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Chapter 4

ABSTRACT 
Introduction As patient-reported outcomes (PROs) are increasingly used in the evaluation 
of medical treatments, it is important that PROs are carefully analyzed and interpreted. This 
may be challenging due to substantial missing values. The missingness in PROs is often 
closely related to patients’ disease status. In that case, using observed information about 
intercurrent events (ICEs) such as disease progression and death will improve the handling 
of missing PRO data. Therefore, the aim of this study was to develop imputation models for 
repeated PRO measurements that leverage information about ICEs. 

Methods We assumed a setting in which missing PRO measurements are missing at random 
given observed measurements, as well as the occurrence and timing of ICEs, and potentially 
other (baseline or time-varying) covariates. We then showed how these missingness 
assumptions can be translated into concrete imputation models that also account for a 
longitudinal data structure. The resulting models were applied to impute anonymized PRO 
data from a single-arm clinical trial in patients with advanced lung cancer. 

Results In our trial example, accounting for death and other ICEs in the imputation of missing 
data led to lower estimated mean health-related quality of life (while alive) compared to an 
available case analysis and a naive linear mixed model imputation. 

Conclusion Information about the timing and occurrence of ICEs contribute to a more 
plausible handling of missing PRO data. To account for ICE information when handling 
missing PROs, the missing data model should be separated from the analysis model.

KEYWORDS
Patient-reported outcomes, missing data, multiple imputation, estimand, intercurrent event, 
repeated measurements
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1 | INTRODUCTION
Patient-reported outcomes (PROs) are increasingly used to provide evidence of efficacy 
and tolerability of treatments in clinical trials, including oncology1–4. As with any other 
trial outcome, it is important that PROs are carefully analyzed and interpreted, in line with 
a clear research aim. However, structured approaches to analyze PRO data were found to 
be lacking in many oncology studies5–8. Previous studies have shown how a PRO-related 
research question may be translated into a well-defined estimand using the recent framework 
proposed by ICH E9 (R1)9, and which corresponding statistical methods may be used for 
estimation10,11. However, little attention has been paid to the alignment of the missing PRO 
data strategy with the PRO estimand in a study12–16.

Defining the estimand in a study requires specifying the treatment, the population, the 
variable of interest, the population-level summary, and a strategy for handling intercurrent 
events (ICEs)9,11. ICEs refer to events that occur in a trial after the start of treatment and 
affect the interpretation or existence of measurements of interest. Examples of ICEs are 
treatment discontinuation and death. Strategies for handling ICEs mentioned in the estimand 
framework include a while-the-ICE-has-not-occurred strategy, a treatment policy strategy, 
a hypothetical strategy, a composite variable strategy, and a principal stratum strategy9,11. 
The estimand framework distinguishes a strategy for handling missing data from the chosen 
strategy to address intercurrent events9. The chosen ICE strategy partly determines which 
data are required to estimate the estimand and which are considered missing if not collected. 

Methods to address missing data should respect the chosen ICE strategy for a coherent 
analysis and interpretation of results. PROs are often measured at several time points, with 
the aim of estimating or comparing the mean (change in) PRO value at (a) time point(s) of 
interest. The traditional way of handling missing longitudinal data is to use (generalized) 
linear mixed models or mixed models for repeated measures (MMRM) in the analysis17,18. 
However, such analyses may not align with the chosen ICE strategy. For example, after 
a patient has died, their PRO data do not exist and are not generally considered missing9. 
Analyses using mixed models assume that missing data are missing at random (MAR) 
conditional on the model variables19,20. Implicitly, at any time point, the PRO values of those 
who have died will be considered MAR and the model will handle these ‘missing’ PRO 
values based on the observed PRO values in those who are still alive at that time. Therefore, 
estimated means directly derived from a mixed model correspond to a hypothetical strategy 
to handle death, where interest is in the PRO in a hypothetical world where patients do not 
die during the study. This strategy is often applied implicitly but may not always align with 
the research aim11. 

Additionally, there is a relation between ICEs and the occurrence of missing PRO data. 
ICEs may cause PRO data to be unavailable: when a patient experiences disease progression, 
they may be too ill to fill out a questionnaire. On the other hand, the occurrence and timing of 
ICEs may be correlated with the value of missing PRO measurements. It has been shown that, 
on average, the health-related quality of life (HRQoL) of patients with cancer deteriorates 
after disease progression21,22 and in the weeks leading up to death23–28. As a result, observed 
information about ICEs may be utilized for a better handling of missing PRO data.

In this SISAQOL-IMI29 study, we therefore aimed to evaluate imputation methods for 
missing PRO data that 

1. take into account information about the occurrence and timing of intercurrent          	
	    events;
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2. are suitable for repeated measurements data;

3. can be aligned with an estimand of choice; and

4. do not impute PROs after death. 

We illustrated our methods using anonymized data from a single-arm clinical trial in 
patients with advanced lung cancer. 

2 | METHODS TO HANDLE MISSING PRO DATA
2.1 | Study setting
Suppose that a trial is analyzed where a PRO was scored on a numerical scale. This PRO 
was scheduled to be measured at baseline and at one or more predefined time points after 
baseline. We denote with Y𝑖𝑗 the PRO reported by patient i ∈ {1, ..., 𝑛} at timepoint 𝑗 ∈ {1, ..., 
m} where j = 1 at baseline. Besides the PROs Y𝑖𝑗, baseline variables Xi were recorded for each 
patient i, and possibly time-varying variables Z𝑖𝑗. Additionally, it was recorded when patients 
passed away during the study, when they were lost to follow-up and when they experienced 
non-terminal ICEs such as discontinuation of protocol treatment. We assume that interest is 
in estimating the mean (or mean change in) PRO  at one or several time points after baseline 
(e.g., for nonrandomized studies), or in differences between the means (or mean changes) in 
different treatment groups (e.g., for randomized studies).

2.2 | Estimand and data required for estimation
As mentioned previously, defining an estimand requires specification of one or more 
strategies to address each ICE, respectively. The selected ICE strategies partly determine the 
data needed to estimate the estimand of interest and the data that are considered missing if 
not observed. 

When addressing death, a terminal ICE, a while alive strategy may be deemed most 
appropriate, especially when the study has a descriptive aim11,30, as PRO values after death do 
not exist. An example of a while alive estimand is the mean PRO at a time point of interest in 
those who are still alive at that time point, which should be combined with an estimate of the 
probability to survive until that timepoint. For most other ICE strategies, PRO values after 
death are not relevant either. In a composite variable strategy, a composite endpoint is defined 
that includes both the PRO and death (e.g., EQ-5D). A principal stratum strategy addresses 
death by estimating a contrast in PROs between treatment arms in the (counterfactual) subset 
of patients who would not have died in any of the treatment arms in a study. A treatment 
policy strategy cannot be applied to terminal ICEs.

The estimation of a hypothetical estimand for death considers PRO values in a hypothetical 
world where patients do not die during the study. By definition, these values are not available 
after a patient has died in the observed world. But even before death, it is difficult to determine 
which PRO values in the observed world would be the same in the hypothetical world where 
death does not occur. For example, in the weeks leading up to death due to cancer, HRQoL 
tends to deteriorate24. In a hypothetical world without death, such a deterioration may not 
take place. Therefore, observed PRO values in the weeks before a patient’s death may not be 
suitable for the estimation of a hypothetical estimand for death. Furthermore, there may be 
settings in which a hypothetical world without death but with disease progression is difficult 
to imagine.  

For non-terminal ICEs, a treatment policy strategy (reflecting the intention-to-treat 
principle) requires PRO data after the ICE has occurred and this will be considered missing 
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if not collected. A while-the-ICE-has-not-occurred estimand (e.g., while on treatment) and a 
composite estimand are estimated based on PRO data before the ICE (and information about 
the ICE itself, for the composite outcome). The data required for estimation of a principal 
stratum estimand depend on the corresponding subgroup of interest.

Some non-terminal ICEs are defined by a conscious action or intervention, for instance, 
treatment switching or the addition of rescue medication. For such intervention-ICEs, a 
hypothetical world in which the intervention was not applied might be better imaginable 
than for ICEs that are not interventions. Methods to estimate hypothetical estimands for 
intervention-ICEs have been described in the literature recently, with links to imputation 
methods and causal inference techniques12,31. Overall, it is important to clearly define the 
hypothetical world targeted by a hypothetical estimand and to assess whether observed data 
are sufficiently in line with this hypothetical world for estimation. Any extrapolation from the 
observed world to an unobserved, hypothetical world requires untestable assumptions about 
the similarity of the two worlds.

2.3 | Notation to describe the occurrence and timing of ICEs
To include information about the occurrence and timing of ICEs in methods to address 
missing PRO data, this information must first be encoded. Let the variable Di ∈ {0,1}  
indicate whether patient i died during the study, where si denotes their corresponding survival 
time (Di = 1) or the time at which they were censored for survival (Di = 0). Further, we 
suppose that K different types of non-terminal ICE could be observed (for example, treatment 
discontinuation due to toxicity, disease progression), each event denoted by Ek, k ∈ {1,...,K}. 
Analogous to the variables describing survival, the binary variable Eik, k ∈ {0,1} denotes 
whether  Ek occurred for patient i during the study. If Ek was indeed observed for patient i 
before the end of their follow-up (i.e., when Eik = 1), Tik denotes the time at which ICE Ek was 
observed for patient i. If patient i did not experience Ek during their follow-up (i.e., when Eik 
= 0), then Tik denotes the time at which follow-up for ICE Ek ended for patient i. For example, 
for disease progression, Tik refers to time of the last assessment of the disease status.  In other 
words, Tik  is an event time if Ek is observed, and a censoring time if Ek is not observed. 

Based on this information, we define the following time-varying variables for each patient:
•	 sij denotes the difference in time units between the survival time si and the current 

timepoint j. As there are no observations after death or censoring for overall survival, sij 
is nonnegative.

•	 Analogously, tijk denotes the current ‘time-distance to non-terminal ICE Ek for patient  i’: 
the difference in time units between Tik and the current timepoint j. The difference tijk is 
positive when timepoint j is before Tik, tijk  = 0 at Tik, and tijk is negative after Tik.

•	 Eijk indicates whether ICE Ek has yet been observed at timepoint j. For the terminal ICE 
death, such an indicator is redundant as there are no observations after death.  

As a result, each patient is viewed on several timescales at once: the follow-up time that 
starts at baseline, as well as a timescale relative to each ICE Ek and death, respectively (Figure 
S1, Appendix).

2.4 | Missing data assumptions
Often, not all PRO scores are recorded at each of the required time points, leading to missing 
PRO data. We assume that when a patient did not report their outcome at one timepoint, 
they may still have reported their outcome at future timepoints (unless, of course, death had 
occurred). 

Information on the occurrence and timing of ICEs may make a MAR assumption 
conditional on observed information more plausible. Therefore, missing PRO measurements 
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at timepoint   j are assumed to be MAR conditional on the timepoint j, the PRO Yij* for other 
relevant timepoints j* ≠ j, the occurrence and timing of ICEs (Eik, Eijk, tijk, Di, sij), treatment 
(if applicable), any relevant baseline covariates Xi and possibly time-varying covariates Zij. 
As ICEs may occur after the missed measurement, this means we assume that future events 
provide information about what the missed measurement may have been. After death, PRO 
measurements are not considered missing as they are nonexistent. If an ICE has not occurred 
during the study, the time of its occurrence may be right-censored at the end of the study. We 
assume noninformative censoring for simplicity in our examples but methods to account for 
informative censoring (such as reweighting32) can be combined with the missing PRO data 
strategies outlined in this paper.

2.5 | Imputation of missing PRO data
It is important that the chosen method to address missing PRO data accounts for the 
longitudinal structure of the PRO data, and that it is informed by the occurrence and timing 
of ICEs, which may be observed after the missing PRO was planned to be measured. For this 
reason, likelihood-based methods where a mixed model is used for the implicit imputation 
and analysis of PROs at the same time do not suffice. While the information on (future) ICEs 
is informative for the missing values, conditioning on future values in an analysis model 
is inappropriate as this will not target the estimand of interest and yield uninterpretable 
estimates of the treatment effect. Therefore, as a way to take ICE information into account, 
missing PRO values should be handled using a missing data model that is separate from the 
substantive analysis model.

To deal with missing PRO measurements in accordance with our MAR assumptions, 
we distinguish two types of methods: reweighting methods by the inverse probability 
of missingness (IPW) and multiple imputation (MI) methods for the missing outcomes19. 
Kurland and Heagerty have shown that IPW methods can be combined with generalized 
estimating equations (GEE) to estimate and perform inference on marginal means of the 
(change in) PRO over time under a MAR assumption conditional on the time until death30. 
To obtain such marginal means only in those still alive, an independence working correlation 
should be specified for the GEE30. Recently, Haug et al. have also proposed IPW weights 
for missing HRQoL data that account for time of death and combined these weights with 
a machine learning model to estimate average HRQoL over time33. These IPW techniques 
can be extended to include all variables in our MAR assumption described above in the 
estimation of the IPW weights32,34,35.

For MI, it has been recommended that imputation models are compatible with the intended 
analysis model, that is, that they include at least all variables from the analysis model as well 
as their relation presumed in the analysis model (e.g., interactions)36. As the PROs in our case 
are numerical and longitudinal, we assume that the analysis model will be some mixed model 
or GEE (depending on the estimand) where the outcome is modelled as a (flexible) function 
of the timepoint 𝑗, treatment, the outcome at other time points, and potentially covariates. The 
imputation model would then include these variables, as well as the ICE-related variables in 
our MAR assumption.

Where possible, we recommend modelling the time-from-ICE variables tijk and sij 
flexibly while imputing missing PRO values, for example with splines, to allow for nonlinear 
relationships with the PRO (e.g., a drop in HRQoL in the final weeks before death). Another 
choice to make is whether to let the value of tijk decrease indefinitely after Tik or to keep it 
constant from some time point, for example, when there are almost no patients with data 
after ICE Ek. Interactions are preferably included between the time variables for the ICE (tijk, 
sij)  and their corresponding event/censoring indicators (Eik, Di), to model the relationship 
between the PRO and an event time differently from the relationship between the PRO and a 
censoring time. If the relation between the PRO and tijk is expected to be different before and 
after ICE Ek occurs, interactions between tijk and the time-varying event indicator Eijk  can also 
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be included. Of course, including splines and interactions in an imputation model requires a 
sufficiently large dataset and may not always be feasible.

Besides information about ICEs, PROs observed in the same participant at other time 
points are also likely informative for missing PRO measurements37. We distinguish two 
approaches to include this information in imputation, following Huque et al38. The first option 
is a cross-sectional approach where, for each missing PRO measurement, PRO measurements 
at other relevant time points are included explicitly as variables in the imputation model 
(longitudinal data in wide format). Alternatively, a multilevel approach may be used, where 
all PRO measurements are treated as one outcome variable with a within- and between-subject 
correlation (multilevel data structure) and possibly a relationship with time (longitudinal data 
in long format). Huque et al. showed in a simulation-based comparison that cross-sectional 
approaches using standard software implementations often performed well38. However, the 
cross-sectional approach requires the variables to be imputed if missing to be the same for 
every participant. When the number of time points at which PROs are to be imputed differs 
between participants (for example, to avoid imputation after death), multilevel approaches 
may be better suited.

For the multilevel MI approach, software implementations in R39 exist to model the 
joint distribution of incomplete variables by iterating through univariate models for each 
incomplete variable conditional on the other variables (fully conditional specification, ‘MI-
FCS’)40. Within FCS, we noted two types of approaches in the literature for multilevel data. In 
the first approach, mixed models (i.e., models with random effects) are used as the univariate 
conditional models (e.g., ‘2l.norm’, in the mice package41). The second approach includes 
using flexible generalized additive models as the univariate conditional models combined 
with a clustered bootstrap instead of a simple bootstrap to approximate the distribution to 
impute from (‘aregImpute’ function in the Hmisc package42). While marginal means from a 
(linear) mixed model imply a hypothetical estimand for death, mixed models can be used to 
impute individual missing PRO values in those patients who are still alive. It has been shown 
that mixed models have a subject-specific interpretation in the population currently alive43.

3 | ILLUSTRATION IN A SINGLE-ARM LUNG CANCER TRIAL
The implementation of several of the methods mentioned was illustrated and 
compared in real clinical trial data.

3.1 | Description of the trial
We illustrated our methods in PRO data from a single-arm, multicenter phase 2 trial44 
evaluating a new anticancer drug in patients with late-stage lung cancer. PRO data were 
available for 834 patients. Patient-reported HRQoL data, measured with the EORTC 
QLQ-C30 global QoL scale45,46, were included as a secondary endpoint, with scale scores 
ranging from 0 (representing the worst) to 100 (best possible score). Henceforth, we will refer 
to this specific PRO as ‘QoL’.

While on trial medication, participants were asked to report on QoL on the first day of 
protocol treatment and every three weeks while on protocol treatment. We therefore refer to 
the timing of QoL measurements with their tri-weekly cycle number and baseline is defined 
here as the first day of cycle 1. After cycle 10 (30 weeks), the study protocol allowed for 
completion of the questionnaire on the first day of alternate cycles (i.e., every six weeks). 

Three types of ICEs were recorded in the data: progression of disease (PD, E1), treatment 
discontinuation (TD, E2), and death. Although disease progression was often followed by the 
discontinuation of treatment, the physician and patient could decide together when to stop 
the treatment. After PD, 345 patients continued the trial medication for at least one month 
and 241 continued for 3 months or more. Upon discontinuation of trial medication, patients 
were asked to complete one final questionnaire, after which QoL data collection was stopped, 
while follow-up for overall survival continued. The sponsor anonymized the measurements 
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before they were shared with us. Figure 4.1 summarizes the availability of QoL data over 
time in the trial data. A more elaborate description of the anonymized data can be found in a 
previous case study11.

3.2 | Estimand 
In this single-arm trial setting, our analysis aim was to describe HRQoL over time 
in the study population. Our endpoint of interest was the absolute numerical value of the 
global QoL score as reported by each patient, at each cycle. The mean global QoL score at 
cycles 1 through 40 was chosen as the population-level summary. As the trial participants 
were patients with cancer in an advanced disease stage, many deaths were observed during 
the study. 

The research objective was to estimate the mean global QoL score from the start of study 
medication up to treatment cycle 40 or death, in the reality where PD and TD occur as they 
did in the study. Because HRQoL after death is not meaningful, and a hypothetical situation 
without deaths was far removed from reality in this case, we opted for a while alive strategy 
to address death11. For cycles 1-40, the mean QoL was estimated at each cycle, within only 
those patients who were still alive at that cycle, accompanied by an estimate of the survival 
probability up to that cycle. For the other intercurrent events (PD and TD), a treatment policy 
strategy was applied. Estimation of this estimand required QoL measurements from each 
participant for cycle j = 1, ... ,40, or until their death if death occurred earlier, irrespective of 
PD or TD. Where such measurements were not available, they were considered missing data.

3.3 | Missing data imputation 
3.3.1 | Variables and coding
We stored the QoL data Yij in long format where each study participant had several rows of 
data, one row for each predefined QoL measurement cycle j. When a patient died or was 
censored for overall survival, the patient had no rows in the data after this event. As survival 
times si differed between individuals, the number of rows in the data varied between patients. 

Each data row contained a patient identifier i, the number of the measurement cycle j, and 
the corresponding QoL measurement Yij (possibly missing). The row also contained time-

Figure 4.1 Availability of global QoL scores over time, in relation to treatment and survival status. Note that by de-
sign of the study, almost no global QoL scores were reported after discontinuation of protocol treatment. As a result, 
there are no, to very few patients in state 2 at each cycle.

4
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constant variables Eik, Tik, Di, and Si; as well as time-varying variables Eijk, tijk, sij. As there 
were almost no QoL data after TD, tij2 was kept constant at 0 after Ti2, assuming the same 
time-pattern at and at any time after the event. When a measurement was taken after the 
event, this was encoded by a time-varying indicator for TD. Analogously, for PD tij1 was kept 
constant from 3 cycles after Ti1(at -3). The baseline covariates age, sex and ECOG status were 
also recorded. 

All time variables were modelled flexibly with splines to allow for possible nonlinear 
time-dependencies of QoL. We preferred restricted cubic splines (rcs) but opted for B-splines 
in some situations where the near-collinearity of rcs basis functions inhibited the convergence 
of the imputation model47. Discontinuation of treatment was observed in all study participants 
at some point, as participants only had access to the treatment within the study. As death and 
PD were not observed in all study participants, we included interactions between the time-
to-ICE and the event indicator, so that a different relation was assumed between the PRO and 
the ICE itself versus the PRO and the censoring of the ICE.

3.3.2 | Imputation models
For comparison, we applied several MI-FCS methods to our data. As there was only one 
variable with missing values in the data (QoL), only one conditional model needed to be 
specified (for QoL) and the process of iterating through several conditional models in each 
imputation was unnecessary.  The number of imputations should be large enough to sufficiently 
approximate the predictive distribution of the missing values given the observed data (i.e., 
with sufficiently small Monte Carlo errors). While other suggestions have been made48 a rule 
of thumb is that a number of imputations equal to the percentage of missing values in the 
data will suffice49,50. In our case, 40.5% of QoL measurements were missing. Therefore, the 
number of imputations was set to 40 in our analyses. The MI-FCS models implemented are 
described in detail below (see also the R code provided in Online Resource 2).

First, we implemented multiple imputation with chained equations41 (MICE), for 
multilevel data using two different approaches. For our first MICE model, (model 1), we 
specified a linear multilevel model for QoL with heterogeneous within-patient variances and 
random effects on all predictors (‘2l.norm’ method in the mice package41). The model can 
be expressed in pseudo-code as: Yij~ (1 + bspline(j) + bspline(tij1): Ei1 + Ei1 + bspline(tij2) + 
spline(sij): Di + Di + Eij1 + Eij2 + age + sex + ECOG | i). 

Our second MICE model (model 2) was a predictive mean matching algorithm based 
on a linear mixed model for QoL with a random patient intercept (the ‘2l.pmm’ method in 
the miceadds package51). In pseudo-code, the model is defined as: Yij ~ (1 | i) + bspline(j) + 
bspline(tij1): Ei1 + Ei1 + bspline(tij2) + bspline(sij): Di + Di + Eij1 +  Eij1 : Ei1 + Eij2 + age + sex 
+ ECOG.

Both MICE approaches required the use of B-splines as the rcs basis vectors created 
issues with model convergence due to near-collinearity. The splines for the time-till-ICE 
variables all had four knots located at 1, 4, 9 and 20 cycles before the ICE occurred. As a 
default, the mice package requires the conditional imputation models to be specified through 
a predictor matrix that indicates which other variables in the data to use for imputation of 
each incomplete variable. To include interactions, splines or other nonlinear terms in the 
imputation, the user must add variables to the data that encode these terms. For splines, this 
entails manually computing spline bases and adding them as variable columns to the data. 
The ‘formulas’ argument in the ‘mice’ function may offer an easier way to specify nonlinear 
terms in an imputation model using standard R formula syntax. However, it is currently 
unclear how to define a cluster variable for multilevel imputation models in this way, and 
therefore we relied on model specification through the predictor matrix.

Second, we fitted a flexible linear mixed model to the data with a random patient-
intercept using the lme4 package52 (model 3). Again, the knots for the time-till-ICE splines 
were located at 1, 4, 9 and 20 cycles before occurrence of the ICE. We subsequently used 
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the ‘predictInterval’ function from the package merTools53 to draw imputations from (an 
approximation of) the conditional predictive distribution of the QoL variable. The model 
structure was as follows: Yij ~ (1| i ) + rcs(j) + rcs(tij1) + rcs(tij2)+ rcs(sij)*Di + Eij1 + Eij1: Ei1 + 
Eij2 + age + sex + ECOG. The interaction between time-till-PD (tij1) and PD (Ei1) was dropped 
because the model was over-parametrized. The advantages of this method compared to MICE 
were that we could specify the imputation model as a formula instead of a predictor matrix, 
and that we were able to incorporate restricted cubic splines. An obvious disadvantage is that 
this method is only applicable when QoL is the only incomplete variable. 

Third, we used the ‘aregImpute’ function in the Hmisc package42 to implement generalized 
additive regression models for imputation and clustered bootstrap to account for the multi-
level structure of the data in the process of drawing imputations. Two different outcome 
models were specified: (a) a conditional normal model for QoL (model 4); and (b) conditional 
predictive mean matching for QoL (model 5). The model structure for both can be translated 
to pseudo-code as follows: Yij ~ rcs(j) + rcs(tij1)* Ei1 + rcs(tij2) + rcs(sij)*Di + Eij1 + Eij1: Ei1 + 
Eij2 + age + sex + ECOG. 

All splines were restricted cubic splines with four knots at automatically selected location. 
All corresponding R code is available in Online Resource 2, which includes an example 

of how we coded the variables in our dataset.

3.3.3 | Imputation results
For each of the methods, the QoL distribution in the imputed datasets was shifted somewhat 
to the left compared to the available data (Figure S2, Appendix), suggesting that imputed 
QoL values were on average lower than the available values. A possible reason for this is 
that our imputation models detected a decrease in QoL in the weeks before death and around 
PD in the observed data, while patients were less likely to fill out questionnaires during 
these weeks, which was then accounted for in the imputation. For the mice 2l.pmm method, 
the distributions of QoL data in the respective imputed datasets differed more between 
imputations than for the other methods. 

3.4 | Statistical analysis
After the imputation of missing data, the mean QoL while alive at each cycle was estimated 
using GEE with the cycle number as a categorical variable and an independence correlation 
structure11,30. In the available data (model 0), this led to the same point estimates as simply 
calculating the sample mean QoL within the group of patients still alive at each respective 
cycle. We assumed non-informative censoring for overall survival (and other measurements) 
in our analyses, as most censoring was administrative at study end. 

To compare our imputation methods to a reweighting approach (IPW-GEE, model 6), we 
also estimated the mean QoL while alive using the same GEE as above but on the incomplete 
data and weighted by the inverse probability of a QoL measurement being available. The 
weights were estimated using a flexible logistic regression model containing the same 
independent variables as the imputation models, and were subsequently stabilized and 
truncated.

Finally, to assess the result of not including information about ICEs in the imputation, we 
fitted the same GEE (without weights) to a dataset with QoL imputed based on a linear mixed 
model with only a random patient-intercept and forward-time (cycle number) as a spline, and 
the baseline covariates age, sex and ECOG status (i.e., a naive linear mixed model where ICE 
information is not included, model 7).

3.5 | Analysis results
The imputation models 1-5 described in Section 3.2 resulted in very similar estimated mean 
QoL while alive over time (Figure 4.2). Only the two-level predictive mean matching model 
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(model 2) showed slightly higher estimates than the others. The results from the IPW-GEE 
(model 6) closely follow the imputation results in the first 20 cycles but become unstable 
at later cycles when some patient types become rare and therefore some patients had much 
larger weights than others. Even in early cycles, there were some patients with larger weights 
than others (e.g., those who died early or experienced early PD), which led to mean QoL 
estimates that were slightly different from the imputation methods’ results. Importantly, all 
imputation methods that did account for ICEs (models 1-5) led to lower estimated mean QoL 
compared to the available data (model 0) and to the imputation without ICE information 
(model 7). The mean QoL resulting from models 1-5 was similar to the mean QoL in the 
available data at early cycles but the difference increased to about 5 points in mean QoL at 
later cycles when there were more missing values and more ICEs had occurred.

Regarding statistical efficiency, the standard errors resulting from most imputation methods 
were similar, providing no clear reason to prefer one over the others (Figure 4.3). The two-
level predictive mean matching model (model 2) did result in wider confidence intervals (CIs) 
than other methods. The IPW-GEE method (model 6) provided CIs similar to the imputation 
methods in the earlier cycles, but showed large uncertainty at later cycles, in line with the 
instability in the corresponding point estimates.

4 | DISCUSSION
In this study, we have shown how imputation models for longitudinal PROs can be 
implemented that incorporate information about ICEs and that do not impute PROs after 
death. In our example, accounting for death and other ICEs in the imputation of missing 
HRQoL data led to lower estimated mean HRQoL over time compared to an available case 
analysis and a naive linear mixed model analysis. The information about the ICEs may (partly) 
capture that patients in a worse state are less likely to fill out questionnaires while they are 
more likely to have lower HRQoL values. In general, incorporating information about the 
timing and occurrence of ICEs when handling missing PRO data in a study is important as it 
makes a MAR assumption more plausible. In analyses that do not consider ICE information 

Figure 4.2 Estimated mean global QoL while alive in the available data (blue) and when using various methods to 
address missing data (other colors). Survival probabilities were estimated using the Kaplan-Meier method. *RE: 
random effects, LMM: linear mixed model, MI: multiple imputation, GAM: generalized additive model, rcsplines: 
restricted cubic splines, pmm: predictive mean matching, IPW-GEE: inverse probability weighted generalized 
estimating equations, log reg: logistic regression, PD: progression of disease, TD: treatment discontinuation.
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when handling missing PRO data, the extent of the bias will depend on the strength of the 
underlying relation between the ICEs and the missing values, the number of ICEs that occur 
and the total amount of missing data.

Our findings are in line with a recent study by Haug et al.33, who implemented an IPW 
method accounting for the time to death and other auxiliary variables to handle missing 
HRQoL data in two cancer studies. Their results indicated that, at each time point, the mean 
HRQoL was likely lower in the group of participants who did not report HRQoL, compared 
to the group who did report HRQoL. Our study reiterates the importance of incorporating not 
only death, but all available information about ICEs in the missing data strategy in alignment 
with the estimand.

Between the ICE-sensitive imputation models, the resulting estimates and standard errors 
(SEs) were quite similar. There were some differences in the computational time taken for the 
imputation: the aregImpute function was relatively fast, whereas the MICE 2l.norm method 
took longest. However, the MICE 2l.norm method implements a model with many random 
effects and heterogeneous within-patient variances, which the aregImpute function does 
not, so it makes sense that MICE takes more time. When the longitudinal PRO is the only 
incomplete variable in the data, fitting a flexible linear mixed model with ICE information 
and then drawing imputations from an approximation of the resulting predictive distribution 
is easy to implement and has a relatively low computational time. 

All multiple imputation models implemented in our example were MI-FCS methods that 
target the joint posterior distribution of incomplete variables by specification of conditional 
univariate distributions. A formula-based method to specify interactions, splines and other 
nonlinear terms in multilevel imputation models would be a useful future addition to the 
‘mice’ software. Such a method would be more user-friendly than model specification 
through a predictor matrix as shown in this paper. Multiple imputation by modelling the 
joint posterior distribution directly that takes the multilevel data structure into account has 
also been described in the literature54,55 (R software includes the jomo package56). We were, 
however, not able to arrive at a working implementation of joint modeling MI using this 
software with our example data. Further research might explore joint modeling MI methods 

4

Figure 4.3 Estimated mean global QoL while alive with 95% CIs in the available data (blue) and when using various 
methods to address missing data (other colors).

*RE: random effects, LMM: linear mixed model, MI: multiple imputation, GAM: generalized additive model, 
rcsplines: restricted cubic splines, pmm: predictive mean matching, IPW-GEE: inverse probability weighted 
generalized estimating equations, log reg: logistic regression, PD: progression of disease, TD: treatment 
discontinuation
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for longitudinal PRO data. 
An important limitation of our trial data example is that there was very little available 

information in some regions of the data space (e.g., after TD). Therefore, model assumptions 
weigh heavily there (for example, setting time-till-TD to 0 after TD). This is emphasized by the 
instability of the IPW-GEE approach at later cycles. Furthermore, we can never be sure that the 
relation between the ICEs and the PRO in the observed data is the same in the missing data. In 
other words, the MAR assumption is untestable. Therefore, in a real trial analysis, we recommend 
performing sensitivity analyses to assess the impact of imputation model assumptions on the 
resulting estimates. If PRO data are intended for review of payer or regulatory submission, 
discussions with these stakeholders to identify methods to handle missing data that align with 
appropriate estimands are highly encouraged.

This study focused on the imputation of PROs on their original numerical scale. Once 
missing values have been imputed, various analyses can be performed, such as estimation 
of the mean PRO at timepoints of interest (as in our examples) or a change from baseline 
in the PRO. Sometimes, numerical PRO values variables are dichotomized, for example, to 
classify participants into responders and non-responders. The disadvantages of a PRO (non-)
responder analysis in terms of bias and reduction of statistical power have been discussed in 
the literature57,58. If dichotomization of PRO values is still desired, we recommend imputing the 
PROs on the original numerical scale first and then dichotomizing them in each imputed dataset 
before performing the final analysis59. 

5 | CONCLUSION
To account for ICE information when handling missing PRO data, the missing data model should 
be separated from the analysis model as ICEs may occur later than the missed measurement. 
Therefore, MI and IPW methods are preferred over direct likelihood-based methods to handle 
missing data. The choice between MI and IPW depends on whether one believes to have an 
appropriate model for the missing outcomes themselves or for the probability of missingness, 
respectively. We have shown how information about intercurrent events can be incorporated in 
the multiple imputation of a continuous, longitudinal PRO. Whichever method is applied, it is 
important that information about the timing and occurrence of ICEs is taken into account when 
handling missing PRO data.
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APPENDIX
SUPPLEMENTARY FIGURES

Figure S1 Schematic representation of PRO data availability for a single example patient i throughout a study with 
14 PRO measurement times. Corresponding variables that may be used for imputation of missing PRO data for 
patient i are shown below each planned measurement. *PD: progression of disease, TD: treatment discontinuation.

For example, to impute the missing PRO value at timepoint j = 5, we use, besides the observed PRO information 
of patient  over time, that the patient did not experience disease progression yet, that the remaining time until 
observed disease progression is 3 timepoints, that discontinuation has not yet occurred but is observed 4 timepoints 
later, and that death was observed 7 timepoints later. Additionally, we can use other variables that are assumed to 
be informative for the missing PRO value such as the patient’s age at baseline.
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A. mice two-level normal model B. miceadds two-level pmm

C. lme4 two-level normal model + 
predictInterval

D. aregImpute normal model E. aregImpute predictive mean matching

Figure S2 The distribution of QoL data in the available data (blue) and the imputed datasets (red) for five 
implemented imputation methods.
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