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Estimands

Tukey (1962): We must give even more attention to starting with an estimator and discovering what
is a reasonable estimand, to discovering what is it reasonable to think of the estimator as estimating.

Rubin (2005) defined causal estimand as “the science”

Our (broad) definition: estimand translates the research question into a well-
defined target quantity for estimation
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Frameworks that can be used for defining estimands

PICOT (Population, Intervention, Comparator, Outcome, Time),

ICH Eg(R1) addendum on estimands

Target Trial Emulation Framework

Causal Roadmap
STRATOS Causal Inference Topic Group (TG7) framework
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Aim of this work

Comparative overview of five key frameworks used to
define estimands

* PICOT
ICH E9(R1) addendum on estimands

Target Trial Emulation Framework

Causal Roadmap
STRATOS Causal Inference Topic Group (TG7) framework



Example research question

In adults with type 2 diabetes inadequately controlled on first-line oral therapy,

does SGLT2i as add-on therapy reduce mortality compared to DDP4i?

i- SGLT2i

»

i- DPP4i
o




PICOT

Origin
* Developed for guiding literature searches to answer clinical questions

* Intended for comparative studies

Component Example

Population Adults >18, T2DM, first-line oral therapy, inadequate blood glucose control
Intervention Add-on SGLT2i

Comparator Add-on DPPyi

Outcome All-cause mortality

Time One year following initiation




PICOT

Advantages

* Provides structure to research question without presupposing a specific design
* Concise, plain language suitable for interdisciplinary exchange

e Comparator made explicit

 Established role in Health Technology Assessment and evidence synthesis

Limitations

* No summary (effect) measure

* Little attention to baseline (time zero)

* Post-baseline events not explicitly considered
 Categorical time-fixed exposures



ICH Eg (R1) Addendum

Origin

* Regulatory document for clinical trials; applicability to single-arm trials and observational studies

* Motivation: description of study design and analysis methods not sufficient for unambiguous
interpretation of treatment effects, estimand should precisely describe quantity to be estimated

Component Example
Population Same as with PICOT
Treatment(s) Add-on SGLT2i vs DPP4i

Variable/endpoint

Intercurrent events (IE)

Strateqgy for each IE

Population-level summary
measure

All-cause mortality at one year

Discontinuation of assigned treatment; switching; additional add-on treatments

Treatment policy: ‘effect irrespective of subsequent treatment change(s)’
Hypothetical: ‘effect under sustaining assigned treatment throughout'’

Risk difference




ICH Eq (R1) Addendum

Advantages

* Explicit consideration of post-baseline events (i.e., IEs), different from missing data

* Population-level summary measure

* Clarifies difference between sensitivity (same estimand) / supplementary (different estimand) analyses

* Language intended for interdisciplinary exchange

Limitations

* Primarily proposed for clinical trials, little attention to issues at baseline (confounding, time zero)
* Listing all possible IEs not always pragmatic

 Categorical time-fixed exposures

* Interpretation of some strategies proposed for handling IEs are debated (principle stratum)



Target trial emulation framework

Origin
» Developed for observational comparative effectiveness and safety studies

* Motivation: prevent design flaws in observational studies (e.g. undefined time zero, immortal
time bias), by applying trial design principles



Target trial emulation framework

Component Example (‘target trial’ column)

Eligibility Age >18; recorded T2DM,; on first-line oral therapy; inadequate control; assessed at time zero

Treatment strategies Initiate SGLT2i vs DPP4i as add-on, with some grace period
subsequent decisions left to clinician and patient
sustain SGLT2i vs DPP4i throughout follow-up

Assignment Randomized, unblinded

Follow-up From randomization (time zero) to one year
Outcome All-cause mortality

Causal contrast Risk difference

ITT, comparison of initiators
Per protocol




Target trial emulation framework

Advantages

* Time zero: aligning start of follow-up, meeting eligibility, treatment assignment

* Addresses post-baseline events within the treatment strategies and causal contrast
* Promotes the role of subject-matter knowledge of data

* Accessible language(?)

Limitations

* Presumes fluency in trial design

» Estimand not defined explicitly, but implicitly through the defined trial
* Most suitable for categorical exposures



Causal Roadmap

Origin
* Integrates causal modelling with statistical estimation
in observational data

* Motivation: prevent conflation of causal and statistical inference

* Formalized precision using causal inference theory
(e.g., structural causal model, counterfactuals)

Step 1 Dangetal., 2023
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Causal Roadmap

Component

Example

Causal question, model, and estimand

 A:intervention(s), a = 1:SGLT2i, a = 0: DPP4i

* (:treatment discontinuation, switching, additional add-ons
 WW: baseline covariates

* Y:all-cause mortality at 1 year

Structural causal model over (W, 4,C,Y), e.g. directed acyclic graph

Causal estimand: function of potential outcomes
Ex.1: P(Y®=1 =1)-P(Y*=0 =1)
Ex.2: P(Y?=1=0 = 1) — p(Y2=0c=0 = 1)

Dang ea (2023) suggest incorporating ICH E9(R1) or TTE components




Causal Roadmap

Advantages

* Comprehensive sequential workflow, making omissions visible
 Applicable to various types of exposures and study designs

* Explicit observed data step with feedback to estimand

Limitations
* Specialized (although precise!) language
* No specific component for post-baseline events; encoded as variables in causal model



STRATOS TG7 framework

Origin
 Tutorial for formulating causal questions and obtaining answers in non-randomized and randomized studies
* Motivation: methods often chosen before the question is formalized

Component Example

Treatment and levels A, initiation of SGLT2i (a; = 1), DPP4i(a; = 0)
A,, sustained use of SGLT2i, DPP4i for 1 year

Outcome All-cause mortality at 1 year

Population Adults >18, T2DM, first-line oral therapy, inadequate blood glucose control
who are eligible for both SGLT2i and DPP4i

Potential outcomes Ex.1:Y%

Ex. 2: Y3192 ("nested potential outcomes”)

Estimand (contrast in potential Ex.1: P[Y%1=1 = 1] — P[Y%1=0 = 1]
outcome distributions) Ex. 2: P[Y®1=1a2=1 = 1] — p[y@1=0.42=0 = 1]




STRATOS TG7 framework

Advantages
* Comprehensive sequential workflow, making omissions visible
» Applicable to various types of exposures and study designs

* Attention to levels and versions of exposure, ‘exposure chain’

Limitations
 Specialized (although precise!) language

* Post-baseline treatment changes encoded as different versions of intervention, no particular
attention to other post-baseline events

* No feedback to estimand after observed data step as in the Causal Roadmap



Discussion

All framework contribute to well-defined estimands; many shared components (friends not foes)

Frameworks differ in their original purpose and scope
* Post-baseline events can be incorporated in all frameworks except PICOT, but in different ways

* Some frameworks can more easily deal with continuous or time-varying exposures
* CR promotes explicit feedback to estimand from observed data, recently also proposed for TTE

* Some frameworks use more specialized notation and language (precision vs accessibility)



Discussion

All framework contribute to well-defined estimands; many shared components (friends not foes)

Frameworks differ in their original purpose and scope
* Post-baseline events can be incorporated in all frameworks except PICOT, but in different ways

* Some frameworks can more easily deal with continuous or time-varying exposures
* CR promotes explicit feedback to estimand from observed data, recently also proposed for TTE

* Some frameworks use more specialized notation and language (precision vs accessibility)

Our comparative overview:

* helps researchers choose an appropriate framework for their setting, guided by nature of
research question, study design and own background knowledge

* helps when combining studies that have used different frameworks, e.g. in meta-analyses

 contributes to exchange and understanding across the cultures
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