 = control; 1 = experimental treatment)

* Yi(a,b): the PO of Y for a patient i assigned to treatment a and actually taking b (a may be different from b)

* An example of causal estimand is the average treatment effect (ATE) if patients would adhere to their assigned
treatment (for a subset 5),

E[Y;(1,1) - Y;(0,0)|5]
(note, E{Y;(1,1)}/E{Y;(0,0)} is still causal!)
* An example of non-causal estimand is the TE in completers (§ = 1) on each respective arm
E[Y(1,1)|S(1) = 1] — E[Y(0,0)|S(0) = 1]
* For the whole population (all randomized patients), we may remove S
E[Y(1,1) —Y(0,0)]

PO, potential outcome



A broader perspective

* We defined Y (a, b) as a PO for assigned “a” and actual treatment “b”.

e The actual treatment can be considered a PO onits own, b = B(a),
perhaps depending on intermediate outcomes

* Note that by the composition assumption for mediators (VanderWeele and
Vansteelandt, 2009)

Y(a,B(a)) =Y(a)
* Therefore, Y(a) may conceal any change of treatment occurring in a

natural course of events following initial assignment, and if often left
unspecified

* This often causes confusion when stating treatment policy strategy (see
next)



Treatment policy (TP) strategy

e |CH E9 (R1) describes the TP strategy: “the occurrence of the
intercurrent event is considered irrelevant in defining the treatment
effect of interest: the value for the variable of interest is used
regardless of whether or not the intercurrent event occurs.”

* TP comes under different names and motivations
— Intent to treat (ITT) — emphasizing that tested is the very fact of initial
treatment assignment and ITT population

— Treatment regimen —emphasizing that tested is entire treatment strategy
that includes initial treatment and certain rules of treatment modification,

whether pre-specified (e.g rescue) or spontaneous
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Treatment policy (TP) strategy (cont.)

* |tis often argued that TP combines the best of two worlds: RCT (randomization) and Real
World (reflecting existing clinical practices, e.g. alternative/rescue medications)

* In fact, it may combine the worst of the two

— The visit schedules, inclusion criteria, allowed rescue medication use, etc. make a clinical trial
setting drastically different from those in real clinical practice making it hard to generalize

— lIgnoring changes of treatments makes it hard to attribute TP effect to any particular treatment

* To use TP strategy, it is recommended to clearly define the treatment regimen. For
example,

— The treatment of interest is the randomized study medication with any additional rescue
concomitant medications based on protocol-defined rescue criteria

* TP is often defined in statements that can mean different things for different readers:

— The goal is evaluating difference in ..... irrespective of/regardless of premature
discontinuation/change of treatment

11



Treatment policy strategy (cont.)

* Often TP is denoted simply as E{Y;(1) — Y;(0)}, implicitly assuming the composition assumption
* Letd; = {Ai,gi(Zi(Ai))} be the treatment regimen (policy) patient i takes

— g; maps intermediate outcomes Z; to a treatment regimen (i.e., stopping study meds when having AE)

— gi generally is not precisely defined in the protocol (certain things may be left to physician’s discretion)

* The estimand using treatment policy strategy is defined by

E {Yl- (1,gi(Zl-(1))) —Y, (0, gi(Zi(O)))} = g;() with subject subscript
* Estimand for dynamic treatment regimen (DTR) (Murphy et al., 2001; Moodie et al., 2007)

E{Y: (1,9(z:(1)) - v (0,9(2:(0)))} = () without subscript i

* The time-varying treatment regimen function g is defined clearly and in the same way for all patients

12



Composite strategies

* ICEs are used as part of the composite endpoint. It may be more
straightforward to define the composite endpoint explicitly.

* For example,
— In rheumatoid arthritis (RA), the binary variable of ACR20 is often used

— Composite strategy may treat a patient with an ICE of using rescue
medication as a non-responder

— It is more appropriate to define the endpoint as a composite endpoint
“achieving ACR20 at the end of study without using rescue medications”

13



Composite strategies: Binary outcome

 Assume a binary outcome Y
—Y =1 isclinical response, Y = 0 no response

— A = 1 discontinuation due to LoE

* Redefine potential outcome
v _ Yi(a),Ai(a) =0 _

Ocs = E[Y(l) - 7(0)]

LoE, lack of efficacy

Company Confidential ©2021 Eli Lilly and Company



Composite strategies: Continuous outcome

* For continuous outcomes, use of win ratio to incorporate the ICE in
the estimand

— Define the composite endpoint as (assuming for Y, the smaller the better)
~ Y;(a), A;i(a) =0
(@) = {oo( AT
— Win probability: m,, = Pr{¥;(1) < ¥;(0)}
— Lose probability: ; = Pr{¥;(1) > ¥;(0)}
— Win ratio =, /m; (estimand)
* We can introduce a hierarchy of ICEs

— This allows us to compare outcomes for any two subjects whether one is
preferrable to the other

a=20,1

Similar to Mann-Whitney test

Company Confidential ©2021 Eli Lilly and Company 15



Hypothetical strategies

e Because causal estimands should be defined in terms of
potential outcomes, most strategies for handling ICEs should
be “hypothetical”)

* We introduce 3 different hypothetical strategies
— Controlled direct hypothetical (CDH) strategy

— No treatment hypothetical (NTH) strategy
— Partial treatment hypothetical (PTH) strategy



Controlled direct hypothetical (CDH) strategy

LOE,

The PO of interest is the outcome if patients could complete the
treatment even in the presence of ICEs

The estimand is
dcon = E{Y;(1,1) — Y;(0,0)}

“Controlled direct” following controlled direct effect (Pearl, 2009)
This approach may be appropriate for

|II

— ICEs that do not represent the “norma
illness), because we would like to generalize to “norma

circumstances (e.g., COVID-19
I” time
— ICEs due to LoE (arguably an important benchmark for hypothetical efficacy)

lack of efficacy; PO, potential outcome



No treatment hypothetical (NTH) strategy

* The PO of interest is the outcome assuming patients with ICEs
would have no benefit from the treatment (as if left untreated
starting from randomization):

vt = E[{vi(1, —1DA; (D) + v, (LD (1 = 4;(1))} = {¥:(0, —1)4;(0) + Y;(0,0)(1 — 4,(0))}]

where “—1” in the second argument of Y;(:,-) indicates no treatment
received and A;(a) is the ICE indicator (1 for ICE occurring).

* This approach may be appropriate for ICEs due to certain AEs

AE, adverse event; ICE, intercurrent events; PO, potential outcome



Partial treatment hypothetical (PTH) strategy

 The PO of interest is the outcome if the patient may benefit from (or be harmed by) the
study medication until occurrence of the ICE and then stops taking the medication

* The estimand is defined as
Spru = E[{Y;(1, g (T; (1) A; (1) + Y;(L,D(1 — A;(1))} — {¥:(0, g; (T;(0)))4;(0) + Y;(0,0)(1 — A4;(0))}]

where T;(a) is the time to the ICE under treatment a € {0,1} and g;(T;(a)) is the treatment
regimen: taking treatment a until the occurrence of the ICE and then having no access to treatment
until a specified assessment time

e This strategy may be suitable for handling ICEs due to AEs under “normal circumstances”,
especially for treatments with potential long-term or disease-modification effects

ICE, intercurrent events; PO, potential outcome
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While-on-treatment (WOT) strategy

* The while-on-treatment (WOT) strategy yields a direct effect of the initial
treatment that by construction obviates the need to account for

subsequent ICEs through defining the outcome up to the point where an
ICE occurs

— Define potential time on treatment until ICE or end of study for patients
randomized to control and active treatment, as T(0), T (1), respectively

— Let potential outcome up to time t, be Y;(a),a = 0,1.
 WOT estimand

Swor = E|Yry(1) — Y0 (0)]
* |tis sometimes tempting for sponsors to disguise the old LOCF as WOT

— Typically examples of WOT are measures summarizing benefits over time (area
under curve or average slope) up to change in treatment

Company Confidential ©2021 Eli Lilly and Company 20



Principal stratification (PS) strategy

* PSshould be considered in the context of defining population of interest rather than a
strategy for dealing with ICE
* |Infact, PSis a hypothetical population that can be defined based on any post-
randomization variable
— e.g. a post-baseline biomarker S = I(Z > c), early responder
* Ofteninterestis in PS defined if a patient would meet an early criteria regardless of
randomized arm S(1) = 1 and S(0) = 1
— e.g.if S = 1is adherence, this condition guarantees no missing across most estimands
 Wheninterestisin PS based on a single arm, the ICE strategy still needs to be defined
— e.g.when PSis (1) = 1 and we are interested in the CDH strategy, the estimand is
E{Y(1,1) — Y(0,0)|S(1) = 1}
— what if we are interested in TP strategy?
E{y(1) —Y(0)|s(1) =13}
* Conditionedon S(1) =1,Y(1) =Y(1,1) butY(0) # Y(0,0)

See a tutorial on PS in Lipkovich et al. (2022)
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Use a mix of strategies for handling ICEs in a study (Darken et al., 2020;

Qu et al., 2020)

* One common drawback in most current clinical studies is that only ONE
strategy is used to handle all ICEs

» Strategies for handling ICEs should be based on the underlying reasons
— ICEs due to AE

e AE associated with treatment
e AE unrelated with treatment

— ICEs due to lack of efficacy (LoE)
* Treatment discontinuation due to LoE

* Use of rescue medication due to LoE

— ICEs due to administrative reasons

* Relocation, family situation changed, etc.

22



Missing values

* Missing values
— As a result of handling ICEs with hypothetical strategies
— True missing values caused by data not being collected
e Assumptions for missingness and methods for handling

missing values should be based on the underlying reasons of
ICEs or missingness



Understanding the potential outcome before imputing

Dropout

0O: measurement available
X e b

? : measurement missing

X: treatment discontinuation

S— ¥ — e» Dropout 1 0: Use of rescue medication
Dropout: study discontinuation

@
(©)

®
D

(D)
D

FAN a) la
\"4

Randomization Last scheduled visit

* What is the potential outcome of interest at last scheduled visit?

— Not taking study medication after X but using rescue medication

— Not taking study medication after X and not using rescue medication (having no
access to treatment)

— Continuing to take study medication after X rather than using rescue medication
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Handling ICEs and missing values according to the nature of

ICE/missingness

Nature of ICEs Handing ICEs Assumption for Missingness Methods for Handling Missing Values
ICEs due to AE/death ez NTH PTH M1 within a special pattern (e.g., AE' adverse event-
representing “normal o EE ! —h| MNAR ’—r return to baseline, under the null CDH, controlled direct
i tances” strategy hypothesis or retrieved dropout) .
clreums hypothetical
ICEs due to AE/death N MAR: Key efficacy measures M, direct likelihood-based, or IPW- ICESr Intercurrent events
not representing “normal M collected prior to ICEs based approaches |PW' inverse prObablIlty
arct:imst.ances (e, 45 MAR/MNAR: Key efficacy measures E{ :_I;/I“t_h“d_“—'t_P;“““'t_'_'_t """" ;““: Weighting
pandemic) 1 not collected prior to ICEs 1 }_Viethods with a sensitivity parameter - .
LoE, lack of efficacy;
) MAR: Key efficacy measures M, direct likelihood-based, or IPW- MAR, missing at random
collected prior to ICEs based approaches : . .
ICEs due to LoE }—>| CDH strategy }— MI' mUItIpIe ImpUtatlon
|| MAR/MNAR: Key efficacy measures o Within s soecial patterm T MNAR, missing not at random
not collected prior to ICEs el peclal pattern ]
NTH, no treatment
) MAR: Clear documentation for the M, direct likelihood-based, or IPW- hypothetlcal
ICEs due to administrative exact reasons based approaches PTH, partial treatment
reasons MAR/MNAR: Not knowing the VI ey hypothetical
exact reasons LN A P e ]
Other missing values not M|, direct likelihood-based, or IPW-
due to ICEs MAR based approaches

* Only ICEs that are not part of treatment regimens are included in this diagram.
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Summary and Recommendations

Describing estimands

— Using PO language may help define and communicate estimands more succinctly. It also helps
evaluate the plausibility of certain strategies for handling ICEs

Defining ICEs

— Prior to identifying possible ICEs, treatment regimens of interest need to be defined precisely

— To be considered an ICE, this event should be a deviation from the treatment regimens of interest
Handling ICEs

— If intending to use a composite strategy to handle certain ICEs, these ICEs should be explicitly
included in the composite endpoint

— Hypothetical strategies should be predominately used to define causal estimands
— Using a mix of strategies (rather than a single strategy) for handling ICEs is often clinically relevant-
Estimation

— Multiple imputations is a flexible tool allowing for implementing a mix of strategies for handling
ICEs

— Use the most plausible assumptions (not the most conservative assumptions)

26
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