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ABSTRACT

Objective A common problem in clinical trials is missing
data due to participant dropout and loss to follow-up, an
issue which continues to receive considerable attention

in the clinical research community. Our objective was to
examine and compare current and alternative methods for
handling missing data in SLE trials with a particular focus
on multiple imputation, a flexible technique that has been
applied in different disease settings but not to address
missing data in the primary outcome of an SLE trial.
Methods Data on 279 patients with SLE randomised to
standard of care (SoC) and also receiving mycophenolate
mofetil (MMF), azathioprine or methotrexate were obtained
from the Lupus Foundation of America-Collective Data
Analysis Initiative Database. Complete case analysis (CC),
last observation carried forward (LOCF), non-responder
imputation (NRI) and multiple imputation (MI) were applied
to handle missing data in an analysis to assess differences
in SLE Responder Index-5 (SRI-5) response rates at

52 weeks between patients on SoC treated with MMF
versus other immunosuppressants (non-MMF).

Results The rates of missing data were 32% in the

MMF and 23% in the non-MMF groups. As expected, the
NRI missing data approach yielded the lowest estimated
response rates. The smallest and least significant
estimates of differences between groups were observed
with LOCF, and precision was lowest with the CC method.
Estimated between-group differences were magnified
with the Ml approach, and imputing SRI-5 directly versus
deriving SRI-5 after separately imputing its individual
components yielded similar results.

Conclusion The potential advantages of applying MI

to address missing data in an SLE trial include reduced
bias when estimating treatment effects, and measures

of precision that properly reflect uncertainty in the
imputations. However, results can vary depending on the
imputation model used, and the underlying assumptions
should be plausible. Sensitivity analysis should be
conducted to demonstrate robustness of results, especially
when missing data proportions are high.

INTRODUCTION

A frequent problem in clinical trials of new
treatments for SLE and other diseases is
missing outcome data due to participant
dropout, loss to follow-up, skipped visits and
other factors. This can result in diminished
statistical power to differentiate effective
experimental therapies from standard of care

(SoC), as well as biased estimates of treatment
effects. In 2010, the Food and Drug Adminis-
tration (FDA) commissioned a report by the
National Research Council of the National
Science Foundation on the proper handling
of missing data.! However, these recommen-
dations are not being widely incorporated
into clinical practice. A review of randomised
clinical trials published in 2013 in leading
medical journals found that 95% reported
some missing outcome data, yet the issue
was not properly addressed in over 70% of
the cases. A 2018 editorial in the Annals of
Internal Medicine also highlighted the large
gap between the growing availability of new
techniques for handling missing data and
the application of these modern methods to
actual studies, and emphasised the impor-
tance of wider dissemination of the informa-
tion to the research community.” The aim of
this paper is to examine and compare the
strengths and limitations of current and alter-
native methods for addressing missing data in
SLE trials with a particular focus on multiple
imputation (MI).

When choosing a missing data method, the
aim should be to maximise use of the avail-
able information in the trial, minimise bias
in results, and obtain estimates of the preci-
sion of the results that properly reflect the
uncertainty in any values that are imputed for
the missing data. One also needs to consider
whether the method’s assumptions regarding
the mechanisms that caused the missing
information are reasonable. These mecha-
nisms are typically classified into three catego-
ries: missing completely at random (MCAR),
missing at random (MAR) and missing not
at random (MNAR). To differentiate them
in the context of a lupus trial, we assume the
outcome of interest is SLE Responder Index-5
(SRI-5) at 52 weeks, a composite endpoint
used in several recent trials.”* When SRI-5 data
are missing but the probability that these are
missing does not depend on any observed or
unobserved factors, then SRI-5 is considered
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to be MCAR. In contrast, suppose that SRI-5 missing data
rates are higher in patients with SLE Disease Activity
Index (SLEDAI) =10 at baseline. The MCAR assumption
would clearly not be satisfied here since baseline disease
severity predicts the probability that SRI-5 is missing at 52
weeks. But if this probability depends just on the baseline
SLEDAI score and not on the unobserved value of SRI-5
or other factors, then the missingness would be consid-
ered MAR after conditioning or accounting for SLEDAI
score when analysing treatment effects. In general, MAR
holds when the probability that data are missing depends
only on observed factors. Finally, SRI-5 data are MNAR
if the missingness depends on the missing value directly,
that is, SRI-5 is more likely to be missing in those who
would have been non-responders at week 52 in our case
or because of unmeasured factors.

The most common approaches for dealing with missing
data in clinical studies are (1) complete case analysis
(CC), which we define here as excluding from the analysis
subjects with missing values for the outcome of interest;
(2) last observation carried forward (LOCF), which fills
in for the missing data the subject’s last observed value for
the outcome; and (3) non-responder imputation (NRI),
which assumes all missing outcomes are failures or non-re-
sponses. In the CC approach, results will be unbiased
either if those without missing data values are a random
subset of the original study population (MCAR), or if
the missing data are MAR and the analysis has properly
controlled for all the variables which affect the probability
of missing data. For example, if the probability that SRI-5
is missing depends just on baseline SLEDAI score, then to
obtain unbiased results with the CC method, treatment
effects should be estimated with a statistical approach that
can control for SLEDAI, for example, logistic regression.
However, whether the missing data are MCAR or MAR,
the available sample size and power of the study will be
reduced in the CC approach because of the missing data.

Many SLE trials use LOCF or NRI or both in the same
trial to deal with missing data.”” These are known as
‘single imputation’ methods because the missing data are
imputed or filled in once with either the last observed
value or a value corresponding to non-response, respec-
tively, to generate a complete data set that includes all
randomised subjects for analysis. However, LOCF can bias
results in the positive or negative direction if the outcome
is changing over time or patients withdraw because of
deteriorating health.

With the NRI approach, the estimated response rates
in each treatment group will clearly be attenuated rela-
tive to the true rates, with the degree of attenuation
exactly equal to the missing data rate. For example, if
the true response rate in a treatment arm is 40% and the
proportion with missing data is 20%, then the NRI-based
response rate will be biased downwards by 20%, that
is, 32% instead of 40% in that arm. But as with LOCF
and CC, the estimated treatment effect or difference in
response rates between treatment arms using NRI can be
biased in either direction.

In addition to potentially yielding biased results, single
imputation methods like LOCF and NRI assume that the
‘guesses’ used to fill in the missing outcomes are the true
values. The resulting SE and width of the corresponding
CI for the treatment effect will be smaller than they
should be.” The 2010 FDA-commissioned guidelines on
missing data strongly discouraged the use of these single
imputation methods, and instead recommended using
alternative methods that better account for the uncer-
tainty in values used to impute missing data.'

MI is a well-established and flexible model-based tech-
nique for filling in the missing values that properly takes
into account the uncertainty in the imputation process.
MI has been applied to studies of rheumatoid arthritis’
and osteoarthritis,10 but not, to our knowledge, to address
missing outcome data in an SLE trial. In this paper, we
explore the use of MI to handle missing SRI data from a
clinical trial where the outcome measured at the final visit
is of primary interest, and compare it with the CC, LOCF
and NRI approaches. The methods are illustrated in an
example to assess whether among patients assigned to the
SoC arm in a 52-week SLE trial response rates at the end
of follow-up differ by type of patients’ background immu-
nosuppressant treatment during the trial.

METHODS

Multiple imputation

The MI procedure involves the following three steps:
imputation, analysis and pooling.

Imputation step

Missing values are imputed using predictions for the
missing outcome that are generated from a statistical
model. Note that this imputation model is distinct from
the one that is used to evaluate treatment effects in the
main analysis. Two common approaches for generating
the imputations are Markov chain Monte Carlo algo-
rithm, which assumes that the variables in the imputation
model jointly follow a multivariate normal distribution,
and MI based on chained equations (also known as fully
conditional specification). We chose chained equations
to impute the missing data since the method can handle
both missing continuous and categorical variables as well
as arbitrary missing data patterns.'’ In this method, a
separate regression model is specified for each variable
that has missing data, for example, linear regression for
continuous variables and logistic regression for binary
variables such as SRI-5. After using single imputation to
initially fill in any missing data, the regression models are
sequentially fit to each variable using only the observed
data for the target (dependent) variable and the observed
and imputed values for the other variables that are used
as predictors in the model. The fitted regression is used to
generate new predictions or imputations to fill in missing
data in the target variable. After cycling through all the
variables in this manner, the procedure is repeated a
number of times to stabilise the results before generating
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one complete data set. Further technical details of the
chained equations method are described elsewhere.''™*
Since the MI method requires the MAR assumption,
the imputation model for the primary outcome in an SLE
trial should include as predictors all the variables that
will be adjusted for in the main analysis to evaluate treat-
ment effects (eg, any stratification factors such as SLEDAI
score or anti-double stranded DNA (anti-dsDNA)), and
the variables that might predict both the value of the
missing outcome and the probability that the outcome
is missing,'* '* such as disease activity measures obtained
at earlier visits. Including a few variables in the imputa-
tion model that are highly correlated with the outcome
is better than having many with low correlations because
these variables are often intercorrelated, and the incre-
mental benefit of adding them to the model is small."®
However, while including variables that are not related to
the variable being imputed in the imputation models may
slightly decrease efficiency, it should not cause bias.'” '*
To take into account the uncertainty in the imputed
values, the imputation step is performed multiple times
(M) so that multiple plausible values for the missing
data are generated, resulting in M complete data sets. A
common rule of thumb is to set M equal to at least the
percentage of incomplete cases, for example, if 30% have
missing data, then generate M=30 complete data sets."”

Analysis step

Each of the M complete data sets is analysed separately
using the main statistical method (eg, logistic regression)
to obtain M different estimates of the treatment effects,
such as ORs or differences in response rates, and corre-
sponding SEs.

Pooling step

The M sets of results are then combined using Rubin’s
rules' so that the final MI estimate of the treatment
effect is a simple average of the M treatment effect esti-
mates. The corresponding variance of the estimated treat-
ment effect takes into account the within-imputation and
between-imputation variances.

CDAI data

To illustrate the missing data methods with an SLE trial,
we used data from the Collective Data Analysis Initi-
ative Database of the Lupus Foundation of America
(LFA-CDAI), which was established so that data from the
placebo/SoC arms of previous SLE clinical trials can be
used to improve the design and conduct of future studies.
Since we did not have access to data from the experi-
mental treatment arm, our goal was to apply the different
missing data methods in an unadjusted comparison of
the SRI-5 response rates at 52 weeks between SoC patients
on mycophenolate mofetil (MMF group) versus other
immunosuppressants (non-MMF group) at baseline. Data
from 279 patients with SLE in the LFA-CDAI database
without nephritis who were receiving MMF, azathioprine
or methotrexate at entry into the trial were included in

the analysis. Reasons for missing data were not available
in the data set.

Imputing SRI-5

This variable is a composite outcome that is defined by
a decrease in SLEDAI score by at least five points since
baseline, no new British Isles Lupus Assessment Group
(BILAG) index score of A (severe) organ activity, no
more than one new BILAG B (moderate) organ domain
score, and no worsening in Physician Global Assessment
(PGA) score (increase <0.3 points on a 3-point scale)
from baseline. It was unclear whether missing SRI-5
should be imputed directly at the composite level or if
the individual components should be imputed first and
then SRI-5 derived based on those imputed values. There-
fore, we performed MI using three different MI models
for SRI-5 at 52 weeks. The first imputation model (MI-1)
was a logistic regression model with SRI-5 specified as the
binary outcome. Since none of the baseline character-
istics was observed to be significantly different between
patients with and without missing SRI-5 data at 52 weeks
(table 2), the predictor variables were selected based on
clinical considerations and prior studies that found they
were associated with disease status and SRI-b response
duration during follow-up.*’ These variables included
MMF use, SRI-5 at four earlier visits (weeks 12, 24, 36
and 44) which were moderately to highly correlated with
SRI-5 at 52 weeks (correlation coefficient=0.5-0.8), and
the following variables: race, baseline values of SLEDAI,
PGA, BILAG score, protein to creatinine ratio and anti-
dsDNA. The second model (MI-2) included the same
demographic and clinical variables as the first one, but
rather than directly impute SRI-5 we first filled in the
missing values for the individual component measures
at week 52 and the four earlier visits using the chained
equations approach, and then determined SRI-5 status
based on those imputed values. For simplicity, rather than
impute all of the organ-specific BILAG ordinal scores, the
binary variable for the BILAG component of SRI-5 (no
new BILAG A and fewer than 2 BILAG Bs compared with
baseline) was directly imputed instead. The third impu-
tation model for SRI-5 at 52 weeks (MI-3) included the
same variables as in MI-1 as well as SRI-5 at eight addi-
tional visits (weeks 4, 8, 16, 20, 28, 32, 40 and 48) to
explore the impact of including a large number of predic-
tors that are highly correlated with each other and with
the outcome in the same imputation model. For each
imputation approach, 40 imputed data sets were gener-
ated and analysed to estimate the difference in response
rates between the MMF and non-MMF groups. MI results
were compared with those from using the CC, LOCF and
NRI methods.

Finally, MI depends on the MAR assumption, but MAR
cannot be distinguished from MNAR with observed data.
Sensitivity analyses are therefore strongly recommended
to assess the robustness of findings to departures from
the MAR assumption. In our sensitivity analysis, we used a
pattern-mixture modelling framework to perform a ‘stress
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Table 1 Missing data patterns in CDAI example data

Pattern 12weeks 24 weeks 36 weeks 44 weeks 52weeks Frequency (%)
1 X X X X X 204 (73)
2 X X X X (0] 2 (0.72)
& X X X (0] X 3 (1.08)
4 X X X O O 4 (1.43)
5 X X (0] O O 8 (2.87)
6 X (0] X X X 1 (0.36)
7 X (0) X (0) X 1 (0.36)
8 X (0] (0] (0] (0] 31 (11.11)
g O X X X X 1 (0.36)

10 (0] (0] (0] (0] (@) 24 (8.60)

CDAI, Collective Data Analysis Initiative Database; O, missing; X, observed.

test’ of the MAR assumption. We systematically adjusted
the imputation model used to fill in the missing data
in the non-MMF group so that the probability of SRI-5
response became progressively lower than that of subjects
who had non-missing data, resulting in a MNAR pattern.
The point at which the conclusion about the treatment
groups is reversed is known as the tipping point.”' **

All analyses were conducted in SAS V.9.4. The MI
approach was performed using the PROC MI procedure
to generate the Mls and PROC MIANALYZE to pool the
results across the complete data sets.

RESULTS

Sixty patients were in the MMF-treated group and 219
patients were treated with different medications. Table 1
shows the missing data pattern in longitudinal measures
of SRI-b at weeks 12, 24, 36, 44 and 52. In this subset of
visits, the majority of patients showed a monotonic missing
data pattern in which once data are missing at a particular
visit, data at all subsequent visits are also missing. Only
six patients (2%) had a missing value followed by an
observed value at a future visit, indicating that intermit-
tently missed visits were not common. Missing data rates
for SRI-5 at 52 weeks were 32% and 23% in the MMF and
non-MMF groups, respectively. SLEDAI, PGA and BILAG
each had overall missing data rates of 24%; only 8% had
partial information for these indices, so that the majority
of patients had data on all or none of the individual
components of SRI-5 at 52 weeks.

The baseline characteristics of patients with missing
and non-missing SRI-5 data at 52 weeks are summarised
and compared in table 2. Disease activity measures,
disease duration, age, race, steroid use and laboratory
values were not significantly different between those with
and without missing SRI-5 data at 52 weeks.

The CC, LOCF, NRI and MI approaches were each
applied to handle the missing data and obtain estimates
of the 52-week SRI-5 response rates in the MMF and
non-MMF groups, between-group difference in response
rates, corresponding 95% CIs and p values (table 3). With

the CC approach, the SRI-5 response rates were 46.8% in
non-MMF and 29.3% in MMF, corresponding to a differ-
ence of 17.5% (p=0.043). As expected, CIs were widest
when analyses were based only on the available data,
reflecting the loss of precision that results when the sample
size is reduced because of missing data. LOCF produced
the smallest and least significant estimates of between-
group differences in SRI-5 response rates at 52 weeks
(10.6%; p=0.13). LOCF assumes that the missing outcome
is equal to the last observed value of the outcome regard-
less of when it occurred. This is an unrealistic assumption
in our case since in a separate longitudinal analysis that we
conducted, SRI-b rates were observed to increase over time
in both the MMF and non-MMF groups, but at a faster rate
in the non-MMF group. The NRI method yielded the lowest
estimated response rates in each treatment group since all
missing outcomes are assumed to be non-responses. The
NRI-estimated between-group difference (16.1%; p=0.019)
was slightly smaller than the CC estimate.

With multiple imputation models MI-1 (directly
imputing SRI-5) and MI-2 (deriving SRI-5 from imputed
values of individual components), differences in response
rates between the MMF and non-MMF groups were
magnified and more statistically significant compared
with the other missing data approaches (MI-1: 19.1%,
p=0.010; MI-2: 19.0%, p=0.011). However, CIs with the
two MI models were wider than with the LOCF and NRI
methods since the MI procedure appropriately takes into
account the uncertainty in the imputed values. Similarity
in results between MI-1 and MI-2 suggests that imputing
at the composite rather than individual component level
should be sufficient unless the individual components
are themselves of interest and will be separately analysed
anyway. Estimated between-group differences from MI-3,
which was identical to MI-1 but included SRI-5 status at
eight more visits, were smaller and less significant (17.4%;
p=0.026) than the results from the other MI models. This
may reflect the lack of precision that can result when an
unnecessarily large number of highly correlated variables
are simultaneously included in the imputation model.
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Table 2 Baseline characteristics of subjects with and without missing SRI-5 data at 52 weeks
Missing SRI-5 at 52 weeks

Variable Yes (n=69) No (n=210) P value
MMEF, n (%) 19 (27.5) 41 (19.5) 0.16
White race, n (%) 42 (60.9) 119 (56.7) 0.54
Age (years) 36.9 (12.31) 39.0 (11.82) 0.21
Disease duration (years) 4.68 (5.81) 4.90 (7.71) 0.60
Prednisone dose (mg/day) 10.0 (12.5) 10.0 (10.0) 0.15
BILAG score 15.75 (8.38) 14.75 (7.11) 0.33
SLEDAI 10.68 (4.31) 10.60 (3.70) 0.89
PGA 46.50 (19.59) 47.09 (16.25) 0.82
White cell count (x10%L) 5.68 (2.51) 5.90 (2.49) 0.53
Lymphocytes (x10%L) 1.14 (0.52) 1.24 (0.61) 0.23
Neutrophils (x10%L) 3.71 (2.61) 3.64 (2.46) 0.92
CD19 (%) 11.45 (13.5) 9.10 (11.1) 0.14
Haemoglobin (g/L) 122.0 (13.4) 123.7 (15.1) 0.41
C3 (g/L) 0.97 (0.36) 1.00 (0.31) 0.61
C4 (g/L) 17.2 (15.7) 15.1 (12.3) 0.39
Anti-dsDNA (IU/mL) 120.5 (245.5) 69.0 (288.0) 0.99
IgG (g/L) 14.99 (5.21) 15.70 (5.49) 0.35
IgM (g/L) 0.91 (0.74) 0.99 (0.78) 0.27
IgA (g/L) 2.63 (1.69) 2.97 (1.56) 0.12
Anti-SM (U/mL) 5.5 (21.5) 5.5 (2.8) 0.51
Anti-RNP (U/mL) 5.5 (82.0) 5.5 (88.0) 0.25
Anti-SSA/Ro (U/mL) 5.5 (128.5) 5.5 (102.0) 0.77
Anti-SSB/La (U/mL) 13.75 (29.03) 21.96 (38.52) 0.06
Protein to creatinine ratio 0.07 (0.12) 0.06 (0.11) 0.49

Values are mean (SD) or median (IQR) depending on distribution of the data.

P values were based on t-tests or Wilcoxon tests for continuous variables, and x? tests for categorical variables.

anti-dsDNA, anti-double stranded DNA; anti-RNP, anti-ribonucleoprotein; anti-SM, anti-Smith ; anti-SSA/Ro, anti-Sjogren’s syndrome related
antigen A; anti-SSB/La, anti-Sjogren's syndrome type B; BILAG, British Isles Lupus Assessment Group; MMF, mycophenolate mofetil; PGA,
Physician Global Assessment; SLEDAI, SLE Disease Activity Index; SRI-5, SLE Responder Index-5.

With the exception of LOCEF, all the approaches led significantly lower in patients on MMF. Since the MI
to the same conclusion that SRI-5 response rates were  procedure depends on the MAR assumption and there

Table 3 SRI-5 response rates at 52 weeks on SoC by immunosuppressant use

Missing data approach Non-MMF (%) MMF (%) Difference (%) 95% ClI P value
CC 46.8 29.3 17.5 1.7 t0 33.3 0.043
LOCF 40.6 30.0 10.6 -2.7 10 23.9 0.13
NRI 36.1 20.0 16.1 4.1 to 28.0 0.019
MI-1* 47.6 28.5 19.1 4.6t0 33.5 0.010
MI-2* 46.0 27.0 19.0 4.3 to 33.6 0.011
MI-3* 48.2 30.8 17.4 2.0to 32.7 0.026

*n=40 imputed data sets. MI-1: imputation model includes MMF status, race, baseline values of SLEDAI, PGA and BILAG score, protein

to creatinine ratio, anti-dsDNA, and SRI-5 at 12, 24, 36, 44 and 52 weeks; MI-2: imputation model same as MI-1 but separately imputing
components of SRI-5 (SLEDAI, BILAG and PGA); MI-3: same as MI-1 but additionally includes SRI-5 at all 13 visits.

anti-dsDNA, anti-double stranded DNA; BILAG, British Isles Lupus Assessment Group; CC, complete case analysis; LOCF, last observation
carried forward; MI, multiple imputation; MMF, mycophenolate mofetil; NRI, non-responder imputation; PGA, Physician Global Assessment;
SLEDAI, SLE Disease Activity Index; SoC, standard of care; SRI-5, SLE Responder Index-5.
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is no way to know with the observed data whether MAR
truly holds, we performed additional sensitivity analysis
to assess how much the data can deviate from the MAR
assumption before the main conclusion that SRI-5 rate
at 52 weeks is significantly lower in the MMF-treated
patients is reversed. This tipping point did not occur until
the odds of having an SRI-5 response among those with
missing outcomes in the non-MMF group were adjusted
in the imputation model to be fourfold lower than in
subjects with non-missing outcomes, providing additional
support for the stability of the overall conclusion.

DISCUSSION

Potential advantages of applying the MI approach over
the CC, LOCF or NRI in SLE trials include reduced bias
in treatment effect estimates and measures of precision
that properly reflect uncertainty in the imputations. In
our example, MI resulted in larger and more significant
between-group differences in response rates compared
with CC, LOCF and NRI; this trend would not necessarily
hold in all data sets.

MI is particularly advantageous when strong predic-
tors of the missing outcome are available. When the
primary endpoint in the SLE trial is SRI-5 or other disease
outcome at the last follow-up visit, imputation models for
the missing outcome should at the very least include treat-
ment arm, randomisation stratification factors that will be
adjusted for in the main analysis, and outcomes measured
at earlier visits if they are highly correlated with subse-
quent outcomes. However, including data from all visits
in the same imputation model may not be necessary when
the measures are highly correlated and could decrease
the precision of results.”” ** If subgroup analyses are of
interest to assess heterogeneity of treatment effect, addi-
tional interaction terms between treatment arm and the
subgroup defining factor should be included in the impu-
tation model to avoid biasing interaction tests towards
the null. Alternatively, several have recommended fitting
separate imputation models within each randomised
group rather than including interaction terms.*

There appears to be little advantage to imputing data at
the individual component level and then deriving SRI-5
from the underlying imputed values when patients at
specific assessment times generally either have data on
all three disease activity measures that comprise SRI or
missing data for all of them, that is, no partial informa-
tion on disease status. Imputing SRI-5 directly as a binary
outcome yielded similar results. Others have reached
similar conclusions with missing data in composite
outcomes used in psychology and rheumatoid arthritis.* 7

Sensitivity analysis should be carried out with different
specifications of the imputation model to assess robust-
ness of results to the predictors included in the model.”
Consistency in results across imputation models provides
greater confidence in the trial conclusions. Since it is
not possible to know the true underlying missing data
mechanism and to distinguish MAR from MNAR with the

observed data only, sensitivity analyses should also include
assessments of how robust the results are to departures
from the MAR assumption. Data that are MNAR will lead
to biased results unless the missing data mechanism is
known and explicitly modelled in the analysis.

When the missing data rates approaches 50%, results
from MI and other missing data methods should be inter-
preted with caution.'” As a result, strategies to minimise
the amount of missing data should be incorporated into
the design and conduct of the trial. These strategies
include sending patients frequent reminders about their
follow-up visits, encouraging participants to remain in the
trial, and monitoring the extent of missing data during
the trial and taking corrective actions if needed.

Patients in SLE trials who withdraw from treatment
because of lack of efficacy or toxicity or need rescue medi-
cations not allowed in the protocol are often deemed as
treatment failures and no longer followed.* * This is an
example of what the recent International Conference
on Harmonisation (ICH) E9 addendum on estimands®!
refers to as a ‘composite strategy’ for handling treatment
withdrawal and other intercurrent events, since the events
are integrated into the outcome definition. In an SLE
trial that uses this strategy, a successful outcome is not
just achieving clinical response by SRI-5 but also ability
to tolerate treatment long enough to respond. In this
case, additional data following the intercurrent event are
not needed nor used if collected, and the resulting treat-
ment effect (estimand) that is estimated is the difference
between intervention groups in a combined outcome
that requires both disease improvement and treatment
adherence. In contrast, if the treatment effect of interest
is the ‘treatment policy’ estimand, that is, the effect of
the policy of assigning a patient to one treatment versus
another as opposed to the treatment effect if taken as
directed, then patients who have not withdrawn consent
should be assessed for the main outcome, irrespective of
treatment adherence. The argument for considering the
treatment policy estimand has been that it better reflects
the effect of the treatment when used in practice. As
emphasised in the ICH E9 addendum, clear specifica-
tion of the target estimand in the trial is important since
this has implications for the collection and handling of
data before and after the occurrence of any intercur-
rent events, and how missing data should be addressed.
Having the option to evaluate different estimands in the
same study is advantageous since each provides different
insights about the treatment effect. We refer the reader
to the ICH-E9 report and other papers for further discus-
sion on estimands.

Other missing data approaches, in addition to MI,
that would be better alternatives to the single impu-
tation methods commonly used in SLE trials include
inverse probability weighting and maximum likelihood,
which were not discussed in this paper. Regardless of the
missing data method that is adopted, it should be clearly
justified and the underlying assumptions on which it is
based should be plausible. Of course the best approach
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for minimising the effects of missing data is to prevent
its occurrence in the first place and obviate the need for
applying missing data methods since they often require
assumptions that are difficult or not possible to verify.
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