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Abstract

The COVID-19 pandemic continues to affect the conduct of clinical trials globally.
Complications may arise from pandemic-related operational challenges such as site
closures, travel limitations and interruptions to the supply chain for the investiga-
tional product, or from health-related challenges such as COVID-19 infections. Some
of these complications lead to unforeseen intercurrent events in the sense that they
affect either the interpretation or the existence of the measurements associated with
the clinical question of interest. In this article, we demonstrate how the ICH E9(R1)
Addendum on estimands and sensitivity analyses provides a rigorous basis to discuss
potential pandemic-related trial disruptions and to embed these disruptions in the
context of study objectives and design elements. We introduce several hypothetical
estimand strategies and review various causal inference and missing data methods,
as well as a statistical method that combines unbiased and possibly biased estima-
tors for estimation. To illustrate, we describe the features of a stylized trial, and
how it may have been impacted by the pandemic. This stylized trial will then be
re-visited by discussing the changes to the estimand and the estimator to account for
pandemic disruptions. Finally, we outline considerations for designing future trials
in the context of unforeseen disruptions.

Keywords: Hypothetical estimands, treatment policy, intercurrent events,
missing data, causal inference
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1 Introduction

The COVID-19 pandemic, also known as the coronavirus pandemic, is an ongoing global

pandemic of coronavirus disease 2019 (COVID-19) which is caused by severe acute respi-

ratory syndrome coronavirus 2 (SARS-CoV-2). The coronavirus family is known to cause

illness in humans, from the common cold to more severe or even fatal diseases. The World

Health Organization (WHO) declared a Public Health Emergency of International Concern

regarding COVID-19 on 30 January 2020, and later declared a pandemic on 11 March 2020.

The COVID-19 pandemic has a broad impact, affecting general society, economy, cul-

ture, ecology, politics, and other areas. In particular, it continues to affect the conduct

of clinical trials of medical products globally. Complications may arise from, for exam-

ple, quarantines, site closures, travel limitations, interruptions to the supply chain for the

investigational product, or other considerations if site personnel or trial participants be-

come infected with COVID-19. Some of these complications lead to unforeseen intercurrent

events in the sense that they affect either the interpretation or the existence of the measure-

ments associated with the clinical question of interest while others prevent relevant data

being collected and result in a missing data problem, ultimately posing a risk of seriously

compromising the integrity and interpretability of ongoing clinical trials; see Meyer et al.

(2020) and Akacha et al. (2020) for detailed discussions as well as FDA (2020) and EMA

(2020) for regulatory guidance on these issues.

The ICH E9(R1) Addendum on estimands and sensitivity analyses (ICH, 2019) in-

troduces a framework for ensuring that all aspects of trial design, conduct, analysis, and

interpretation align with the trial objectives. It also provides a rigorous basis to discuss

potential pandemic-related trial disruptions and to embed them in the context of trial ob-

jectives and design elements. More specifically, the ICH E9(R1) Addendum introduces five

strategies to address intercurrent events, of which three will be used throughout this paper:

• Treatment Policy Strategy. The occurrence of an intercurrent event is considered

irrelevant in defining the treatment effect of interest: the value for the variable of

interest is used regardless of whether the intercurrent event occurs.

• Hypothetical Strategies. A setting is envisaged in which the intercurrent event
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would not occur: the value of the variable to reflect the clinical question of interest

is the (predicted) value the variable would have taken in the hypothetical scenario

defined.

• Composite Variable Strategy. An intercurrent event is considered to be infor-

mative about the patient’s outcome and is incorporated into the definition of the

variable, usually as an unfavourable outcome. The newly defined composite variable

is then a trade-off between efficacy and the occurrence of the intercurrent event.

Following the ICH E9(R1) Addendum, the description of an estimand involves precise

specifications of five key attributes (treatment, population, variable, intercurrent events,

and population level summary) which should be aligned with the clinical trial objectives.

This includes the definition of all attributes and the suitable strategies for addressing

intercurrent events.

For most settings, the original trial estimand likely remains the same following the

emergence of the COVID-19 pandemic. However, the unforeseen intercurrent events due to

COVID-19 introduce ambiguity to the original trial questions and sponsors need to discuss

how to account for them. No adaptation of the original estimand implicitly suggests a

treatment policy approach for all unforeseen intercurrent events. However, in the presence

of the unforeseen intercurrent events related to operational challenges due to the COVID-19

pandemic, it seems plausible to frame clinical questions by using a hypothetical estimand

strategy (Meyer et al., 2020; Akacha et al., 2020). The relevance and acceptability of a

hypothetical estimand strategy seems to be less clear for intercurrent events related to

health status, such as death due to COVID-19 in a cardiovascular trial where death is

an outcome of interest. It is critical that the targeted outcome can be reliably estimated

with justifiable and plausible assumptions, including the conduct of appropriate sensitivity

analyses. If this is not possible (e.g., due to limited understanding of the disease or drug for

the imputation of missing or hypothetical data), an alternative estimand should be chosen.

Different hypothetical strategies could be considered and care must be taken that the

envisaged scenario, in which the intercurrent event would not occur, is precisely described

(Akacha et al., 2020). Here, we consider three possible hypothetical strategies, all in the

absence of the administrative and operational challenges caused by the pandemic, where
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interest lies in the treatment effect: (1) in a world where the COVID-19 outbreak starts

during the trial and individuals can suffer from COVID-19 infections, (2) if all individuals

were recruited in a world where COVID-19 already exists, and individuals can suffer from

COVID-19 infections, and (3) in the absence of COVID-19, i.e., in a world where the disease

does not exist. The second estimand seems to be important for the conduct of future trials,

as it is reasonable to assume that future medical practice may be slightly different compared

to pre-pandemic times, even if the majority is vaccinated against the virus and immunity

levels remain high.

Similar views have also been published by other authors. For example, when assessing

the impact of COVID-19 on oncology clinical trials, Degtyarev et al. (2020) argued that

the estimand framework introduced in the ICH E9(R1) Addendum provides a common

language to discuss the impact of COVID-19 in a structured and transparent manner.

Cro et al. (2020) presented a four-step strategy for handling missing outcome data in the

analysis of randomized trials that are ongoing during a pandemic, with missing data arising

due to complications as listed above. They considered treatment effects for a ‘pandemic-free

world’ and a ‘world including a pandemic.’

In this article we go beyond the existing literature and focus not only on estimands, but

also on estimators, to handle the impact of the pandemic on clinical trials. The remainder

of this article is organized as follows. In Section 2, we describe a stylized clinical trial

in neuroscience, together with intercurrent events caused by the pandemic and how they

may be handled. We outline different hypothetical estimands in Section 3. In Section 4, we

review various estimators for these estimands, and for each approach, we discuss which data

need to be collected, and the underlying assumptions. We describe different considerations

for designing future trials in the context of any unforeseen disruptions (e.g., emergence of

a new pandemic) in Section 5 and conclude with a discussion in Section 6.

This manuscript is the product of a working group formed from ‘Session Three: Esti-

mands and Missing Data’ of the National Institute of Statistical Sciences (NISS) Ingram

Olkin Forum Series on Unplanned Clinical Trial Disruptions which took place on September

1, 2020. For more information on this scholarly activity click here.
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2 Motivating Example: A stylized trial in neuroscience

with a longitudinal outcome

In this section we describe the features of a stylized trial in neuroscience, and how it may

have been impacted by the pandemic. This stylized trial will be discussed in more detail in

subsequent sections by describing how changes to the estimand and the estimator account

for pandemic disruptions.

Consider a double-blind, randomized controlled trial of a potentially disease-modifying

trial drug (experimental treatment) versus placebo for a neuroscience indication. The

scientific objective guiding the primary estimand compares the outcome measured on a

continuous disease rating scale after 24 months of follow-up between the two treatments,

e.g., Clinical Dementia Rating scale Sum of Boxes (CDR-SB) score in Alzheimer’s disease.

The trial was initiated prior to the pandemic and the targeted treatment effect was

an effect irrespective of any trial treatment interruptions, discontinuations for trial-drug

related reasons or initiations of rescue treatment but assuming that no discontinuations

for administrative reasons had occurred. Therefore, the primary estimand was formally

defined prior to the pandemic as follows:

• The target population includes all patients as defined by the trial’s inclusion/exclusion

criteria.

• The primary variable is defined as a continuous disease rating measured after 24

months of follow-up. The disease rating scale is assessed every 3 months until the

final visit at 24 months.

• The treatment of interest is the randomized treatment (experimental treatment or

placebo) administered every 3 months throughout the follow-up period of 24 months

or until discontinuation due to reasons potentially associated with trial medication.

• The intercurrent events and their associated strategies are:

1. Withdrawal from randomized trial medication due to reasons potentially asso-

ciated with trial medication: treatment policy strategy.
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2. Withdrawal from randomized trial medication due to reasons unrelated to trial

medication (e.g., moving away from the trial site): hypothetical strategy. The hy-

pothetical scenario of interest is if patients who withdrew from randomized trial

medication due to reasons unrelated to trial medication had instead remained

on their randomized treatment.

3. Interruption of the randomized trial medication for any reason: treatment policy

strategy.

4. Initiation of rescue treatment: treatment policy strategy.

5. Death due to any cause: composite strategy, where we assign the worst possible

value when someone dies.

• The summary measure is the difference in the means of the primary variable between

the trial arms.

Impact of the pandemic: As the trial was impacted by the pandemic, the protocol had

to be amended and the following intercurrent events were added due to the pandemic:

6. Withdrawal from or interruption of randomized trial medication due to pandemic-

related administrative or operational reasons.

7. Infections with the COVID-19 virus, receiving COVID-19 vaccinations or receiv-

ing treatments for COVID-19 symptoms.

In trials with a relatively low number of COVID-19-related intercurrent events, trial

stakeholders may be interested in interpreting the treatment effect estimated by following

the original analysis plan that ignores the unforeseen intercurrent events due to COVID-19

(i.e., the same statistical analysis as originally planned aside from possible missing data

issues caused by COVID-19 intercurrent events); see, for example, Meyer et al. (2020). In

such trials, an estimand of interest might therefore correspond to the treatment effect in

the trial that actually took place before and after the onset of the pandemic. Following

the intention-to-treat (ITT) principle, this can be obtained by handling all COVID-19-

related intercurrent events with the treatment policy strategy. In what follows, we will

denote this treatment effect as ‘ITT Estimand’. Note that the treatment effect estimated
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by this ‘simple’ analysis does not necessarily estimate the population measure determined

by the original estimand due to the new intercurrent events. Nevertheless, if the aim is

to decide on the effectiveness of a treatment (i.e., testing the null) rather than evaluating

the magnitude of a treatment effect (i.e., estimation), this ITT estimand might be most

relevant. This is the case when both trial arms are equally affected by COVID-19 (which

might often be the case), as in that case no assumptions are required (Vansteelandt, 2021).

However, in this article, the focus is on potential estimands – besides the ITT estimand –

that may be relevant to determine the impact of a treatment.

Handling administrative and operational related intercurrent events with the treat-

ment policy strategy might not reflect the objective of the trial since we expect these

extreme events to disappear in the future (i.e., once the pandemic is over). Specifically,

as discussed in Meyer et al. (2020), this will often not be of scientific interest because

the conclusions would not generalize to a post-pandemic world (i.e., when the pandemic

has been re-classified as endemic by the WHO). It therefore seems more reasonable to

assume that the objective of a trial relates to a world without major disruptions of the

healthcare system (i.e., no administrative and operational challenges due to the pandemic)

although the coronavirus itself still exists. Such a trial objective could be addressed using

a suitable hypothetical strategy. Taking all of the above into consideration, we describe in

the following section different possible hypothetical estimands to account for the different

COVID-19-related intercurrent events for this motivating example.

3 Possible hypothetical estimands

In this section we discuss various estimand strategies for pandemic-related intercurrent

events. Specifically, we introduce and discuss various hypothetical strategies, which differ

from each other in the postulated hypothetical scenarios and populations (see Section 3.1).

All estimands are formally introduced using the potential outcome notation at the end of

this section (see Section 3.2).
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3.1 A high-level description of the estimands

Estimand 1. One conceivable hypothetical scenario is where interest lies in a treatment

effect for the overall patient population (i.e., population recruited before, during and af-

ter the pandemic) where from the time point of the COVID-19 outbreak individuals can

suffer from COVID-19 infections, but in the absence of administrative and operational

challenges caused by the pandemic. In this hypothetical world, neither COVID-19-related

lockdowns and administrative restrictions nor COVID-19-related withdrawals from the trial

medication and nonadherence due to pandemic-related reasons are happening. Therefore,

intercurrent events related to operational and administrative challenges due to the pan-

demic can be addressed with the hypothetical strategy described here. However, some

individuals may get COVID-19 infection and others can get vaccinated or re-vaccinated.

Such COVID-19 health-related intercurrent events, which can lead to withdrawal from or

interruption of the trial medication, can be handled with the treatment policy strategy.

One of the key attributes of an estimand (as defined in the ICH E9(R1) Addendum)

is its population, which is even more important during a dynamically changing epidemi-

ological situation. The pandemic is an example of an event potentially triggering such

population changes: depending on the disease, the population of patients in a trial prior to

the outbreak of COVID-19 may be different from the population during the pandemic and

may be expected to be different again from the population in future post-pandemic times.

For example, it might be that elderly patients are less likely to attend the doctor’s office

during the pandemic, which shifts the demographics of recruited patients. This might com-

plicate the interpretation and representativeness of the target population. In addition, the

definition of Estimand 1 (and its estimate) will likely be affected by how much information

is available at the time of COVID-19 outbreak (i.e., the time at which the trial started

relative to the outbreak of COVID-19) and the trial’s pattern of recruitment over calendar

time. Consider, for example, a trial where 90% of the patients have their primary endpoint

already recorded at the time of the COVID-19 outbreak. These 90% of the patients’ data

were not affected by COVID-19; in particular, they could not have COVID-19 or a COVID-

19-related intercurrent event. In this case, we anticipate that the estimate associated with

Estimand 1 will likely differ only by a small amount from the treatment effect in a world
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where COVID-19 does not exist (i.e., Estimand 3 to be discussed below). Conversely, if a

substantial number of patients are recruited after the pandemic or the entire trial started

after the pandemic emerged, we then expect the estimate associated with Estimand 1 to

be closer to the treatment effect if all individuals were recruited in a post-pandemic world

(i.e., Estimand 2 to be discussed next).

Arguably Estimand 1 is not entirely in the spirit of the ICH E9(R1) Addendum, since the

estimand, in particular its population attribute, is implicitly (re)defined in retrospect, given

when the trial in question took place in relation to the COVID-19 outbreak. Nevertheless,

it could well be of interest for stakeholders to ask what would have been the outcome

of interest in the overall patient population, in the absence of administrative challenges

caused by the pandemic. Hence, it seems desirable to clearly articulate the treatment effect

it is estimating. Thus, Estimand 1 is a tool for interpreting the results of data analyses

under a disruption, but it cannot be used to prospectively design studies. Instead, the

remaining estimands below are defined to reflect changes in the population across various

time periods (along with other differences in the estimand attributes and strategies to

handle the intercurrent events) and might therefore be more relevant from a scientific point

of view as well as for practical reasons (e.g., when designing future studies). In particular,

we will make a distinction between the population recruited before, during and after the

pandemic. The ‘before pandemic’ patient population corresponds to the population defined

through the trial’s inclusion/exclusion criteria prior to the onset of the pandemic (i.e., prior

to March 2020, which was declared as the start of the pandemic by WHO). The ‘during

pandemic’ patient population is defined by the patients recruited during the pandemic,

while the ‘after pandemic’ patient population is defined by the patients recruited after the

pandemic (i.e., where overall society and the healthcare system have adapted to COVID-

19). To distinguish the latter two cohorts, we need a clear definition of what a ‘post-

pandemic’ world entails. For instance, once WHO has declared a date for the end of the

pandemic, this population could be defined by the population of patients recruited after

this date. However, at the moment, the definition of these periods is not straightforward.

Moreover, the ‘during pandemic’ period might by itself not have homogeneous impact on

the trial because of the wavelike development of the pandemic in many areas. We discuss
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these definitions in more detail in Section 6.

Estimand 2. It is reasonable to assume that some aspects of medical practice in the

post-COVID-19 period may differ compared to the pre-COVID-19 period, as a consequence

of the current pandemic and technological advances, even if the majority is vaccinated

against the virus. For example, the adoption of telehealth, i.e., the use of digital and

communication technologies to access health care services remotely, might increase sub-

stantially and this could make trial enrollment more attractive for subjects who are based

in more rural areas or for more frail subjects who are reluctant to travel frequently to

study sites. This could make the evidence collected before and during the pandemic less

relevant for advising future clinical practice. Thus, a conceivable hypothetical scenario is

where interest lies in the treatment effect in a patient population in a post-pandemic world

(i.e., where overall society and the healthcare system have adapted to COVID-19). Note

that this is a rather ‘practical’ definition and variations of this population are possible

(e.g., reflecting varying levels of vaccination/infections/... at the time of recruitment). As

mentioned before, a reasonable possibility in the future might be to define this population

based on the date for the end of the pandemic that will be set by WHO. As before, we

consider the hypothetical setting where patients can suffer from COVID-19 infections but

in the absence of administrative and operational challenges. This estimand differs from

Estimand 1 due to the difference in the population attribute, as we use the overall patient

population (i.e., population before, during and after the pandemic) in Estimand 1 and the

post-pandemic patient population in Estimand 2. Consequently, in Estimand 2 all patients

could be affected by COVID-19 (e.g., they can get infected by COVID-19).

For Estimand 2, COVID-19 health-related intercurrent events can be addressed with

the treatment policy strategy, whereas the intercurrent events related to operational and

administrative challenges due to the pandemic can be addressed with the hypothetical

strategy described above.

Estimand 3. An alternative conceivable hypothetical scenario is the estimand as-

sociated with the original trial objective. This is the scenario where interest lies in the

treatment effect in the absence of COVID-19, that is, in a world where the disease does

not exist. Consequently, all COVID-19-related events should then be handled with the
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hypothetical strategy. In particular, the hypothetical scenario of interest is if patients who

withdrew from randomized trial medication due to pandemic-related reasons had instead

remained on randomized treatment. Also if patients who had an interruption to trial med-

ication due to pandemic-related reasons had instead remained on randomized treatment

without interruption. Finally, patients who were infected with COVID-19 virus, treated for

or vaccinated against COVID-19 were not infected, treated or vaccinated. In defining this

estimand, we focus on the patient population actually enrolled during the pre-pandemic

period. Specifically, estimation of this estimand (see Section 4), will require that the sample

population facilitates estimation of the treatment effect (as defined by Estimand 3) in the

patient population actually enrolled during the pre-pandemic period. Note that in practice

sponsors may be facing a shift in the population due to the pandemic, leading to challenges

in estimating this estimand. In Section 4.1.4, we therefore discuss an “assumption free”

estimator that enables reliable estimation of this estimand, even when there is a shift in

population, as long as there is a reasonable cohort of patients for whom the data are unaf-

fected by COVID-19. This is appealing as targeting the original trial objective – implying

a treatment effect without potentially confounding influences of COVID-19 – might still

be informative, especially when a substantial number of patients were recruited before the

COVID-19 outbreak.

Throughout the rest of this article we will focus on estimating the above (hypothet-

ical) estimands. Note, however, that other estimands may be of interest that take into

consideration the unforeseen COVID-19-related intercurrent events; see Section 6.

3.2 Notation and formalizing the hypothetical estimands

Following the ICH E9(R1) Addendum, we define the estimands with respect to their five

attributes: population, treatment, variable (endpoint), intercurrent events and a population

summary measure. The population attribute of the estimand includes not only a patient

population but also a state of the pandemic. In the neuroscience example (see Section 2),

the population (Ω) is the patient population satisfying the inclusion/exclusion criteria for

the targeted disease population (e.g., in Alzheimer’s disease) as defined in the trial protocol.

At the design stage, the plan is to recruit a (random) sample of n patients from Ω. Index i
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(1, . . . , n) is used to enumerate the enrolled patients. The patients are randomized to the

intervention and control groups; the treatment indicator is A, where A = 1 if the patient

received the experimental treatment and 0 if the patient received the placebo control. The

baseline covariate data, X0, typically include patient characteristics, lab tests, and other

assessments conducted before randomization. To be able to relax the assumptions when

estimating the different estimands (see Section 4), we allow the covariate data to change over

time by using a subscript t: Xt, t ≥ 0. The endpoint Yt is the primary outcome measure

(e.g., CDR-SB for Alzheimer’s disease), which can be measured at various time points t.

In the neuroscience example, the assessment is completed every three months, so that Yt

is measured up to nine times (t = 0, . . . , 8). The primary endpoint then corresponds to Y8.

The intercurrent events will be quantified by indicators Ct, where Ct = 1 indicates an

intercurrent event that occurred (between time t−1 and t) that potentially affects endpoint

variables and possibly time-varying covariates from visit t onward, Ct = 0 otherwise. In

the above characterization, (A,Xt,Ct, Yt) are random variables but observable over time.

Indexing of the individual elements of multivariate random variables Xt and Ct will be

done using a superscript in parentheses. For the neuroscience example, the five pandemic-

unrelated (1-5) and two pandemic-related intercurrent events (6-7) will be the elements of

Ct =
(
C

(1)
t , . . . , C

(7)
t

)
, as numbered in Section 2. The estimation target is a population

summary measure θ. The sample will be distinguished from population random variables

by the presence of index i. Then, (Ai,Xit,Cit, Yit) represents sample data for subject i at

visit t (t = 0, . . . , 8).

For completeness, we first define the estimand corresponding to the intention-to-treat

effect discussed at the end of Section 2 (i.e., ITT estimand):

θITT = EΩoverall
{Y8(A = 1)} − EΩoverall

{Y8(A = 0)} , (1)

where Y8(A = k) is the counterfactual/potential outcome at time point t = 8 under treat-

ment A = k (k ∈ {0, 1}), that is, the outcome that an individual would have experienced

(at time t = 8) if he/she had received treatment A = k (Lipkovich et al., 2020). Moreover,

Ωoverall denotes the overall patient population before, during and after the pandemic, as a

whole. That is, Ωoverall = Ωprior ∪ Ωduring ∪ Ωafter, where Ωprior, Ωduring and Ωafter denote

the patient population prior to the onset of the pandemic, during the pandemic and after
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the pandemic, respectively.

Estimand 1 is the effect of the treatment for the overall patient population where,

from the time point of the COVID-19 outbreak, individuals can suffer from COVID-19

infections, but in the absence of administrative and operational challenges caused by the

pandemic:

θ1 = EΩoverall

{
Y8(A = 1, C

(6)
t = 0,∀t)

}
− EΩoverall

{
Y8(A = 0, C

(6)
t = 0,∀t)

}
, (2)

where Y8(A = k, C
(6)
t = 0,∀t) is the counterfactual outcome at time point t = 8 under

treatment A = k (k ∈ {0, 1}) and where we intervene (somehow) to set the relevant COVID-

19-related intercurrent events to zero at all time points. How this can be implemented

by predicting patient trajectories is described in Section 4. In this hypothetical world,

neither COVID-19-related lockdowns and administrative restrictions nor COVID-19-related

withdrawals from randomized trial medication and nonadherence due to pandemic-related

reasons are happening.

Estimand 2 is the effect of the treatment in a post-pandemic patient population Ωafter,

where individuals can suffer from COVID-19 infections but in the absence of administrative

and operational challenges caused by the pandemic:

θ2 = EΩafter

{
Y8(A = 1, C

(6)
t = 0,∀t

}
− EΩafter

{
Y8(A = 0, C

(6)
t = 0,∀t)

}
. (3)

Estimand 3 is the treatment effect in the absence of COVID-19, that is, in a world

where the disease does not exist. It is defined as

θ3 = EΩprior

{
Y8(A = 1, C

(j)
t = 0,∀t, j = 6, 7)

}
− EΩprior

{
Y8(A = 0, C

(j)
t = 0,∀t, j = 6, 7)

}
.

(4)

Here, Y8(A = k, C
(j)
t = 0,∀t, j = 6, 7) is the counterfactual outcome at time point t = 8

under treatment A = k (k ∈ {0, 1}) and where we intervene (somehow) to set the relevant

COVID-19-related intercurrent events (treatment withdrawal/interruptions, infections) to

zero at all time points.

In Table 1 we summarize the main differences between the estimands introduced above

with respect to their attributes.
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Table 1: Main differences between various estimands with respect to the estimand at-

tributes. Overall population consists of the population before COVID-19 outbreak, popu-

lation during the pandemic and population after the pandemic.

Estimand Population Strategy for C
(6)
t Strategy for C

(7)
t

ITT Estimand Overall Treatment policy Treatment policy

Estimand 1 Overall Hypothetical Treatment policy

Estimand 2 After pandemic Hypothetical Treatment policy

Estimand 3 Prior to COVID-19 outbreak Hypothetical Hypothetical

4 Potential estimators for hypothetical estimands in

ongoing trials

In this section, we discuss potential estimators for the different (hypothetical) estimands

outlined in Section 3. More specifically, we review in Section 4.1 various estimation methods

using approaches for handling missing data, such as likelihood-based analysis, multiple

imputation, as well as simple and augmented inverse probability weighting. In Section 4.2

we then review methods for combining unbiased with possibly biased estimators.

4.1 Estimation using methods for handling missing data

We first consider estimation using methods traditionally employed to handle missing data

(see e.g., Cro et al., 2020; Olarte Parra et al., 2022). In such settings, patient data, after

relevant (hypothetically handled) intercurrent events may either be physically missing or,

if observed, can be treated as missing as these data are (usually) not relevant in estimating

the estimand of interest. We note though that when estimating hypothetical estimands

it is possible to exploit data observed after the intercurrent event via G-computation

(Olarte Parra et al., 2022). We assume a monotone (i.e., not intermittent) missingness

pattern for patients experiencing relevant intercurrent events (for the estimand of interest)

(see Figure 1). This differs from the approach in Section 4.2 where data observed after

intercurrent events (i.e., data that is not physically missing) may be used in the estimation

if the treatment effect is not affected. In practice, a trial may also have interim missing
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data or data missing for other reasons that are not due to intercurrent events, however, for

simplicity, in the following discussion we first assume this is not the case.

Figure 1: Visualization of the available data. The blue symbols show the available infor-

mation (for the estimand of interest), while the gray symbols show the missing information

(for the estimand of interest). Note that data observed after a relevant intercurrent event

(for the estimand of interest), may be physically missing or, if observed, can be initially set

missing. The circle, triangle and square (in gray and blue) correspond with respectively

the baseline covariates, intermediate outcomes and primary outcomes (for the ‘missing’ and

‘available’ information for the estimand of interest).

For the neuroscience trial, for Estimand 1 (treatment effect in the whole patient pop-

ulation where patients can suffer COVID-19 from the point of the pandemic, but in the

absence of administrative/operational pandemic challenges), only patient data observed

post-intercurrent event C
(6)
t would be set missing. For Estimand 2 (treatment effect in a

patient population after the pandemic, where patients can experience COVID-19 infections

but in absence of administrative/operational pandemic challenges); any data that was ob-

served after experiencing intercurrent events of type C
(6)
t can be set missing. Assuming no
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shift in population (i.e., the overall sample is representative of the targeted post-pandemic

population), data from patients recruited before and during the pandemic can be retained

and used in addition to data from the patients recruited after the pandemic, whilst pre-

and during-pandemic patients should be removed entirely when we want to allow for the

possibility of a shift in population. Note that using data from pre- and during-pandemic

patients before experiencing intercurrent events of type C
(6)
t implicitly assumes that the

treatment effect is not changing over time (i.e., not changing because of the pandemic).

In trials where this is not a reasonable assumption, all (post-baseline) follow-up data (in-

cluding those collected in the post-pandemic period) for participants recruited pre- and

during-pandemic should also be set to missing. For Estimand 3 (treatment effect in the

absence of COVID-19), any patient data observed after experiencing intercurrent events

C
(6)
t (treatment withdrawal/interruptions) or C

(7)
t (COVID-19 health-related intercurrent

events) should be set to missing. In addition, assuming no shift in population, data from

all patients can be included, whilst participants recruited after the onset of the pandemic

would have to be removed entirely when we want to allow for the possibility of a shift in

population.

Formally, for each participant i (i ∈ {1, . . . , n}) let Di denote the last observation time

in the absence of a relevant hypothetically handled intercurrent event, where Di can take

values t = 0, ..., 8. Note that Di = 8 if no hypothetical intercurrent events occur. For each

patient let the column vector YOi = (Yi0, ..., YiDi
)T denote the patient’s observed responses

at times t = 0, ..., Di, and, if Di < 8, let the column vector YPi = (Yi(Di+1), ..., Yi8)T

denote actual (as opposed to counterfactual hypothetical) post-intercurrent responses at

times Di + 1, ..., 8 (which may or may not be observed). The responses we are targeting

in the hypothetical scenario is the vector YMi of missing hypothetical responses at times

Di+1, ..., 8. Let YM denote the column vector of missing values (YT
M1, ...,Y

T
Mn)T which are

the responses in the hypothetical scenario we are targeting and let YO denote the column

vector of observed data relevant for the estimand (YT
O1, ...,Y

T
On)T .

Methods for estimation commonly used in missing data situations that make plausible

assumptions for the post-intercurrent event data, YM , that align with the hypothesised

scenario/estimand of interest can then be used. Different hypothetical estimands will nat-
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urally require different assumptions for post-intercurrent event data. Therefore, the most

appropriate missing data method will depend on the hypothetical scenario underlying the

estimand of interest, and the corresponding required assumptions for the unobserved post-

intercurrent event data. Careful thought is required as to whether information can be

borrowed from those observed in the trial to predict the hypothetical measurements of in-

terest. If the relevant hypothetical post-intercurrent event data is postulated to be similar

to the remaining observed data in the trial conditional on baseline covariates and/or earlier

response data in some form, a missing at random (MAR) assumption may be appropriate

for estimation (see e.g., Cro et al. (2020); Meyer et al. (2020)). As originally described by

Rubin (1976), data are MAR when the probability of missingness does not depend on the

values of the unobserved outcomes, given observed covariates (possibly time-varying) and

outcomes being analysed. Or equivalently, the unobserved data has the same distribution

as that observed, conditional on observed data (covariates and/or outcomes) within the

analysis. We refer the reader to Olarte Parra et al. (2022) for a detailed discussion on the

assumptions required to identify the hypothetical estimands described in Section 3.

In the neuroscience trial for Estimand 1, we are interested in the hypothetical scenario

where patients had not withdrawn from or interrupted treatment due to pandemic-related

reasons (C
(6)
t = 0,∀t). For post-intercurrent event data, a MAR assumption making use of

treatment group, a pandemic time point indicator (patient observed pre/during or poten-

tially post pandemic), covariates (possibly time-varying) and earlier observed responses,

may be most relevant to assume for estimation. Specifically, such a MAR assumption

implies that patients experiencing pandemic-related treatment withdrawal/interruptions

had instead behaved like similar patients observed in the same treatment group who had

not withdrawn or interrupted treatment due to pandemic-related reasons (C
(6)
t = 0,∀t).

The inclusion of a pandemic time point indicator is necessary to ensure the missing post-

intercurrent event data is modelled based upon the data of those observed during the

appropriate time point. Moreover, for MAR to hold here, we need to ensure that we con-

dition on common causes of the hypothetical intercurrent event (i.e., administrative and

operational challenges due to COVID-19) and the outcome of interest, which possibly in-

clude –among others– country, center and age. Here, as C(7) is handled via the treatment
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policy strategy and all observed data are used in the analysis regardless of this event, hypo-

thetical post-intercurrent event data for C(6) will thus be modelled on the data of patients

in the same treatment group which includes the presence of this event.

For Estimand 2, a MAR assumption, making use of treatment group, covariates (pos-

sibly time-varying and possibly including a pandemic time point indicator) and earlier

observed responses, may be most relevant to assume for estimation. Under the assumption

that there is no shift in population and that the treatment effect is not changing over time,

MAR will allow us to model the unobserved patient data appropriately on all the data (of

all patients) that were not impacted by operational and administrative challenges. When

allowing for a shift in population and/or a change in the treatment effect over time (due

to the pandemic), MAR will allow us to model the unobserved patient data appropriately

on the data of only those participants recruited after the pandemic, and not impacted by

operational challenges.

For Estimand 3, interest lies in the hypothetical scenario where patients did not get

COVID-19 or had not withdrawn from or interrupted treatment due to pandemic-related

reasons (C
(j)
t = 0,∀t, j = 6, 7). For post-intercurrent event data, a MAR assumption,

making use of treatment group, covariates (possibly time-varying) and earlier observed

responses, may be most relevant to assume for estimation. Specifically, such a MAR

assumption implies that patients experiencing COVID-19 or pandemic-related treatment

withdrawal/interruptions had instead behaved like similar patients observed in the same

treatment group who did not get COVID-19 or had withdrawn or interrupted treatment

due to pandemic-related reasons (C
(j)
t = 0,∀t, j = 6, 7). This MAR assumption will allow

us to model the post-intercurrent event data based on the remaining observed data of those

who were observed when COVID-19 did not exist, or, when COVID-19 existed, but were

not impacted by it. Such an approach naturally requires a sufficient sample size of observed

data for covariate combinations to reliably model the missing data.

A MAR assumption may not always be plausible for missing hypothetical responses,

where patient data are alternatively supposed to be quite different from the observed patient

data in some form in the hypothetical scenario, even after conditioning on pre-intercurrent

event data. A corresponding missing not at random (MNAR) assumption would be required
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for the post-intercurrent event data. Data are MNAR if the probability of missingness

depends on the unobserved values in some form even after controlling for other observed

variables. The distribution of the unobserved data will be different to that of the observed

data, both marginally and conditionally on observed variables.

Critically, any MAR missing data assumption is not testable and has to be assumed

to be correct for estimating the treatment effect in the hypothetical scenario, i.e., under

MAR that it is plausible to borrow information from the observed to predict the hypothet-

ical measure of interest. MNAR data analyses would require alternative (also untestable)

assumptions. Therefore, a sensitivity analysis under alternative plausible assumptions for

the post-intercurrent event data is recommended.

For simplicity in the following discussion on subsequent methods that can be used to

obtain inference under MAR or MNAR (as appropriate) we assume there is either no other

missing data in the trial (i.e., missing data only occurs due to intercurrent events to be

handled with a hypothetical strategy) or that any other missing data can be appropriately

handled under the same assumption as post-intercurrent event data that are handled via

the hypothetical scenario.

4.1.1 Likelihood-based analysis

Consistent and asymptotically efficient parameter estimates under a MAR assumption can

be obtained via a suitable likelihood-based analysis, provided the assumption about the

missing data mechanism is met, the parameters of the data model and missingness mecha-

nism are distinct such that the parameter space of the joint data and missingness distribu-

tion is the product of the parameter spaces of the data and missingness mechanism (also

known as variation independent) and the complete data model is correctly specified (Little

and Rubin 1987). Here, with missing data we mean the missing hypothetical data. In gen-

eral, a parametric model is assumed for the complete data (including all variables within

the MAR assumption) and inference is obtained based on the observed data likelihood.

Therefore, when the aim is to estimate a hypothetical treatment effect in the absence of

particular intercurrent events where patients are instead proposed to behave like those not

experiencing the event (for example treatment withdrawal/interruptions due to pandemic-
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related reasons for Estimand 1), a likelihood-based model suitable for the type of data

at hand can be fitted to only the relevant pre-intercurrent event observed data YO when

MAR is appropriate. In the neuroscience trial, a linear mixed model for repeated measures,

including all covariates included in the MAR assumption, i.e., treatment, pandemic time

point indicator and relevant baseline covariates (possibly also crossed with time if appro-

priate), can then be fitted to all observed data unaffected by relevant intercurrent events

YO, within a likelihood-based framework. This will estimate the treatment effect in the

absence of the specified intercurrent events, under the assumption that patient data would

be similar to those in their treatment group who are observed and do not experience these

events and who are similar with respect to the observed data (MAR).

Maximum likelihood estimation can also be applied to time-to-event outcomes, e.g.,

using a Cox model fit within a (partial) likelihood-based framework. In other settings

with a categorical, ordinal or count outcome, an alternative appropriate generalised mixed

model may be used.

Another analysis option under MAR, where the observed data likelihood is central, is

the Bayesian approach. Bayesian inference assigns a prior distribution to the parameters

of the data model and the observed data likelihood is multiplied by the prior to form the

posterior distribution for inference. For more details on Bayesian methods for incomplete

data see Chapter 5 in Molenberghs et al. (2014).

4.1.2 Multiple Imputation (MI)

Multiple Imputation (MI) is an alternative method for consistent and asymptotically effi-

cient estimation when a MAR assumption is appropriate for the hypothetical post-intercurrent

event data, provided the assumption about the missing data mechanism is met and models

used for imputation and analysis are correctly specified (Rubin, 1987). MI involves sam-

pling the missing data, YMi, from the conditional distribution of the missing responses

given the observed responses and baseline covariates (potentially including a pandemic

time point indicator if relevant for the estimand at hand), f(YMi|YOi,Xi0,η), within a

Bayesian framework where η are the parameters of this distribution. The missing data

are sampled multiple times to create multiple completed datasets. Post-imputation, the
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analysis model of interest is fitted to each of the imputed data sets. Results across the

imputed datasets are then combined using Rubin’s rules (Rubin, 1987) for inference. Ru-

bin’s rules will only give valid standard errors if the imputations are ‘proper’ and allow for

uncertainty in the parameters of the imputation model (Rubin, 1987). Additionally, the

imputation model should include all the variables included in the analysis model and in

the correct functional form (e.g., including any interactions that are required). Otherwise

if the imputation model omits one or more variables included in the analysis model then

Rubin’s rules will not provide valid inference.

When the imputation and analysis models align then multiple imputation is expected

to give the same results as an observed likelihood-based analysis (within Monte Carlo

sampling variability). However, an appealing feature of MI is that additional variables that

are thought to be predictive of missingness and outcome but are not required in the analysis

model, referred to as auxiliary variables, can also be included in the imputation model.

This can help strengthen the validity of the underlying MAR assumption and can increase

the precision (Collins et al., 2001, Zhou et al., 2001). For example, in the neuroscience

trial for Estimand 3, suppose the presence of a co-morbidity (e.g., diabetes) was identified

as a predictor of outcome and also associated with interruption of trial medication due

to COVID-19 as patients with that co-morbidity missed treatment visits as they were at

greater risk of severe COVID-19 disease; but the treatment effect was not required to be

estimated conditionally on that co-morbidity. MI can be applied to the relevant observed

data, YO, X0 and A, to impute all outcome data that is either missing or set missing post

relevant intercurrent events, YM , under the assumption of MAR conditional on treatment

group, baseline covariates (including the co-morbidity) and earlier outcomes. Incorporating

the co-morbidity within the imputation model enables the unobserved data to be modelled

conditionally on the co-morbidity, but co-morbidity does not need to be included in the

analysis model. Care must however be taken with binary and categorical outcomes, since

the inclusion of as many relevant variables as possible can increase the probability of perfect

prediction and may consequently generate biased results. To approach perfect prediction

further guidance is provided by White et al. (2010).

Up to here we have discussed the use of MI for estimation when MAR assumptions are
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appropriate for post-intercurrent event data. When post-intercurrent event hypothetical

data is believed to be quite different to observed data, an analysis that makes a MNAR

assumption will be required. MI also provides an accessible analysis option for estimation

under MNAR. For example, suppose individuals who have higher outcome values (e.g.,

higher CDR-SB scores) are more likely to get infected with COVID-19. For Estimand 3, to

handle this intercurrent event, a hypothetical scenario may be envisaged where the COVID-

19 infection did not occur and the patients who became infected instead had a worse/higher

outcome than those observed in the trial (who had lower outcome values). Rather than

imputing data based on the observed data distribution (i.e., under MAR), data can be

imputed for the affected patients under an alternative MNAR distribution that aligns with

the hypothetical scenario. Performing MI in such a manner has been termed ‘controlled

MI’ as the analyst has direct control over the imputation distribution (Kenward, 2015).

Any MNAR distribution can be utilised within controlled MI. When a better or worse

outcome is assumed for the hypothetical outcome, relative to that predicted based on

the observed unaffected data (under MAR), an accessible principled approach involves

altering the observed MAR imputation distribution by a specified numerical sensitivity

parameter termed ‘delta’, which in simple cases may be a scalar or in more complex cases

a vector parameter. Formally, MNAR imputation entails sampling the missing data YMi

from the conditional distribution, f(YMi|YOi,Xi0,ηD), within a Bayesian framework where

ηD represents the parameters of this distribution whose values differ across missingness

pattern D. For each imputation, ηD must be first formed to enable imputation using the

standard MI procedure from the above conditional distribution. When a delta approach is

adopted for MNAR imputation, ηD is constructed using the parameters of the MAR implied

conditional distribution, η, and a numerical sensitivity parameter. For each missing data

pattern D, denote δD as the postulated numerical difference in the parameter(s) governing

the departure from MAR, which will create a shifted distribution for imputation. MI then

proceeds using the shifted distribution. In the most simple case, e.g., with a single follow-

up outcome, δD = δ can be a single numerical parameter; for continuous outcomes this will

govern the conditional mean difference between the MAR and MNAR distribution for the

missing outcome; for binary outcomes this can govern the mean difference in the log odds.
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In more complex cases, e.g., with longitudinal follow-up, δD can be a numerical vector

parameter. The numerical sensitivity parameter δD may also vary by treatment arm.

In any trial setting, the extent to which the parameters of the distribution of missing

data are likely to differ from the MAR parameters for each missing data pattern requires

careful consideration and justification. The data cannot inform about the values of delta,

therefore a sensitivity analysis exploring the impact of alternative delta values is recom-

mended to explore the robustness of inferences. A commonly applied approach, a so-called

‘tipping-point’ analysis, involves increasing ‘delta’ until the trial conclusions change. Such

an approach may also be particularly useful for sensitivity analyses, following a primary

MAR analysis. When the departure from MAR varies by treatment arm, i.e., the numerical

sensitivity parameter δD varies by treatment arm, there will generally be greater sensitivity

to different values of δD, i.e., larger differences between the resulting treatment effect and

that observed under MAR, compared to when the departure from MAR is the same for all

individuals (Leacy et al., 2017).

Up to here we have assumed any other missing data in the trial can be handled under

the same assumption as for the hypothetical post-intercurrent event data. When differ-

ent missing data assumptions are required for different groups of participants in the same

trial analysis (e.g., MAR for general loss to follow-up and MNAR for hypothetical post-

intercurrent event data), controlled multiple imputation provides an accessible tool for

estimation. Imputation can proceed using different distributions for the missing data of

different groups of participants. For a more detailed practical overview of controlled mul-

tiple imputation procedures, which includes worked examples where different assumptions

are incorporated in one analysis, see Cro et al. (2020).

The described likelihood-based analyses (e.g., mixed models) and MI methods make a

relatively strong MAR assumption, which requires that no time-varying covariates are rel-

evant, except the outcome, to render missingness independent of the missing hypothetical

outcomes. Although these methods can accommodate time-varying prognostic covariates of

outcome that are associated with having an intercurrent event, it complicates the implemen-

tation as the (missing) covariates and outcomes then need to be jointly modeled/imputed.

This can then increase the risk of model misspecification. In addition, when patients with
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and without missing data (i.e., patients with and without relevant intercurrent events) are

very different, these methods rely on (strong) extrapolation. In the following sections, we

therefore consider methods that do not rely on extrapolation and easily allow for time-

varying prognostic factors of missingness (Robins et al., 2000; Hernán et al., 2001; Hernán

and Robins, 2020).

4.1.3 Inverse Probability Weighting (IPW)

A different approach to handle missing data is to weight the observed outcome data in an

appropriate manner that corrects for the patients with missing outcome data. This class of

estimators directly uses models for the missingness mechanism itself (Robins et al., 2000;

Hernán et al., 2001; Hernán and Robins, 2020):

1. Under MAR, the probability of missingness (i.e., due to a relevant intercurrent event)

can be estimated based on the observed (longitudinal) outcomes, time-varying covari-

ates and any additional auxiliary variables that are thought to predict missingness.

Depending on the estimand, these might include a pandemic time point indicator

(patient observed pre/during or potentially post pandemic). Denote by C̄t, X̄t and

Ȳt the history until (and including) time point t of the intercurrent events, the co-

variates and outcomes, respectively. Moreover, let C∗
t equal 0 if C

(6)
t = C

(7)
t = 0 and

1 otherwise for Estimand 3 (see Equation (4)), and let C∗
t equal 0 if C

(6)
t = 0 and

1 otherwise for Estimand 1 (see Equation (2)) and Estimand 2 (see Equation (3)).

Then, at each time point t ∈ {1, . . . , 8}, we estimate the conditional probability

P (C∗
t = 0|A, C̄t−1, X̄t−1, Ȳt−1)

by fitting a logistic regression in the patients with C∗
t−1 = 0, where 0 is a vector with

only zeros and C∗
t−1 = (C∗

0 , C
∗
1 , . . . , C

∗
t−1).

2. These probabilities can then be used to calculate the inverse probability weights,

Wi =

Di∏
t=1

1

P (C∗
it = 0|Ai, C̄i,t−1, X̄i,t−1, Ȳi,t−1)

for each patient i.
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3. These weights can then be used to weight the complete cases and obtain an estimate

of the treatment effect as follows:

n−1
1

n∑
i=1

I(Ai = 1,C∗
i8 = 0)WiYi8 − n−1

0

n∑
i=1

I(Ai = 0,C∗
i8 = 0)WiYi8

with n1 and n0 denoting the number of (relevant) patients in the experimental treat-

ment and placebo arm, respectively. Here, with ‘relevant’ we mean the patients that

are considered relevant for the estimation of the considered estimand. Alternatively,

we can use stabilized weights by replacing n1 and n0 by
∑n

i=1 I(Ai = 1,C∗
i8 = 0)Wi

and
∑n

i=1 I(Ai = 0,C∗
i8 = 0)Wi, respectively.

Each complete case’s outcome data is weighted by the reciprocal of the probability of

that patient having observed outcome data on the basis of his/her characteristics. Weight-

ing thus corrects for the selection bias (in ‘sufficiently’ large samples), induced by the

fact that patients with complete data may form a selective subgroup, when all prognostic

factors of missingness have been measured (i.e., under MAR). Intuitively, this is because

IPW reconstructs a ‘pseudo’ random sample from the intended trial population, by giving

more/less weight to patients when they are less/more likely (on the basis of their character-

istics) to have the outcome measurement(s) observed, which here equates to the intercurrent

events handled via the hypothetical strategy not occurring.

The proposed estimator is consistent, provided that the model for not having a relevant

intercurrent event (no missingness) is correctly specified, MAR allowing for time-varying

covariates –observed outcomes as well as auxiliary variables– holds and the positivity as-

sumption is met. The MAR assumption requires that at each time in the trial, we have

access to all prognostic factors (possibly time-varying) of outcome that are associated with

having a relevant intercurrent event (e.g., of type 6 for Estimand 1). This is a weaker MAR

assumption than the one considered for the particular implementations of likelihood-based

analysis and multiple imputation we considered earlier as we are allowing for time-varying

covariates. The positivity assumption on the other hand states that the probability of not

having a relevant intercurrent event (e.g., of type 6 for Estimand 1) given the observed

history is always positive.

A disadvantage of this approach, which we discuss in more detail in the next section, is

that other approaches can more easily deal with nonmonotone (i.e., intermittent) missing
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data. Another important limitation of IPW estimators is their lower efficiency compared to

likelihood-based and imputation approaches (Clayton et al., 1998; Carpenter et al., 2006).

In the next section, we will show how the IPW estimator can be augmented by making

direct use of the data from incomplete cases in order to improve upon its efficiency.

4.1.4 Augmented Inverse Probability Weighting (AIPW)

This class of estimators involves augmenting the simple inverse probability weighted com-

plete case estimating equation (Robins et al., 1995). AIPW can be seen as a hybrid of IPW

and imputation as it makes use of a model for the missingness mechanism and a model

for the distribution of the complete (outcome) data. Estimators in this class therefore can

yield improved efficiency compared to IPW estimators and have the appealing property of

being doubly robust. The latter means that the estimator offers the analyst two chances,

instead of only one, to obtain valid inference; an AIPW estimator is doubly robust if it is

guaranteed to be consistent when either an imputation model (i.e., a model for the distri-

bution of the complete (outcome) data) or a model for the probability of complete data

is correctly specified by the user, but not necessarily both. This improved robustness is

a crucial property not shared by standard IPW estimators or standard likelihood-based

estimators.

For simplicity, we first consider a trial where data are recorded at three time points:

baseline (t = 0), an intermediate time point (t = 1) and the final time point (e.g., after 24

months; t = 2). We can distinguish three cohorts of patients: a first cohort of patients for

whom we have observed all data (i.e., all data are unaffected by the relevant intercurrent

events; C∗
2 = 0), a second cohort of patients for whom we have observed the baseline

measurements X0 and Y0 and the intermediate measurements X1 and Y1 (C∗
1 = 0 and

C∗
2 = 1), and a last cohort of patients for whom only the baseline measurements X0 and

Y0 are unaffected/observed (C∗
0 = 0, C∗

1 = 1 and C∗
2 = 1). For trials with longitudinal

follow-up and longitudinal monotone missing data, there are a number of approaches that

can be taken (Bang and Robins, 2005). We review one specific AIPW imputation estimator

for E [Y2(A = 1,C∗
2 = 0)] that has this doubly robust property and can be obtained using

standard software via the following approach:
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1. At each time point t (t ∈ {1, 2}), we estimate the conditional probability

P (C∗
t = 0|A, C̄t−1, X̄t−1, Ȳt−1)

by fitting a logistic regression among the patients with C∗
t−1 = 0.

2. Fit a generalized linear model with canonical link (e.g., linear regression for a contin-

uous endpoint) for the outcome Y2 among the treated (A = 1) complete cases (cohort

1) given X̄1 and Ȳ1, using weights

2∏
t=1

1

P (C∗
t = 0|A, C̄t−1, X̄t−1, Ȳt−1)

.

3. Use this model to impute Y2 (using conditional mean imputation) for the treated

patients in cohort 1 and 2 based on their observed measurements for X̄1 and Ȳ1;

Specifically, let Ŷi2(X̄i1, Ȳi1) denote the fitted value for patients i for whom no missing

data is observed up to at least time 1 (C∗
1 = 0; patients in cohort 1 and 2).

4. Fit a generalized linear model with canonical link (e.g., linear regression for a con-

tinuous endpoint) for the prediction Ŷ2(X̄1, Ȳ1) among the treated (A = 1) patients

in the imputed dataset (cohort 1 and 2; C∗
1 = 0) given X0 and Y0 using weights

1

P (C∗
1 = 0|A,X0, Y0)

.

5. Use this model to impute Y2 (using conditional mean imputation) for all patients (all

treated and untreated patients) based on their observed measurements for X0 and

Y0. Specifically, let Ŷi2(Xi0, Yi0) denote the fitted value for patient i.

6. Take the sample average of the fitted values Ŷ2(X0, Y0) over all patients.

An estimator for E [Y2(A = 0,C∗
2 = 0)] can be obtained in a similar way but by reversing

the role of treated and untreated patients. The standard error can be estimated via the

non-parametric bootstrap.

The algorithm for the neuroscience trial, where there are 9 timepoints, is described in

Appendix A of the Supplementary Material.
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In addition to monotone MAR missingness, this estimator relies on the following pos-

itivity assumption: at any time point t, any patient without missing data at time point

t − 1 has a positive probability of observing the outcome measurement at time t given

treatment assignment, baseline covariates (possibly including a pandemic time point in-

dicator) and all post-baseline measurements up to time t − 1. Under these assumptions,

the resulting estimator is doubly robust, that is, it is consistent when the models for the

probability of non-missingness are correctly specified at all time points, even when the

outcome regression/imputation models are not, and vice versa (Bang and Robins, 2005;

Hernán and Robins, 2020). In addition, the proposed estimator is most precise (out of

all inverse probability weighting estimators) if all models are correctly specified. In par-

ticular, it has the additional advantage of being more efficient than the IPW estimator

because of the additional information in the outcome/imputation models. Nevertheless,

under misspecification of all models, AIPW can sometimes do worse than likelihood-based

methods or IPW (Kang and Schafer, 2007). There are methods such as the biased-reduced

doubly robust estimator to improve performance under model misspecification (Vermeulen

and Vansteelandt, 2015). Moreover, IPW and likelihood-based methods have the benefit

of being flexible and often straightforward to implement with standard software, even in

more complex settings.

An algebraically equivalent sequential regression estimator is discussed in Bang and

Robins (2005). This different representation leads to a computational algorithm that can

be (more) easily implemented using standard off-the-shelf regression software. It moreover

directly links with the targeted minimum loss-based estimation (TMLE) framework (see

e.g., van der Laan and Gruber, 2012), which is the current frontier for embedding machine

learning in the construction of doubly robust estimators. The development of coherent

missing data models to account for missingness by IPW and AIPW has mainly been re-

stricted for use in monotone MAR settings. To handle nonmonotone missingness, we refer

the reader to Vansteelandt et al. (2007). More recently, Sun and Tchetgen Tchetgen (2018)

proposed a class of models for nonmonotone missing data mechanisms. Moreover, Sun et al.

(2018) developed a semi-parametric estimation approach for MNAR data with the aid of

instrumental variables.
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“Assumption free” estimator

The AIPW estimator described earlier naturally leads to an “assumption free” estimator

for the treatment effect in the absence of COVID-19, that is, in a world where the disease

does not exist (Estimand 3). To see this, consider Figure 2, where the observed and

unaffected data for the analysis is limited to the observed pre-pandemic data and (possibly)

baseline data of patients recruited after the COVID-19 outbreak. Specifically, under the

assumption that recruitment occurs randomly (i.e., independent censoring holds, in the

sense that the probability of belonging to a certain cohort is fixed and does not depend

on the (time-varying) covariates or outcomes) and that there is no population shift due

to COVID-19 in the considered sample (i.e., patients recruited before, during and after

the pandemic are similar with respect to their baseline covariates), we will also exploit

the baseline measurements of the patients recruited post COVID-19 outbreak. In case

of a population shift, the approach below can still be used to estimate Estimand 3 by

excluding the patients randomized post COVID-19 outbreak from the analysis (i.e., only

include patients randomized before COVID-19 outbreak in order to ensure that there is no

population shift in the considered sample).

Note that, for didactic reasons, this is a simplified setting with only one intermediate

outcome. As before, we will consider the estimation of the treatment effect in a world

without COVID-19 as a missing data problem. In the simplified case of one intermediate

time point, we can distinguish three cohorts of patients (see Figure 2): a first cohort of

patients for whom all data are available (i.e., not impacted by COVID-19), a second cohort

of patients for whom only the baseline and intermediate measurements can be employed

and a third cohort of patients for whom we can only employ the baseline measurements of

the outcome and covariates. Here, if we assume no population shift due to the COVID-19

outbreak, the third cohort of patients can also include patients randomized post COVID-

19 outbreak. Note that, under random recruitment, the probability of belonging to a

certain cohort is fixed and does not depend on the (time-varying) covariates or outcomes.

The weighted regressions in the previous section can therefore be replaced with standard,
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Figure 2: Visualization of the available data in a simplified setting with only three time

points, assuming there is no population shift. The blue symbols show the measurements

not impacted by COVID-19 (so-called ‘available’ or ‘observed’ information), while the gray

symbols show the measurements (possibly) impacted by COVID-19 (so-called ‘missing’ in-

formation). The circle, triangle and square (in gray and blue) correspond with respectively

the baseline covariates, intermediate outcomes and primary outcomes (for the ‘missing’ and

‘available’ information for the estimand of interest).

unweighted regressions:

1. fit a regression for the conditional mean of the outcome Y2 given the baseline measure-

ments X0 and Y0 and the intermediate measurement X1 and Y1 among the complete-

cases (i.e., patients in cohort 1) in the treatment arm using a canonical generalized

linear working model (with intercept),

2. use this regression model to predict the outcome Y2 for all patients in cohort 1 and 2

of the treatment arm, which we denote with Ŷi2(X̄i1, Ȳi1),

3. fit a regression of these predictions Ŷi2(X̄i1, Ȳi1) on the baseline measurements X0

and Y0 among all patients in cohort 1 and 2 of the treatment arm using a canonical

generalized linear working model (with intercept),

4. use this regression model to predict the outcome Y2 for all patients, which we denote
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by Ŷi2(Xi0, Yi0); and taking the average of the predicted values Ŷi2(Xi0, Yi0) over all

patients (treated and untreated).

In order to obtain an estimate of the treatment effect in a COVID-19 free world (Estimand

3), a similar approach can be followed for the average outcome under placebo (in a COVID-

19 free world).

As we assume here the missingness mechanism (or the probability to belong to a cer-

tain cohort) is known, this estimator has the appealing feature of being asymptotically

unbiased and consistent, even when the adopted prediction models are misspecified. A

similar model-robust, covariate adjusted estimator has been used in Benkeser et al. (2020)

to improve precision in randomized trials for COVID-19 treatments. However, misspeci-

fication will affect the estimator’s variance, with the variance being minimized when the

outcome/imputations models are correctly specified. Its variance can be estimated by the

nonparametric bootstrap.

Although a reasonable amount of data might be discarded and this estimator should

therefore only be part of the sensitivity analysis, limiting the analysis to the observed and

unaffected data has the advantage that it overcomes possible misclassification of intercur-

rent events related to COVID-19. This estimator moreover relates to the recommendations

in the FDA (2020) guidance on ‘Statistical Considerations for Clinical Trials During the

COVID-19 Public Health Emergency’ by excluding all (outcome) data that is possibly im-

pacted by the COVID-19 pandemic; i.e., also from patients that were randomized before

the outbreak as long as they have outcomes potentially impacted by the pandemic.

4.2 Combining unbiased and possibly biased estimators

In this section, we present a statistical method to combine an unbiased (or asymptotically

unbiased) estimator based on pre-pandemic data with another possibly biased estimator

based on data collected during the pandemic. To combine these estimators into a single

estimator with a smaller mean squared error or a smaller variance, we require existence

of the first two moments of these estimators. These include many popular estimators,

for example, maximum likelihood estimators, sample means, or asymptotically normal

estimates of regression coefficients.
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Methods for combining information from multiple sources to minimize mean squared

error were proposed in Dmitriev et al. (2014) and Tarima et al. (2020). Readers interested

in Bayesian approaches for combining information from multiple data sources may refer

to Gravestock et al. (2017) and Hobbs et al. (2012); and for approaches on information

borrowing see Spiegelhalter et al. (2004).

As it will be shown later, the optimal combined estimator works in the following circum-

stances. First, when the pandemic changes the effect of treatment, the impact of the data

collected after the COVID-19 outbreak is (adaptively) suppressed by the combined estima-

tor. Second, if the pandemic does not change the treatment effect, the data collected after

the COVID-19 outbreak improves the accuracy of the estimator based on pre-pandemic

data only. Consider estimation of θ3 (denoted by θ in what follows) defined by Equation

(4), and assume for simplicity that θ = 0. When a trial is designed, the plan is to enroll

n patients and use an estimator θ̂n based on n patients. Typically, this estimator is either

unbiased E(θ̂n) = 0, or asymptotically unbiased by a central limit theorem. In the neuro-

science example, the averaged CDR-SB score (the primary outcome) is assumed to be an

unbiased estimator of θ. When the pandemic strikes, only the first m patients (i.e., the

patients in cohort 1 in Section 4.1.4) have their primary endpoint observed and the esti-

mator θ̂ for θ with estimated variance v̂ar(θ̂) can be calculated based on the pre-pandemic

data. The primary endpoint collected for the remainder of the patients (i.e., patients in

cohorts 2 and 3 in Section 4.1.4) is summarized by θ̃ with estimated variance ṽar(θ̃). As

discussed in previous sections, the impact of the pandemic may change the data collection

procedure, treatment adherence, and/or the treatment itself, which may or may not affect

the distribution of the primary endpoint. It is reasonable to assume that the pandemic

might lead to a biased estimator, E(θ̃) = θ − δ. For example, in the neuroscience trial,

as older and more fragile patients may not show up at some follow up visits, the averaged

CDR-SB score over pandemic visits can be a biased estimator of θ. It is possible, however,

that δ = 0 in which case the endpoint collected during the pandemic may improve estima-

tion accuracy. This raises the question “How to use the data collected during the pandemic

without damaging the asymptotic properties of the estimator?”
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Consider a class of linear combinations of the estimators θ̂ and θ̃,

θλ = θ̂ + λ
(
θ̂ − θ̃

)
= θ̂ + λδ̂, (5)

where δ̂ = θ̂− θ̃. The smallest mean squared error (MSE) in the class θλ is reached when λ

is equal to λ0 := −var(θ̂)E−1(δ̂2), where E(δ̂2) = var(θ̂)+var(θ̃)+δ2. Thus, the estimator

with the smallest MSE is

θλ0(δ) = θ̂ − var(θ̂)E−1(δ̂2)δ̂ (6)

with

MSE[θλ0(δ)] = var(θ̂)− [var(θ̂)]2E−1(δ̂2).

Note that θλ0(δ) and its corresponding true MSE, MSE[θλ0(δ)], depend on δ as E(δ̂2)

depends on δ. The unknown variance and expectation in θλ0(δ) are estimated leading to a

new estimator θλ̂0(δ), where λ̂0 = −v̂ar(θ̂)Ê−1(δ̂2).

In the special case of δ = 0, θλ is unbiased for all choices of λ. Then,

θλ0(0) = θ̂ − var(θ̂)var−1(δ̂)δ̂ (7)

has the smallest variance among all θλ (see Tarima and Pavlov, 2006), and

var[θλ0(0)] = var(θ̂)− [var(θ̂)]2

var(θ̂) + var(θ̃)
. (8)

The quadratic term at the right hand side of equation (8) shows the reduction in variance

when δ = 0. The estimators θλ̂0(0) and θλ0(0) do not protect against the presence of bias.

For example, if the pandemic impacts the treatment effect and E(θ̃) 6= θ, then θλ̂0(0) will

be biased. Asymptotic relative efficiency of (7) is explored in Albertus (2022).

In practice, the estimators θλ̂0(δ) and θλ0(δ) cannot be used because of their depen-

dence on the unknown δ. When δ̂ is substituted for δ, a new estimator θλ̂0(δ̂) is obtained.

If δ 6= 0, θλ̂0(δ̂) continues to be an asymptotically unbiased estimator of θ and is asymptoti-

cally equivalent to θ̂. On the other hand, if δ = 0, we should be more precise:
√
n[θ̂0(δ̂)−θ]

is no longer a normal random variable; but it continues to converge to a stationary distri-

bution and can be used for more powerful hypothesis testing as compared to the unbiased

estimator. A Monte-Carlo example is reported in Appendix B of the Supplementary Ma-

terials illustrates the benefit of θ̂0(δ̂) when δ = 0.
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In contrast to many model-based approaches presented in this article, the combined

estimator minimizing MSE does not require any model assumptions except for existence

of two moments and (asymptotic) unbiasedness of the originally planned estimator. Thus,

it can be safely applied for estimating Estimand 3, the estimand associated with the origi-

nal trial objective. The combined estimator is asymptotically equivalent to the estimator

based on pre-pandemic data only if pandemic changed the treatment effect, and will have

a smaller MSE, a shorter confidence interval, and will lead to more powerful testing if the

pandemic did not affect the treatment effect. Since the effect of the pandemic is typi-

cally unpredictable, it is not impossible that despite the pandemic effects on recruitment

rates, variability (SDs), attrition rates and duration of follow-up, the treatment effect may

continue to be unaffected. Thus, the use of the combined estimator is a safe option as it

protects against the undesirable impact of model misspecification.

The estimation procedure described in this subsection can also be applied to estimate

other estimands. The only requirement is the ability to estimate the summary measure of

interest without bias. Then, other possibly biased estimators can be used to improve the

MSE of the original estimator.

5 Recommendations for future trials

In this section, we outline different considerations for designing future trials in the context

of the COVID-19 pandemic. Amongst the hypothetical estimands discussed in this paper,

Estimand 2 may be the most relevant primary estimand for a trial that will be conducted

when the pandemic is (almost) over. Below we further elaborate on the different attributes

of the target estimand in the COVID-19 context.

5.1 Estimand attributes

New trials designed in midst of the pandemic face a situation where new drugs are devel-

oped and treatment effects have to be estimated in a heterogeneous and unstable future.

Participants can enter the trial with prior COVID-19 history or develop COVID-19 during

the trial. We follow the estimand framework and thinking process from the ICH E9(R1) Ad-
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dendum to define the scientific question of interest and summarize key aspects to consider

in designing new trials in the midst of the pandemic to target the relevant treatment effect

to be estimated. Harmonization of design principles for new trials will be key for alignment

across sponsors developing drugs and regulatory agencies evaluating drugs in similar dis-

ease indications. To help construct the target estimand, we describe these considerations

in relation to the estimand attributes as follows:

• When defining the trial population, the inclusion/exclusion criteria of a future

clinical trial should be explicit regarding the COVID-19 status and other risk factors.

This means that the eligibility criteria should be clear if there are any restrictions

for patients with active COVID-19 infection, which might depend on the targeted

disease. When deciding whether to make any such restrictions, some of the patient

factors to consider include geographic regions for trial conduct, racial diversity of

patient population, underlying disease conditions, and duration of trial.

• The primary variable for new trials should reflect clinical practice, an adequate

measure of clinical benefit and acceptance by regulatory agencies. In certain situa-

tions, where the pandemic can impact the reliability of measurements of the primary

endpoint, there may be a need for surrogate endpoints that can reliably measure the

clinical benefit, such as estimands at landmark time points or at earlier time points

as opposed to later time points.

• Given that patients may experience COVID-19 and require medication to treat it, the

definition of the treatment of interest has to be explicit whether such additional

medication becomes part of the treatment of interest i.e., ‘experimental treatment’

against a ‘control’ or the ‘experimental treatment plus COVID-19 drugs as needed’

against ‘control plus COVID-19 drugs as needed’.

Given COVID-19 medications may continue to be standard in a future pandemic-free

world (e.g., when WHO declares the pandemic as endemic but still relatively many

people may be infected and need such treatments), including COVID-19 drugs with

experimental treatment and control as part of treatment of interest might be most

relevant as it quantifies the treatment effect in a setting including the expected impact
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from medications used to treat COVID-19.

• New trials are still likely to face additional challenges that stem from patient exposure

to COVID-19, administrative lockdowns in specific regions and patient health impacts

from COVID-19. Hence, defining relevant intercurrent events related to disease,

pandemic-related lockdowns and concomitant medications used to treat COVID-19

and corresponding strategies to handle them will be key in addressing the scientific

question of interest. For the estimand of interest, different strategies to deal with

COVID-19-related intercurrent events versus other intercurrent events can be con-

sidered. For example, in the case of dose interruptions due to COVID-19 mobility

restrictions, a hypothetical strategy could be considered, whereas withdrawal due to

adverse events (whether COVID-19-related or not) can be dealt with by the treatment

policy strategy or the composite strategy.

• The summary measure depends on the expected (planned) duration of the trial

and the reliability of the treatment effect estimate.

5.2 Design, Analysis Approach and Estimation

There are further considerations to take into account when designing a trial during the

pandemic. First, depending on the target population we may need to consider stratification,

and enrichment based on prior COVID-19 status for an adequate representation of the

patient population given the pandemic situation in the world. In particular, certain regions

or countries may have different rates of COVID-19 infections and vaccination coverage,

making patients more or less susceptible to suffering pandemic-related intercurrent events.

Thus, at first, recruiting patients in areas with a lower risk can be more appealing in

an effort to avoid the occurrence of pandemic-related intercurrent events. However, each

national regulatory agency would like to have data that are representative for their own

population. This may then lead to the need to recruit (more) patients from higher risk

areas if these are relevant for the particular agency.

Second, the time expected for the trial to be completed is crucial to anticipate whether

it will occur before the pandemic is under control. If we expect that the trial will extend
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beyond this point, we will encounter a similar situation as the one depicted in Figure 1,

except we will no longer have a pre-pandemic recruitment cohort.

Unfortunately, the lines of demarcation between these cohorts are blurred. This is

because besides requiring a clear definition of what a ‘post-pandemic’ world entails, there

is the potential for a ‘carry-over’ pandemic effect. For example, even if patients recruited

after a particular time are not at risk for COVID-19, those with a history of COVID-19 may

still suffer effects from the disease. Excluding these patients from the trial population may

in turn be problematic if the target population corresponds to a group with a substantial

prevalence of COVID-19 history. The same issue arises when including patients who have

received a vaccine.

If it is possible to rule out a carry-over effect, the next issue to consider is the proportion

of patients that would need to be recruited after the pandemic is under control to make the

results valid, as this would be the basis group to use for the imputation model. Another

planning challenge is not knowing if and when the pandemic is going to be under control.

All of these are important considerations and remain open questions for challenges for

future trial design.

When the trial is planned, the true impact of the pandemic is typically unknown but

it is possible that the impact is minimal. Then, estimation of estimands defined for the

post-pandemic world can benefit from the data collected during the pandemic. Similarly,

estimation of estimands defined for the pandemic affected world (‘during pandemic’) can

benefit from the data collected during the post-pandemic phase. Researchers are typically

reluctant to use data collected in a ‘wrong’ world, but are much more reluctant to exclude

the data they have already collected. The approaches detailed in Section 4 can be applied

in future trials to target for instance Estimand 2, where we envisage a setting where the

intercurrent event disruptions were prevented from happening. As described in Section

4.1, we highlight the importance of carefully considering the missingness mechanism when

choosing a statistical method for a particular context. The plausibility of the MAR assump-

tion versus MNAR will determine the suitability of the method. Likewise, considerations

regarding the need to account for time-varying covariates is warranted to aid the estimator

choice. The estimator suggested in Section 4.2 combines both data sources, continues to be
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asymptotically unbiased, and thus also is an attractive impartial solution to the researchers’

dilemma. We refer the interested reader to Appendix B of the Supplementary Materials

for an illustration based on a Monte-Carlo trial.

Finally, the primary variable and other relevant information is often assessed at periodic

visits during follow-up. Due to lockdowns and mobility restrictions, patients may miss one

or more of their scheduled visits resulting in missing data. When planning future trials,

ways to mitigate the impact of pandemic-related policies should be considered. To avoid

missing data in this context, one consideration is to reduce the frequency of the visits or

to have the assessments performed at home by a nurse. For certain outcomes, it may be

possible to consider phone calls or telemedicine assessments, which, however, may not be

available to all patients. Any modification of the above aspects need to take into account

whether the treatment effect can be reliably estimated. For a detailed discussion on the

use of remote assessments and other decentralized clinical trial elements we refer the reader

to Alemayehu et al. (2022). Further considerations regarding the need of centrally adju-

dicated assessments can be considered. These considerations are relevant when planning

data collection and data analysis. A possible drawback is the reliability and concordance

of the measurements obtained by these alternative procedures. In addition, decentralized

trials can introduce heterogeneity in data collection, which can result in changes in patient

population and/or treatment management and which need to be accounted for when esti-

mating the treatment effect of interest.

6 Open questions and discussion

In this article, we introduced different hypothetical estimand strategies for trials inter-

rupted by COVID-19. Nevertheless, the estimands in Section 3 are not an exclusive list

of estimands that may be of interest with respect to COVID-19 and the new COVID-

19-related intercurrent events. For example, a variant on Estimand 2 is focusing on the

treatment effect in the patient population in the during- and post-pandemic world. In ad-

dition, due to the continuing appearance of new COVID-19 variants, the treatment policy

strategy becomes another important mechanism for handling some intercurrent events such
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as COVID-19-related treatment discontinuation. For handling such intercurrent events us-

ing a treatment policy strategy, some of the presented methods may not be applicable

anymore. Similarly, in case of a high frequency of intercurrent events the treatment policy

might also be more appropriate than a hypothetical strategy for reliable estimation.

Moreover, the occurrence of death due to COVID-19 will lead to additional challenges

when formulating an estimand of interest. Death as an intercurrent event will require

careful consideration and the appropriate strategy depends on the disease under study and

the clinical endpoint (Meyer et al., 2020; Akacha et al., 2020). For example, in disease areas

with minimal mortality and where death is not a component of the primary endpoint,

a hypothetical strategy for deaths related to COVID-19 infections may be considered.

However, the relevance and acceptability of a hypothetical estimand strategy seems to be

less clear in more severe diseases where death due to other causes is part of the endpoint. For

example, how should we account for deaths due to COVID-19 in a cardiovascular outcome

trial where death is an outcome of interest? Should this be counted as an additional

event for the outcome of interest or addressed with an appropriate choice of strategy as an

intercurrent event? The impact of such intercurrent events, which may occur at different

rates in the different treatment arms, needs to be carefully assessed on a case-by-case basis,

and will in all likelihood lead to estimands not considered in this paper.

The estimands proposed in this article are defined to reflect the changes in the popula-

tion across various time periods relative to the pandemic. Estimand 2, for instance, requires

a definition of the time point at which COVID-19 is brought under control. Although the

demarcation separating the time before the COVID-19 outbreak and the start of the pan-

demic is relatively clear, unfortunately, how to mark the start of the post-pandemic cohort

is less apparent (see Section 5.2). As different definitions of these cohorts are possible, we

recommend defining them based on discussions with clinical experts for each trial – depend-

ing on the disease area – separately. Interest may, for instance, lie in a (post-pandemic)

world where in every quarter at most 5% of the patients get infected, or alternatively a

(post-pandemic) world where at least 90% of the patients are fully vaccinated. Note that

for multi-site or international trials, cohort demarcation times may vary at site or country

level and may be informed by local COVID-19 infection rates. A more formal definition of
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the post-pandemic population might be considered once the pandemic has been re-classified

as endemic by the WHO. The post-pandemic population might then be defined as the pop-

ulation (recruited) after the date set by the WHO to declare the end of the pandemic. The

issues described for future trials regarding the potential for a ‘carry-over’ effect also apply

for ongoing clinical trials.

Moreover, not all study objectives can be addressed with sufficient quality. That is, in

some cases we may not be able to estimate the targeted treatment effect reliably under

plausible assumptions. For example, if an estimand targets a world without COVID-19,

imputation models for predicting hypothetical values will be unreliable if the pre-COVID-

19 sample sizes are too small. In addition to having large standard errors of regression

coefficients, low quality imputation models may also miss important model predictors and

include irrelevant predictors leading to problematic (multiple) imputations and possibly

misleading conclusions. It is possible that the analytic model could become inestimable

for some imputed datasets. The higher the percent of inestimable configurations of im-

puted datasets, the higher bias can be. Various sensitivity analyses can partially mitigate

the impact of problematic imputations. Thus, the estimand choice must be balanced with

practical considerations of what can be reliably and robustly estimated in present circum-

stances.

When the sample (of recruited patients) represents a different population than the

original target population, results may not be (directly) generalizable to that original target

population. As it happened with COVID-19, older patients were less likely to attend the

doctors office, which shifted the demographics of recruited patients. For example, it might

be that no patients 65 years of age or older are recruited after the outbreak. Age is just

one example of a pandemic’s impact on sampling; other examples include but are not

limited to a patient’s vaccination status and various comorbidities. Different estimands

can be considered when interest still lies in the target population. For example, if interest

lies in a world without COVID-19, we suggest Estimand 3. Another option would be to

estimate the effect in a post-pandemic world for the target population, by transporting

data from the ‘post-pandemic population’ to the ‘pre-pandemic population’. This can be

accomplished using an outcome model and a propensity score model for the probability
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of belonging to the pre-COVID-19 population given baseline characteristics (Van Lancker,

2021). Because of the shift in (sample) population, it is also possible that interest lies in an

underrepresented subgroup after the pandemic, such as patients older than 65, rather than

the entire original target population. In this case, an analysis could be done to identify

the risk for the patients older than 65 based on the available data prior to the COVID-

19 outbreak. Such an analysis would be similar to an analysis for Estimand 3 for the

population of patients older than 65.

In this article, we also have discussed different missing data methods, which provide an

accessible route to addressing intercurrent events with the hypothetical strategy. However,

they do necessitate strong assumptions about unobserved data in the hypothetical scenario

of interest under MAR or MNAR. When post-intercurrent event data are assumed to be

similar to the data of observed individuals in the hypothetical scenario a MAR assumption

may be most plausible, but critically MAR (or MNAR) is untestable. Therefore sensitivity

analyses under alternative assumptions, also relevant for the estimand of interest, for any

missing data should be conducted. Different missing data methods also entail additional

assumptions as explored in Section 4.1. For example, an MI analysis requires the imputation

model to be correctly specified and a proper method of MI be employed. In the context of

COVID-19, decisions regarding what data is and is not relevant for the analysis (dependent

on estimand strategies) are first required before any missing data methods can be applied.

However, an advantage is that all observed data that are not impacted by the pandemic,

including that which is obtained during the pandemic era, is used within the analysis if

relevant for the estimand.

Generally, across the discussed methods of estimation in Section 4, the more missing

data, the more assumption-heavy the analysis will be. However, we are unable to comment

on a specific proportion of missing data (either unobserved, or observed and irrelevant thus

set missing) that would favor one over the other. For all methods, operating characteristics

of the methods will depend on the validity of the necessary underlying assumption for the

unobserved data. An analysis with a larger amount of missing data with a valid assumption

may have better characteristics than an analysis with a smaller amount of missing data with

an incorrect assumption. Hence regardless of the amount of missing data, it is important
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to carefully consider and select plausible assumptions. As mentioned before, sensitivity

analyses are therefore important to assess the robustness of results to alternative missing

data assumptions.

Within Section 4.1 we have discussed the known advantages and disadvantages of the dif-

ferent estimation methods relative to others, which may help inform the choice of the most

appropriate estimation methods for a given estimand. To summarize, MI and likelihood-

based estimators will yield asymptotically similar estimates when the imputation model

for MI is compatible with the analysis model, and where the latter matches the analysis

model used in the likelihood-based analysis. Although MI estimates may be slightly less

efficient due to Monte Carlo (simulation) sampling variability of the imputation process

and a finite number of imputations, MI has its advantages when there are variables that are

necessary to ensure data are missing at random, but which one does not wish to condition

on in the model of interest. IPW and MI yield consistent point estimators when the data

are MAR and the imputation and weighting models, respectively, are correctly specified,

but likelihood-based methods and MI may be more efficient than IPW (Carpenter et al.,

2006). The efficiency of IPW can be improved upon by the use of AIPW which also has the

appealing property of being doubly robust over other methods. However, AIPW can some-

times do worse than likelihood based methods, MI or IPW under model misspecification

Kang and Schafer (2007).

Furthermore, while we have proposed several estimands in this article, and yet others can

be considered depending on the situation at hand, it is not clear to what extent estimates

from these estimands will differ from each other in terms of their actual numerical values.

For example, if the impact of the pandemic on our clinical trials is less than anticipated

then the different estimands could lead to similar treatment effect estimates. To investigate

how different the various estimands are from each other, we should conduct data analyses

and run simulations when we can take advantage of data from disrupted trials in different

disease areas. Specifically, we should explore what is driving the possible differences in

magnitude and direction. The disease area may be a key factor influencing the impact of

the pandemic – and it might be different in various countries and at different points in

time. The hope is that we will be able to learn from the COVID-19 experience in order to
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better handle future trial interruptions.

Finally, the considerations in this article might also apply to other settings of clinical

trial disruptions. It is, for example, expected that the conflict in Ukraine may impact

the design, recruitment, data collection, analysis and interpretation of results of ongoing

clinical trials in aspects that are shared with the COVID-19 pandemic (EMA, 2022).
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