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Abstract
For randomized controlled trials, the impact of the amount and handling of missing data on the interpretation of the treatment
effect has been unclear. The current use of intention to treat, per protocol, and complete-case analysis has shortcomings. The
use of estimands may lead to improved estimation of treatment effects through more precise characterizations of the fate of
treatments after dropout or other post-randomization events. A perspective on current and future developments with a view
toward clinical nutrition is provided.

Basics in clinical nutrition

Over the last decade there have been a number of initiatives
toward improving inference in randomized controlled trials
(RCTs) with respect to missing data. The impact of the
amount and handling of missing data on the interpretation
of the treatment effect has been unclear. These initiatives
were mainly driven by regulatory requirements for medical
research in the pharmaceutical industry. Recently it has also
become a very active area of research.

The concepts, definition, and methods are equally
applicable to RCTs conducted in clinical nutrition, and they
are useful for improving how data should be analyzed and
results should be interpreted, improving our understanding
of the findings from RCTs.

What is a treatment effect?

This seems like a straightforward question: What is the
effect of treatment? In a clinical trial protocol, this com-
ponent is rarely subject to any discussion or argumentation.
A relevant outcome that will serve as measure of the effect
is simply presented and sometimes also the time point at

which the evaluation of the outcome should take place. But
what is the treatment that we want to evaluate? Is it when
taken exactly as described in the protocol or are the ques-
tions of interest rather what the treatment effect is when
taken/administered as the trial population would actually do
in practice?

In drug development, the treatment effect is how the
outcome of treatment compares to what would have hap-
pened to the same subjects under different treatment con-
ditions, e.g., had they not received the treatment or had they
received a different treatment [1]. This is a causal treatment
effect as the unit and time at which the treatment is com-
pared with no/another treatment is the same. This is also a
counterfactual treatment effect, since the same subject
cannot both receive and being denied a treatment at the
same time. This obstacle has traditionally been dealt with by
randomization.

Randomization and blinding

The causal treatment effect is often evaluated using an RCT
where the study population is randomly divided into two (or
more) groups before initiation of any investigational treat-
ment. At baseline, the two groups will both be random
samples of the same study population and it can be expected
that they on average (if the experiment is repeated) will
have the same effect if both received treatment. If the trial is
also blinded, the subjects in the control group can represent
the subjects in the treatment group when being denied the
treatment (a counterfactual situation). The fact that we have
causality by design is the well-known strength of the
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parallel, double-blinded randomized clinical trials and with
measurements at baseline and at the time point of the
measure of effect for all randomized subjects (the ideal RCT
scenario) the counterfactual treatment effect can be eval-
uated by comparing outcomes from the two groups.

Departures from the ideal RCT scenario

Post-randomization events may lead to various departures
from the ideal RCT scenario. We discuss two important and
frequently occurring departures: missing (outcome) data,
compliance/non-adherence.

Missing data

An important deviation from the ideal RCT that occur in
real life is missing data: many randomized controlled trials
(on humans) conducted in nutrition but also medical
research are facing missing outcome values, essentially
reflecting the free will of study participants, that may result
in some degree of attrition. Missing values may result from
dropouts, which are subjects that withdraw from the trial
before it is terminated, e.g., due to lack of efficacy or
adverse events or for reasons unknown to the study inves-
tigators. There are also intermittent missing values due to
subjects not showing up for all scheduled visits, but still
participating until study termination, but we will not spend
time on these as they have less impact in the conclusion
concerning efficacy to be made at a specific time point
(most likely causing a slight loss in efficiency). Despite of
missing observations, the causal treatment effect can still be
estimated if events that make subjects drop out are inde-
pendent of the trajectory of the outcome values after the
event took place. This can rarely be assumed to be the case,
e.g., often more drop-outs due to lack of efficacy would be
expected in a control arm treated with placebo than in the
treatment arm (see Fig. 1). For subjects dropping out due to
adverse events the opposite pattern can be anticipated in
many settings. Therefore, the primary outcome in real life

often is available for groups of subjects that are not random
samples of the study population at baseline and the methods
chosen to guess or impute the impact of the missing data
become important.

Compliance and non-adherence

Another deviation from the ideal RCT scenario happens if
some subjects during the course of the trial only partly
adhere to the treatment. Such non-missing data may also
jeopardize the causality by design. Lack of compliance or
non-adherence due to adverse events, change in treatment,
or other kinds of events that violates the intention of the
protocol, occurring after randomization, may also influence
the outcome used for evaluation for efficacy. For example
measurements of plasma glucose taken one week after a
subject stopped adhering to a planned diet will no longer
reflect the effect of that diet, but rather whatever diet the
subject had chosen to follow instead during the last week.
Therefore, even if the plasma glucose is measured at the
planned time, the evaluation will not be relevant to find the
causal effect of the planned diet. However, it may be rele-
vant to evaluate a treatment effect that is defined as the
effect of “being allocated to” the planned diet.

Present research activities

As pointed out earlier a treatment effect is not just a treat-
ment effect. If there are intercurrent, post-randomization
events leading to departures from the ideal RCT scenario
the treatment effect may be estimated in several ways
depending on the assumptions made.

Definition of estimands

Estimands formalize what is being estimated by providing
precise characterizations of the study populations to be used
for estimating treatment effects [2]. Specifically, defining an

Fig. 1 Schematic display of types of dropouts that can occur in the control and treatment arms
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estimand may require to specify the study outcome and the
time point or time period of interest, the target population,
handling of post-randomization events (how subjects are
assumed to behave after withdrawal; fate of treatments after
discontinuation/dropout), and the model parameter corre-
sponding to the treatment effect of interest. It is important to
realize that the definition of an estimand does not imply that
a certain statistical model has to be used. However, esti-
mands imply certain model restrictions.

In principle, the choice of estimand will impact the study
design and execution and hence the estimand should ideally
be defined simultaneously with the formulation of the sci-
entific question of interest [3].

There are estimands for estimating efficacy, which may
be defined as the effect of a diet if taken, ideally as specified
in the protocol although adherence may be difficult to
ensure in reality, and for estimating effectiveness, which
may be viewed as the effect of a diet when assigned [2].
However, efficacy and effectiveness may be understood in
several ways [4]. Therefore, the preferred terminology is
instead de jure and de facto estimands: de jure estimands
estimate the treatment effect as it would be if control and
treatment were taken as specified in the protocol. On the
other side, de facto estimands estimate the treatment effect
as it would be in practice based on the assignment of control
and treatment to subjects [5].

Here are three examples of strategies for estimands [1]:

Hypothetical

The hypothetical strategy aims to estimate the treatment
effect if no post-randomization events occur. The strategy
leads to de jure estimands as it makes a comparison of the
two randomized group of subjects, so it is not the same as a
per protocol analysis or a complete-case analysis as have
been common practice previously. The strategy does not
imply how the corresponding estimands should be esti-
mated: the statistical model and the assumptions behind it
are not given as a part of the definition of the estimands.
The estimands are hypothetical since clinical trials without
post randomization events are hypothetical and the esti-
mated treatment effect is counterfactual since some subjects
will drop out due to adverse events or lack of adherence
with treatment.

Treatment policy

The treatment policy strategy aims to estimate the treatment
effect regardless of the post-randomization events that
occur. The strategy leads to de facto estimands as it
addresses the effect of the treatment as it has been mani-
fested in the current trial. In practice, the effect is estimated
based on observations collected regardless of whether the

subjects have stopped treatment due to adverse events or
change to other treatments. With this estimation strategy, it
will be required to try to keep the subjects in the trial no
matter how the subjects adhere/do not adhere to the treat-
ment. The strategy leads to estimands that estimate the
effect of being randomized to the control/treatment in the
trial—but it may also be heavily influenced by the design of
the trial and it may in the end not mimic the treatment
policy as it will be in real life.

While on treatment

The while on treatment strategy aims at estimating the effect
of treatment until the post-randomization events occur. This
strategy also leads to de jure estimands, but instead of
evaluating the effect at a specific time point it considers the
time frame until the treatment stopped. In practice this
strategy can correspond to last observation carried forward
and, in trials evaluating weight loss, this may result in low
placebo response, since placebo patients may withdraw
early from the trial, due to lack of efficacy, and hence
contribute to the estimated effect by short observation time
and very low weight losses.

Other examples and more detailed explanations are
provided in refs. [6, 7]. Estimands for area under the curve
and for studies with run-in periods could also be relevant to
consider. There is a recent application of estimands in a
clinical nutrition context [8].

Intention to treat and per protocol analysis

Intention to treat (ITT) has been interpreted to imply quite
different analyses [9]. In the past, it was often taken to mean
that an available-case analysis was carried out [10, 11].

We will assume that the intention-to-treat principle
means that statistical analysis is based on the dataset
encompassing all randomized subjects and respecting their
allocation to control or treatment groups [12]. Both de facto
and de jure estimands may be defined while respecting the
intention-to-treat principle. We refer to these estimands as
intention-to-treat estimands. In fact, it has been argued that
meaningful estimands have to be ITT estimands [9, 12]. An
available-case analysis will only correspond to an intention-
to-treat estimand under strong and usually rather unrealistic
assumptions.

It is common to supplement the main analysis based on
the intention-to-treat principle with one or more so-called
per protocol analyses, which are based on study populations
that satisfy certain criteria defining a high degree of com-
pliance or adherence, possibly defined using additional
collected data on self-reported intake or measured intake
(tracers in urine samples, amount of leftovers). However,
such analyses lacks a sound interpretation as they are based
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on comparing two non-randomized groups. A complete-
case analysis is one example of a per protocol analysis.
These analyses will usually be based on fewer subjects than
is the case for analyses derived from intention-to-treat
estimands, leading to a risk of loss of information [2, 13].
Moreover, there is a risk of selection bias where selections
may differ between groups, depending on the missing data
mechanism.

Sensitivity analysis

Typically, a single estimand is chosen for the main statis-
tical analysis of data on the primary outcome. It may,
however, be necessary to supplement this analysis by means
of additional analyses (on the same outcome) as to provide a
more nuanced picture of the treatment effect of interest. We
refer to such analyses as sensitivity analyses.

There are two types of sensitivity analyses [3]. Internal
validity is investigated by fitting different statistical models
(e.g., different correlation structures for longitudinal data,
different covariate adjustments, inclusion of more or less
intermittent repeated measurements) for the same estimand.
This type of sensitivity analysis explores the robustness of
the findings of the main analysis (under different model
assumptions) while retaining the exact same study popula-
tion and way of handling missing data. External validity is
investigated by fitting similar models for different esti-
mands, and it provides a means for exploring how treatment
effects would possibly look like in a different study popu-
lation (to which extent are results generalizable). Thus,
strictly speaking, these analyses do not directly explore the
robustness of the findings in the main analysis based.

Statistical analysis

We just briefly mention a few general considerations for the
statistical analysis. The choice of estimand will have some
implications for the construction of a suitable statistical
model. Often the chosen estimand will necessitate certain
assumptions about the fate of treatments after dropout; these
model assumptions will most of the time be unverifiable
from the observed data, but could be sustained by knowl-
edge about the observed biological or physiological
mechanisms or processes. For instance, hypothetical esti-
mands will often be estimated by a linear-mixed model for
repeated measurements where all subjects are included with
their observations obtained until they are dropping out or
completing the study. There might often also be a need for
using deterministic or multiple imputation to be able to
evaluate the effects of assumptions about the missing data
mechanism (missing at random or missing not at random)
[14–16].

Need of future research

Estimands provide a unified approach toward defining
treatment effects in terms of treatment contrasts derived
under varying assumptions regarding the study population
and handling post-randomization events such as dropouts
and non-adherers.

We tentatively suggest that researchers and trialists in
(clinical) nutrition research define one or more estimands
when planning RCTs or, as a minimum, when analyzing
and interpreting results from RCTs. For instance, com-
pliance and adherence could be quantified by means of
appropriate estimands, abandoning the misused chi-square
tests.

At the same time, we acknowledge that RCTs in nutrition
research may not need (at present) the same rigor as is the
case for medical trials in the pharmaceutical industry.
However, it would be helpful to have a more realistic
understanding of what is indeed being estimated. In parti-
cular, a better appreciation of ITT estimands and, especially,
what are not ITT estimands.

Recently, it has been argued that it is difficult to obtain
reasonable treatment effects as they would be if a treatment
was provided to patients in real life (de facto estimands)
where subjects are not monitored by a study infrastructure,
which may promote adherence directly or indirectly [17].
Therefore, it seems that the common advice on making all
possible efforts to keep subjects enrolled in RCTs is
counter-productive if the purpose of the study is mainly
defined in terms of a de facto estimand. Therefore, in our
view, many RCTs in clinical nutrition at present essentially
only allow estimation of de jure estimands.

Within clinical nutrition it is admittedly challenging to
define and characterize the types of estimands that are most
suitable when evaluating efficacy, effectiveness, com-
pliance, and adherence. Also, establishing and applying
suitable statistical models is another challenge.
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