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Most reported treatment effects in medical research studies are ambiguously defined, which can lead to
misinterpretation of study results. This is because most authors do not attempt to describe what the treatment
effect represents, and instead require readers to deduce this based on the reported statistical methods. However,
this approach is challenging, because many methods provide counterintuitive results.For example, some methods
include data from all patients, yet the resulting treatment effect applies only to a subset of patients, whereas other
methods will exclude certain patients while results will apply to everyone. Additionally, some analyses provide
estimates pertaining to hypothetical settings in which patients never die or discontinue treatment. Herein we
introduce estimands as a solution to the aforementioned problem. An estimand is a clear description of what
the treatment effect represents, thus saving readers the necessity of trying to infer this from study methods and
potentially getting it wrong. We provide examples of how estimands can remove ambiguity from reported treatment
effects and describe their current use in practice. The crux of our argument is that readers should not have to
infer what investigators are estimating; they should be told explicitly.

estimands; estimates; estimators; randomized trials; treatment effects

Abbreviation: ICH-E9(R1), International Council for Harmonisation of Technical Requirements for Pharmaceuticals for Human
Use Efficacy Guideline 9, Revision 1.

Results from randomized trials and observational studies
are used to inform policy decisions about which interven-
tions to use. However, reported treatment effects in these
studies are often ambiguously defined, which can lead to
misinterpretation of study results (1, 2). This is because
most studies do not attempt to describe what the treatment
effect represents, and instead require readers to deduce this
based on the reported statistical methods (1, 2). However,
this approach is challenging, because many methods provide
counterintuitive results (Table 1).

For example, in a recent trial, Wollenberg et al. (3)
reported that baricitinib significantly reduced impairment
in daily activities for patients with atopic dermatitis. All
randomized participants were included in the analysis
in their randomized group, so readers might expect the
treatment effect to correspond to the intervention’s effect
if introduced as part of routine practice. However, the
reported effect actually corresponded to a hypothetical

setting in which participants who stopped treatment had
instead continued and rescue therapy was denied (1). This
interpretation is due to the statistical methods employed,
where outcome data recorded after patients used rescue
therapy or stopped taking treatment were set to missing,
and then a mixed model for repeated measures was used
to implicitly impute what outcomes would have been had
participants not discontinued treatment or received rescue
therapy.

Regardless of one’s preference for a treatment effect
corresponding to usual practice versus one corresponding
to a hypothetical situation, it is clear that the treatment
effect’s interpretation should be reported so that readers can
understand the exact question being addressed in the trial.
However, the interpretation for the baricitinib trial was not
given in the published article (3), and instead readers were
left to sift through and interpret complex statistical methods
to understand what exactly was being estimated.
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Table 1. Standard Statistical Estimators Which Can Lead to Unexpected Estimands

Estimator Estimand Being Estimated

Cox model for a nonfatal outcome (e.g., hospital
admission), where participants who die are censored
at the point of death (where death is the intercurrent
event)

Hypothetical strategy (i.e., the hazard ratio in the hypothetical setting where
participants do not die).

The reason the Cox model estimates a hypothetical strategy in this setting is
that it makes the implicit assumption that censored participants are still
alive and at risk of the outcome (hospital admission). This model assumes
that 1) the hypothetical setting is well-defined (i.e., we can describe how
participants would no longer die) and 2) there is no unmeasured
confounding between the occurrence of the intercurrent event and
outcomes.

Mixed models for repeated measures, where outcome
data are not collected after participants die (where
death is the intercurrent event)

Hypothetical strategy (i.e., the treatment effect in the hypothetical setting
where participants do not die).

The reason for this is that outcome data will be missing after death (as they
do not exist, and so cannot be measured), and the mixed model for
repeated measures implicitly imputes what the missing data would have
been had participants been alive. This model assumes that 1) the
hypothetical setting is well-defined (i.e., we can describe how participants
would no longer die) and 2) there is no unmeasured confounding between
the occurrence of the intercurrent event and outcomes.

Inverse probability weighting (where outcome data
post–intercurrent event are excluded and the
remaining data are weighted according to the inverse
probability of not experiencing the intercurrent
event)

Hypothetical strategy (i.e., the treatment effect in the hypothetical setting
where participants did not experience the intercurrent event).

The reason for this is that data collected after the intercurrent event occurs
are implicitly replaced using data from participants who did not experience
the intercurrent event. This model assumes that 1) the hypothetical setting
is well-defined (i.e., we can describe how participants would no longer die)
and 2) there is no unmeasured confounding between the occurrence of the
intercurrent event and outcomes.

CACE analysis using all randomized patients Principal stratum strategy (i.e., the treatment effect in the subpopulation of
participants who would always adhere to treatment regardless of the
assignment).

The reason for this is that although CACE analysis is performed using the
entire trial population, the results only apply to the subset of participants
who would have adhered to treatment. Common CACE estimators, such as
those based on instrumental variables, assume the absence of
“defiers”—that is, participants who would receive the intervention if they
were assigned to usual care but would not receive the intervention if
assigned to the active intervention group.

Modified intention-to-treat analysis where participants
who do not begin treatment are excluded

Principal stratum strategya (i.e., the treatment effect in the subpopulation of
participants who would begin either treatment).

By excluding participants who do not begin treatment, this approach
estimates the effect in those who do begin treatment. This estimator
assumes that the intercurrent event (treatment initiation) is not affected by
randomized treatment arm (i.e., patients who begin treatment in one
treatment group would also do so in the other group, and vice versa) (8).

Abbreviation: CACE, complier average causal effects.
a This analysis can also estimate a hypothetical strategy under an alternative (stronger) set of assumptions.

AMBIGUITY IN REPORTED TREATMENT EFFECTS

The problems described above are not unique (1, 2). In a
recent review of randomized trials published in 2020, Cro
et al. (1) found that 98% of trial reports did not attempt
to describe what the reported treatment effect represented.
Instead, readers were left to deduce these interpretations
based on the reported study methods.

However, this approach is challenging. In 54% of the trials
analyzed by Cro et al., it was impossible to deduce what

exactly was being estimated from the reported methods (1).
There are several reasons for this. First, statistical methods
are often insufficiently described (4–6). In approximately
15% of trial reports, it is impossible to ascertain exactly what
statistical analyses were performed (4).

Second, the statistical methods (even when reported in
precise detail) are not always sufficient to uniquely iden-
tify which treatment effect is being estimated (2, 7). For
instance, consider a trial in which the analysis population
is restricted to persons who complied with their allocated
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treatment (often referred to as a per-protocol analysis). Does
this analysis estimate the treatment effect that would have
been observed in the entire trial population had all patients
complied with their allocated treatment? Or does it estimate
the treatment effect in the subset of trial participants who
would have complied with their allocated treatment? In fact,
investigators may use this analysis approach to estimate
either treatment effect, depending on which assumptions
they make, so readers are unable to deduce what investiga-
tors have intended unless they are told explicitly (8).

Finally, it is often difficult to understand what is being
estimated from advanced statistical procedures, unless read-
ers are proficient in the particular method used. This is
particularly the case when certain aspects of the estimator
do not match those of the estimand—for instance, when
statistical methods use data from an analysis population that
is not the same as the population for which the treatment
effect applies. For example, complier average causal effects
(CACE) analysis (9) uses data from the full trial population,
but the resulting treatment effect only applies to the sub-
population of participants who would have complied with
the intervention (9). Conversely, some statistical methods
exclude participants who did not comply with treatment, yet
estimate the treatment effect in the entire study population,
under hypothetical compliance (10).

UNRAVELING AMBIGUOUS TREATMENT EFFECTS

In 14% of trials published in 2020 that were included
in the recent systematic review (1) and 74% of those sub-
mitted for regulatory approval between 1996 and 2017,
hypothetical “what if?” treatment effects were used (11).
Hypothetical “what if?” treatment effects describe what
would have happened in hypothetical settings—for instance,
if patients who forgot to take their daily medication had
instead remembered to. However, in only 2 of the published
trials did authors explain that their reported treatment effect
related to a hypothetical scenario. For the other trials, correct
interpretation of results required readers to infer from study
methods that the treatment effects pertained to a hypothetical
scenario, provided they had sufficient expertise to do so (1).

“What if?” treatment effects can be useful for informing
clinical practice. For instance, patients who forget to take
medication can be sent a reminder; or sometimes the reason
treatment was discontinued will not apply in the future (e.g.,
treatment interruptions due to the coronavirus disease 2019
(COVID-19) outbreak (12–14)). However, many trials use
“what if?” situations where the clinical relevance is less
clear. For instance, in the recent review (1), 24% of “what
if?” scenarios related to the setting where patients who
were forced to stop taking treatment due to adverse effects
instead continued to take medication despite the adverse
effects; and in 79% of trials where deaths occurred but were
not considered part of the outcome measure, investigators
estimated what the treatment effect would have been in the
hypothetical setting where those patients who died had lived
instead.

None of these trials gave any indication of how patients
might continue taking the assigned treatment despite the
adverse effects, or how mortality might be completely

eliminated in their “what if?” scenario (1). For instance,
would patients be forced to continue taking treatment despite
toxicity, or were investigators imagining a setting where the
treatment had somehow become less toxic? These scenarios
address fundamentally different questions, and the validity
of each may depend on the plausibility of the assumptions
about how the hypothetical setting envisaged may occur
(15).

LIMITATIONS OF CURRENT REPORTING GUIDELINES

Readers need to understand what is being estimated to
make informed decisions about the evidence. Yet, this infor-
mation is rarely reported in published articles or protocols
(1, 2). This may be partly due to current reporting guidelines,
which do not mandate the provision of this information (16–
19). Instead, reporting guidelines typically require precise
descriptions of the study methods, such as the eligibility
criteria, analysis populations, treatment arms, and statistical
methods; however, as we described above, telling us what
was done does not necessarily tell us what the treatment
effect means. For instance, providing information about the
study’s eligible population or analysis population does not
necessarily tell us the population the treatment effect cor-
responds to, and similar issues exist with trying to identify
the treatments being compared or even the outcome measure
being used in the estimation of the treatment effect (Table 2).

The crux of the issue comes down to this: Readers should
not have to infer what investigators are estimating; they
should be told explicitly (20).

ESTIMANDS AS A SOLUTION

Estimands present a solution to the aforementioned issue
(2, 7, 11, 15, 21–25). An estimand is a clear description
of what the treatment effect represents, thus saving readers
the necessity of trying to infer this from study methods
(and potentially getting it wrong). Estimands describe what
happens to the same set of patients under different treatment
conditions (i.e., they define a causal comparison between
treatments based on a common target population (26)).

The concept of an estimand (the target of estimation) is
not inherently new, but its use in randomized trials was only
recently formalized with the publication of the International
Council for Harmonisation of Technical Requirements for
Pharmaceuticals for Human Use Efficacy Guideline 9,
Revision 1 (ICH-E9(R1)) addendum in November 2019
(15). Estimands can be defined using a structured approach
and are typically comprised of 5 attributes (Table 2): 1) the
population of patients the treatment effect applies to, 2) the
treatment conditions being compared, 3) the endpoint,
4) a summary measure of how endpoints will be compared
between treatment conditions (e.g., through a risk ratio
or risk difference), and 5) how intercurrent events (post-
baseline events which affect interpretation or occurrence of
outcomes, such as treatment discontinuation or treatment
switching) are handled in the treatment effect definition
(Table 3). In some settings, additional attributes may also be
required (27–30).
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Table 2. Core Elements of an Estimand

Attribute of Estimand Description Limitations of Current Reporting Requirements

Population The population of patients we want to
estimate the treatment effect for

Reporting guidelines require authors to report the
patient eligibility criteria and the analysis population;
however, neither of these tell us who the treatment
effect applies to. For instance, certain statistical
methods use data from all randomized patients but
estimate the treatment effect for a subpopulation of
patients. Other methods that exclude certain patients
(e.g., those with treatment deviations) estimate a
treatment effect that applies to all participants under
hypothetical compliance.

Treatment conditions The treatment conditions being compared for
the treatment effect

Although most reporting guidelines require a description
of the treatments patients are assigned to, these are
not necessarily the same as the versions of treatment
being compared for the treatment effect. For example,
some protocols may allow patients to discontinue
treatment or receive rescue medication, but use
statistical methods which estimate the treatment effect
for a version of treatment where patients did not
discontinue treatment or receive rescue medication.

Endpoint The outcome measure collected for each
patient that the treatment effect is based on

The outcome measure on which data are collected for
each patient is a key component of all reporting
guidelines; however, this is not always the outcome
measure used for the treatment effect. This mismatch
can occur when there are intercurrent events (see row
below), particularly death (if death is not inherently
part of the outcome measure). For example, for the
outcome “disease recurrence up to 12 weeks,” it is not
entirely clear what outcome should be used in the
treatment effect if a patient dies in week 7 without
recurrence. The outcome used in the treatment effect
could be either “recurrence up to 12 weeks or death,
whichever is sooner” or “recurrence or death up to 12
weeks” (both of which would lead to a different
outcome for this patient).

Summary measure The summary measure used to compare
endpoints between treatment conditions for
the treatment effect (e.g., mean difference,
risk ratio, odds ratio, etc.)

The summary measure can typically be inferred from
the statistical model used (e.g., a difference in mean
values from a linear regression model or an odds ratio
from a logistic regression model), though this is not
always the case. Sometimes advanced statistical
models are used to compute risk ratios or risk
differences from logistic models (whose regression
parameters correspond to odds ratios).

Handling of intercurrent
eventsa

How postbaseline events, which affect the
interpretation or occurrence of the endpoint
(e.g., treatment discontinuation, treatment
switching, use of rescue medication, or
death if not defined as part of the
outcome), are handled in the definition of
the treatment effect

Reporting guidelines do not typically require handling of
intercurrent events to be reported; however, the
handling of such events is critically important to
interpretation of the treatment effect. For instance, how
we handle “treatment discontinuation” can lead to
drastically different treatment effects, ranging from “the
effect regardless of discontinuation” to “the effect in
the subset of patients who would not discontinue” or
“the effect in the hypothetical setting where patients
would not discontinue.”

a Standard strategies for handling intercurrent events are 1) treatment policy (we are interested in the treatment effect regardless of the
intercurrent event); 2) hypothetical (a hypothetical scenario is envisaged where the intercurrent event does not (or does) occur; we are interested
in the treatment effect if participants did not (or did) experience the intercurrent event); 3) composite (the intercurrent event is used as part of
the endpoint definition); 4) principal stratum (we are interested in the treatment effect in the subpopulation of patients who would (or would
not) experience the intercurrent event); and 5) while-on-treatment (the endpoint measured up to the occurrence of the intercurrent event is of
interest; this is referred to as “while alive” when the intercurrent event is death).
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Table 4. Understanding What Treatment Effects Represent Based on Reported Statistical Methods Versus Estimands in a Trial of Baricitinib
for Atopic Dermatitisa

Statistical Methods Estimand

“The analysis population comprised all randomised patients,
regardless of whether they received the correct treatment”
(3, p. 1545). “Mean change from baseline for continuous
measures (PROMISb and WPAI-ADc) was evaluated using a
restricted maximum likelihood-based mixed model repeated
measures (MMRM), where the model includes treatment,
region, baseline disease severity [validated Investigator Global
Assessment for AD (vIGA-AD)d], visit and
treatment-by-visit-interactions as fixed categorical effects and
baseline and baseline-by-visit-interaction as fixed continuous
effects” (3, p. 1546).

The treatment effect is the difference between mean values in the
WPAI:AD change from baseline score (at 16 weeks) for baricitinib
4 mg or 2 mg versus placebo daily, plus topical corticosteroids for
adults with atopic dermatitis (meeting the trial eligibility criteria),
regardless of whether participants received the correct treatment,
in the hypothetical scenario where treatment discontinuation did
not occur regardless of side effects or other adverse effects and
rescue therapy was not provided, even if medically indicated.

“Data collected after first rescue therapy or permanent study drug
discontinuation were considered missing . . . No explicit
imputations were conducted for continuous measures; MMRM
analysis was performed to mitigate the impact of missing data
because it yields valid inferences assuming that missing
observations are missing-at-random” (3, p. 1546).

Abbreviations: AD, atopic dermatitis; MMRM, mixed-model repeated measures; PROMIS, Patient-Reported Outcomes Measurement
Information System; vIGA-AD, Validated Investigator Global Assessment Scale for Atopic Dermatitis; WPAI:AD, Work Productivity and Activity
Impairment Questionnaire: Atopic Dermatitis.

a Based on the study by Wollenberg et al. (3).
b PROMIS Health Organization, River Forest, Illinois.
c Created by Reilly et al. (41).
d Eli Lily and Company, Indianapolis, Indiana.

An example of how estimands remove ambiguity from
treatment effects is provided in Table 4. In the atopic
dermatitis trial introduced above (3), inferring the treatment
effect’s interpretation based on the reported methods
requires knowledge of how mixed-effects models can
implicitly impute missing outcome data under hypothetical
“what if?” scenarios. Conversely, the fact that the treatment
effect pertains to a hypothetical scenario is explicitly
described in the estimand, ensuring that readers understand
the treatment effect even in the absence of detailed statistical
knowledge. Examples of how estimands can be reported are
shown in Web Appendices 1 and 2 (available at https://doi.
org/10.1093/aje/kwad036) and Web Tables 1–3 (31).

At its heart, an estimand provides readers with a clear
sense of what reported treatment effects represent.

USE OF ESTIMANDS IN PRACTICE

Although the concept of estimands is not new, estimands
have only recently started to gain widespread attention.
Since the publication of the estimand framework in the ICH-
E9(R1) addendum (15), medicine regulators in Europe, the
United States, Canada, Singapore, China, Switzerland, and
Taiwan have changed their policies to require companies
submitting applications to include estimands, and currently
regulators in Brazil, South Korea, and Japan are in the
process of implementing this policy (32).

Notably, most reporting guidelines were written before
the release of the ICH-E9(R1) addendum, which may partly

explain why estimands are not featured. However, at least
1 recent reporting guideline has included specification of
the target estimand as a required item (33). Furthermore,
some published trial reports and protocols have begun using
estimands to clarify reported treatment effects (34–37).

USE OF ESTIMANDS IN NONEXPERIMENTAL
RESEARCH

Because the primary goal of estimands is to increase the
clarity of what reported treatment effects represent, they are
just as important for observational studies as for randomized
trials. All of the same principles discussed thus far still
apply; however, there may be additional considerations for
observational research (30).

For example, when using propensity score balancing
weights to address measured confounding, different meth-
ods of doing so can target different populations, thus
changing the “population” attribute of the estimand (38, 39).
Specifically, the average treatment effect in the observed
population is estimated via inverse-probability-of-treatment
weights; the average treatment effect among the treated
is estimated by multiplying the inverse-probability-of-
treatment weights by the propensity score; and the average
treatment effect in the overlap population (a population
emphasizing clinical equipoise with the highest uncertainty
in receiving both treatments) is estimated via the overlap
weights (40). Thus, a clear description of not only what
weighting scheme has been used but also what population
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it has targeted is essential to proper interpretation of study
results.

Furthermore, different types of intercurrent events may
occur in observational studies as compared with randomized
trials. For instance, the protocol of a randomized trial may
mandate that participants reduce their treatment dose in a
specific manner when adverse events occur, while in obser-
vational studies, where treatment decisions are left to the
treating physicians, some participants may stay on the same
dose while others may stop treatment entirely or switch to an
alternative. Additionally, many data sources that routinely
collect data, such as registries, may not collect information
on which participants experience certain intercurrent events.
Thus, investigators in studies using these data sources may
not be able to choose which strategy to apply for these
events.

WHAT SHOULD CHANGE GOING FORWARD

Despite the increased focus on estimands, their use in
practice is still rare (1, 2). We believe the inclusion of esti-
mands as a mandatory reporting item in reporting guidelines
(including each of the 5 aspects encompassing the estimand)
would have an enormous positive impact on increasing clar-
ity around the interpretation of reported treatment effects in
research studies.

In conclusion, estimands offer a simple way of clarifying
the interpretation of reported treatment effects so as to avoid
misinterpretations of study results.
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