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Accounting for missing data caused by drug cessation
in observational comparative effectiveness research:

a simulation study

Denis Mongin @, Kim Lauper
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ABSTRACT

Objectives To assess the performance of statistical
methods used to compare the effectiveness between
drugs in an observational setting in the presence of
attrition.

Methods In this simulation study, we compared

the estimations of low disease activity (LDA) at

1year produced by complete case analysis (CC), last
observation carried forward (LOCF), LUNDEX, non-
responder imputation (NRI), inverse probability weighting
(IPW) and multiple imputations of the outcome. All
methods were adjusted for confounders. The reasons

to stop the treatments were included in the multiple
imputation method (confounder-adjusted response

rate with attrition correction, CARRAC) and were either
included (IPW2) or not (IPW1) in the IPW method.

A realistic simulation data set was generated from a
real-world data collection. The amount of missing data
caused by attrition and its dependence on the "true’
value of the data missing were varied to assess the
robustness of each method to these changes.

Results LUNDEX and NRI strongly underestimated
the absolute LDA difference between two treatments,
and their estimates were highly sensitive to the amount
of attrition. IPW1 and CC overestimated the absolute
LDA difference between the two treatments and the
overestimation increased with increasing attrition or
when missingness depended on disease activity at 1year.
IPW2 and CARRAC produced unbiased estimations, but
IPW2 had a greater sensitivity to the missing pattern of
data and the amount of attrition than CARRAC.
Conclusions Only multiple imputation and IPW?2, which
considered both confounding and treatment cessation
reasons, produced accurate comparative effectiveness
estimates.

INTRODUCTION
In rheumatology, as in other specialties, randomised
controlled trials are the gold standard when evalu-
ating treatment efficacy. However, because of the
highly selected populations, their conclusions are
difficult to generalise to routine clinical practice.
For this reason among others, evaluation of the
effectiveness of treatments in the real-world patient
population is needed.' Comparative effectiveness
between treatments when using observational real-
world data requires overcoming several difficulties.
In addition to confounding, a recurring difficulty
is missing data.” The data used to define drug effec-
tiveness can be missing at the follow-up time of
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Key messages

What is already known about this subject?

» Attrition, defined as an increased selection due
to participants leaving the study, is a source of
bias for comparative effectiveness research, but
it is often not acknowledged.

» Several imputation methods exist to account for
attrition in comparative effectiveness research
with observational data, but comparison of
these methods is lacking

What does this study add?

» This study provides an extensive comparison
of the statistical methods used to compare
treatment effectiveness in an observational
setting in the presence of attrition.

» Omitting to consider confounding, treatment
cessation or dropouts leads to biased
estimation of effectiveness. The present article
provides advices, methods and code to report
effectiveness properly.

How might this impact on clinical practice or

future developments?

» This work suggests that comparative
effectiveness results in observational data may
have large over or underestimation depending
on the method used.

interest, while patients are still on treatment, and
the missing data may have to be imputed to avoid
selection bias,’® using proper imputation methods.*’
But the data of interest can also be missing because
of attrition (an increasing selection due to partici-
pants leaving the study).®™ Considering effective-
ness among those remaining on therapy after a
certain set of time (complete case analysis; CC’) is
known to be a source of bias,® ' because it excludes
from the analysis patients who stopped the drug for
an adverse event or lack of effect, thus resulting in
a selection bias in favour of responders.'! Although
‘intention to treat’ analysis intends to avoid this bias
in controlled trials,'* there is no consensus regarding
how this should be handled in an observational
study.' Several statistical methods exist allowing to
account for both attrition and confounding, such as
inverse probability weighting (IPW)” '* or multiple
imputation (MI) of the outcome." '* In rheumatic
diseases cohort studies, a popular method to account
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for potential attrition bias is the LUNDEX index.'” Analogously
to non-responder imputation (NRI),'® it corrects for the attrition
bias by assuming that all patients stopping their treatment are
non-responders. It, therefore, multiplies the estimation of effec-
tiveness by the estimate of each drug survival, which may result
in underestimating true drug effectiveness.

Depending on how it is handled, attrition may lead to biased
conclusions in comparative effectiveness research. Therefore, the
characterisation and comparison of existing statistical methods
are needed. The reasons to stop the treatment are often available
in registers and, to our knowledge, are generally not employed
in standard statistical analyses when accounting for attrition.®

The aim of this research is, thus, to perform an extensive
simulation study to compare the ability of different statistical
approaches to account for missing data caused by attrition, when
studying comparative effectiveness using rheumatology observa-
tional data.

METHODS

Our study simulates a comparative effectiveness study of two
treatments in patients with potentially different baseline charac-
teristics and attrition rates. In this simulation, we compare the
effectiveness of tumour necrosis factor inhibitors (TNFi) versus
a biologic disease-modifying antirheumatic drugs (bDMARD)
with another mode of action (OMA) in patients with rheuma-
toid arthritis (RA) using the clinical disease activity index (CDAI)
definition of low disease activity (LDA) at 1-year follow-up as
outcome. We adjust for the following characteristics at treat-
ment start (hereafter referred to as baseline covariates): disease
duration, concomitant treatment with conventional synthetic
DMARD (csDMARD), the number of previous bDMARDs
(prev_bDMARD), and CDAI (CDAL). A collection of registers is
used to generate a single simulation dataset with all CDAI values
at 1year. The simulation study consists in generating, in four
iterative steps, missing data of CDAI at 1year caused by attrition
to then compare how different statistical methods estimate effec-
tiveness. The sensitivity of the results is studied by changing the
amount and the pattern of the missing data.

Creation of the simulation dataset

An original data set composed of a collaboration of RA regis-
ters including TNFi and OMA, including >45 000 treatment
courses'” (see table 1) was used to construct a realistic open
cohort simulation data set composed of 10 000 treatment
courses. The variables of this simulation data set were treat-
ment (TNFi or OMA), CDAI value at treatment start and at
12 months (CDAI, CDAI,,, respectively), all confounders cited
above and the treatment status, which indicates the last available
status about the patient’ treatment. It is equal to ‘ongoing’ if the
patient is still on treatment at the time of data extraction and to
the reason for treatment cessation otherwise (see online supple-
mental material for more details).

The simulation data set was constructed to have the same
proportion of treatments (OMA and TNFi) as the whole data
collection. For each treatment group, CDAI, disease duration,
prev_bDMARD, c¢sDMARD and the treatment status were
independently randomly drawn from the entire collection.
The treatment duration values in the simulation data set were
then randomly sampled while matching exactly the treatment,
the treatment status, and prev_bDMARD. CDAI,, was then
randomly sampled from the entire data set while matching
exactly the treatment, the treatment status, prev_.bDMARD,
and the categories of CDAIO (see online supplemental figure 1

Table 1 Characteristics of the patients under treatment in the initial
real-world register collection

Other mode of actions TNF inhibitor
N 6067 40767
Disease duration (median 9.8 (4.6,17.9) 7.4(2.9,14.6)
(IQR) in year)
Treatment duration (median 1.2(0.5,2.7) 1.7 (0.6, 4.3)
(IQR) in year)
Number of previous bDMARD
(number (%))
0 1451 (23.9) 23016 (56.5)
1 2019 (33.3) 12269 (30.1)
2 1383 (22.8) 3896 (9.6)
3+ 1214 (20.0) 1586 (3.9)
Concomitant csDMARD
(number (%))
MTX 2982 (49.2) 20062 (49.2)
MTX +other 68 (1.1) 1080 (2.6)
None 1907 (31.4) 15047 (36.9)
Other 1110 (18.3) 4578 (11.2)
CDAI, (median (IQR)) 23.4(16.5, 32.0) 23.0(13.9,33.5)
CDAI,, (median (IQR)) 10.0 (5.0,17.3) 7.0 (2.9, 14.0)
Treatment status (number
(%))
Ongoing 3336 (55.0) 24968 (61.2)
Stopped for adverse event 459 (7.6) 1876 (4.6)
Stopped for ineffectiveness 748 (12.3) 3369 (8.3)
Stopped for pregnancy 5(0.1) 53(0.1)
Stopped for remission 62 (1.0) 189 (0.5)
Stopped for other 313 (5.2) 1089 (2.7)
Stopped for unspecified 1144 (18.9) 9223 (22.6)
reason
Missing CDAI,, (number 1680 (27.7) 9415 (23.1)
(%))
Number (%) of patients 1017 (16.8) 6081 (14.9)
stopping after 1year
(number (%))
LDA at 12month (number 1811 (51.4) 15873 (63.7)
(%))

Number of observations (N), number and proportion of patients having 0, 1, 2, 3
and more (3+) previous biological DMARD, of patient having methotrexate alone
(MTX), methotrexate with other csDMARD (MTX +other), at least an csDMARD
other than MTX (other) or no concomitant synthetic DMARD treatment (none),
median (IQR) value of baseline CDAI (CDAI ) and CDAI at 12 months (CDAI,).
CDAI, Clinical Disease Activity Index; csDMARD, conventional synthetic disease-
modifying antirheumatic drugs; TNF, tumour necrosis factor.

for a graphical representation of the data generation). By doing
so, we recreated the association between CDAI, and the reason
to discontinue using the reasons to discontinue that happened
between 12 and 36 months in the original register collection.
Our simulation, thus, imposed this same association between
CDAI,, and discontinuations before 12 months. In the resulting
data set for the 12-month follow-up, more than 55% of the
treatment status are ‘ongoing’ (table 2).

Generation of missing data

Data can be missing completely at random when the probability of
missing is independent of observed and unobserved data, missing
at random (MAR) when the probability of missing depends on
observed data, and missing not at random (MNAR) when the
probability of missing depends on unobserved data. The patients
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Table 2 Characteristics of the patients in the simulated dataset

Other mode of action TNF inhibitor
N 1295 8705
Disease duration (median 9.7 (4.5,17.8) 7.3(2.9,14.3)
(IQR) in year)
Treatment duration (median 1.2(0.5,2.7) 1.6 (0.5,4.2)
(IQR) in year)
Number of previous bDMARD
(number (%))
0 326 (25.2) 4973 (57.1)
1 409 (31.6) 2618 (30.1)
2 294 (22.7) 775 (8.9)
3+ 266 (20.5) 339(3.9)
Concomitant csDMARD
(number (%))
MTX 611 (47.2) 4330 (49.7)
MTX +other 18 (1.4) 248 (2.8)
None 427 (33.0) 3143 (36.1)
Other 239 (18.5) 984 (11.3)
CDAI, (median (IQR)) 23.2(16.4,32.4) 23.0 (14.0,33.3)
CDAI,, (median (IQR)) 10.2 (5.3,17.0) 8.0 (3.4,15.1)
treatment status (number (%))
Ongoing 740 (57.1) 5355 (61.5)
Stopped for adverse event 95 (7.3) 407 (4.7)
Stopped for ineffectiveness 159 (12.3) 755 (8.7)
Stopped for pregnancy 1(0.1) 11(0.1)
Stopped for remission 17(1.3) 41 (0.5)
Stopped for other 57 (4.4) 215 (2.5)
Stopped for unspecified 226 (17.5) 1921 (22.1)
reason
LDA 639 (49.3) 5210 (59.9)

Number of observations (N), number and proportion of patients having 0, 1, 2, 3
and more (3+) previous biological DMARD, of patient having methotrexate alone
(MTX), methotrexate with other csDMARD (MTX +other), at least an csDMARD
other than MTX (other) or no concomitant synthetic DMARD treatment (none),
median (IQR) value of age, body mass index (BMI), baseline CDAI (CDAI ) and CDAI
at 12 months (CDAL,).

CDAI, Clinical Disease Activity Index; csDMARD, conventional synthetic disease-
modifying antirheumatic drugs; LDA, low disease activity; TNF, tumour necrosis
factor.

whose CDAI values at 12 months were set to missing in the simu-
lated data set were chosen by sampling from the patients having
a treatment status different from ‘ongoing’ with the conditional
probability of having a missing CDAI, value in the original real
data. These probabilities were extracted from a generalised linear
model applied on the initial ‘real-world’ register collection esti-
mating the probability of having a missing outcome as a function
of the treatment, prev_bDMARD, ¢sDMARD, CDAI, CDAI,,
and the treatment status. Before applying this generalised linear
model, all predictors were imputed using MI by chained equa-
tion (mice) with 40 iteration, 40 samples and predictive mean
matching.

Different ways of deleting data were applied, leading to
different types of missing patterns for the different estimation
methods considered (see table 3):

» A reference scenario (missingness condition 1) with 30%
treatment cessation in both treatments and no association
between effectiveness at 1year and treatment cessation.

» To test the dependence of the observed comparative effec-
tiveness on the amount of attrition, the proportion of

missing CDAI, was set to 10%, 15%, 20%, 25% and 30%
in OMA only, and then in both treatments.

» To assess the sensitivity of the estimators to MNAR data, we
changed the association between CDAI,, values and missing-
ness of CDAI,, caused by attrition by modifying the OR for
CDAI,, yielded by the generalised linear model predicting
the missing values of CDAI , (ie, the effect of CDAI,, values
on the odds of having a missing CDAI ). It was set to 1 for
the reference treatment, and to 1.07 or 1.14 (probability of
having a CDAI , missing multiplied by 2 or 4 for an increase
in 10 points of CDAI,,) for OMA only, and then in both
treatments.

For treatment courses with CDAI,, set to missing, the treat-
ment durations were imputed with plausible values (treatment
duration between 0 and 12 months) using MI with predictive
mean matching, including CDAI, disease duration and treat-
ment as covariates.

Simulation

For each condition, the simulation consisted in generating 1000
samples with missing data caused by treatment cessation and
estimating the difference in LDA proportion between the two
treatments with different statistical methods.

We report bias as the difference between the value estimated
in the simulation sample and the true value. The true value is
defined here as the LDA rate given by the treatment effect of a
linear model predicting LDA on the complete simulation data set
(ie, before inducing missing values) adjusting for baseline covari-
ates. In addition, we estimate coverage as the percentage of Cls
in the simulation samples which included the true value.

All code to generate simulation data, estimate measures of
LDA, and generate the manuscript figures and tables is avail-
able in a repository.”” All the simulation, statistical analysis and
figures were made in R V.4.1.0,*! using the library ipw* for IPW,
mice™ for MI with chained equation, geepack™ for the gener-
alised estimating equations.

Methods to estimate the LDA

The dataset analysed contained one line per patient’s treatment
course. All methods used a generalised linear model with Huber-
White robust standard errors predicting a binary outcome as
a function of the baseline covariates (referred hereafter as the
adjusted model).”**’ In line with Cheung and co-authors®® %7,
we use a Gaussian identity link, and the coefficient for treatment
provides the increase of LDA rate compared with the reference
treatment. The following estimation methods were considered.

Complete case analysis

CC consists of restricting the analysis only to available data. We
considered here the adjusted estimation of the LDA difference
between treatments.

Last observation carried forward

All the missing CDAI,, values were set to the last available value
of CDAI, which could be the baseline value. The LDA rate is
then estimated with the adjusted model.

LUNDEX

LDA rate (P, ,inoex) 18 €stimated by the proportion of patients
reaching LDA (P pa) obtained by the adjusted model multiplied
by the Kaplan Meyer estimates of the drug survival P pa at the
time of outcome evaluation'” :

Mongin D, et al. Ann Rheum Dis 2022;81:729-736. doi:10.1136/annrheumdis-2021-221477 731
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Table 3 Missingness conditions for the simulation, 1 being the reference condition

Missingness for CC,

Attrition for OMA  Attrition for TNFi LOCF, LUNDEX, NRI, Missingness for IPW2 and

Condition (%) (%) CDAI, OR for OMA CDAI,, OR for TNFi IPW1 CARRAC

1 20 20 1 1 MNAR MAR

2 10 20 1 1 MNAR MAR

3 15 20 1 1 MNAR MAR

4 25 20 1 1 MNAR MAR

5 30 20 1 1 MNAR MAR

6 10 10 1 1 MNAR MAR

7 15 15 1 1 MNAR MAR

8 25 25 1 1 MNAR MAR

9 30 25 1 1 MNAR MAR
10 20 20 1.07 1 MNAR MNAR for OMA, MAR for TNFi
1" 20 20 1.14 1 MNAR MNAR for OMA, MAR for TNFi
12 20 20 1.07 1.07 MNAR MNAR
13 20 20 1.14 1.14 MNAR MNAR

Attrition for OMA of TNFi indicates the percentage of missing CDAI at 12 months for the other mode of action treatment (OMA) of the reference treatment TNFi, CDAI,, OR are
the OR of the CDAI value at 12 months (CDAI,,) in the generalised linear model predicting missingness of CDAI,, used to create missing values in the simulation. A CDAI12 OR of
1.07 or 1.14 implies that the odds of having a CDAI12 missing is multiplied by 2 or by 4 for an increase of 10 points of CDAI12. The column ‘Missingness for CC, LOCF, LUNDEX,
NRI, IPW1" indicates if the missing data are MNAR or MAR for the methods CC, LOCF, LUNDEX, NRI, IPW not accounting for the reasons for treatment cessation in the attrition
weights (IPW1). The column ‘Missingness for IPW2 and CARRAC' does the same for IPW accounting for the reasons for treatment cessation in the attrition weights (IPW2) and

CARRAC.

CARRAC, confounder-adjusted response rate with attrition correction; CC, complete case analysis; CDAI, Clinical Disease Activity Index; IPW, inverse probability weighting; LDA,
low disease activity; LOCF, last observation carried forward; MAR, missing at random ; MNAR, missing not at random ; NRI, non-responder imputation; OMA, another mode of

action; TNF, tumor necrosis factor.

PrpA-LUNDEX = SkM X PLpa  (equation 1)
CIs were calculated by bootstrap using the quantiles of 1000

samples.

Non-responder imputation

All missing values caused by attrition were set to a non-
responder value. The LDA proportion was then estimated using
the adjusted model.

Inverse probability weighting 1 and 2

The inverse probability weights for treatment (ipwt) and for
attrition (ipwc) were computed using a generalised linear model.
Weights for treatment (ipwt) included the baseline covariates.
Weights for censoring (ipwc) included the same baseline covari-
ates in the first version of this method (IPW1), or additionally
included the treatment status (IPW2). The LDA proportion was
then computed using the adjusted model with weights equal to
ipwt X ipwc.

Multiple imputation

Missing disease activity values at 12 months were imputed using
MI using chained equations (mice) with the predictive mean
matching algorithm, with baseline covariates and the treatment
status.

For each of the imputed samples, the LDA difference between
treatments was calculated with the adjusted model. The overall
estimate and its SE are then pooled from the 10 mice samples
using Rubin’s rule.”® The overall method is hereafter named
confounder-adjusted response rate with attrition correction
(CARRAQC).

RESULTS

In the reference scenario, CARRAC and IPW?2 provided almost
unbiased LDA for each treatment (figure 1), thereby estimating
almost unbiased LDA difference for these two methods. CC and

IPW1 overestimated LDA in both treatments. As their overesti-
mations were similar in OMA and in the reference treatment, the
absolute LDA difference was almost unbiased. Last observation
carried forward (LOCF), LUNDEX and NRI strongly underesti-
mated LDA in both treatments. Because the underestimation was
much lower in OMA, the absolute LDA difference was under-
estimated by these methods. The coverage was 95% or above
in individual treatments only with CARRAC, but due to their
smaller bias when considering the LDA difference, the two IPW
methods and CC retained good coverage for the comparative
effectiveness.

When increasing the association between missingness and
the true value of effectiveness at 1year for both treatments
(figure 2A and online supplemental figure 2), LUNDEX, NRI,
IPW1, LOCF and CC estimations were almost unaffected, while
IPW2 and CARRAC started to overestimate the absolute LDA
difference. When the association between missingness of CDAI ,
and CDAI, values existed only in one treatment (figure 2B and
online supplemental figure 3), all methods overestimated the
difference in LDA, leading to inadequate coverage.

When changing the amount of missingness in both treat-
ments, CARRAC, CC and IPW1 provided unchanged LDA
difference estimation when compared with the reference situ-
ation (figure 2C and online supplemental figure 4). IPW?2 esti-
mations remained approximately unbiased, but their dispersion
increased significantly. The bias yielded by NRI and LUNDEX,
and to a lesser extent by LOCF, was increased when the amount
of missing data increased equally in both treatments.

Increasing the amount of missingness in OMA but not in TNFi
decreased the absolute LDA difference between the treatments
provided by CC and IPW1, while the LDA proportion differ-
ence yielded by LOCF, LUNDEX and NRI increased strongly
(figure 2D and online supplemental figure 5). IPW2 stayed unbi-
ased but started to produce more dispersed estimations when
the percentage of missingness was 30%. CARRAC estimations
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Figure 1 Distribution of the effectiveness measured by the low disease activity (LDA) proportion (upper panels) and the associated coverage

(percentage of Cls in the simulation samples which include the true value, lower panels) for each treatment (reference and another mode of action
(OMA)—other modes of action, middle and right panels) and for the difference between the treatments (difference, left panels). The methods
analysed are complete case analysis (CC), last observation carried forward (LOCF), LUNDEX, non-responder imputation (NRI), inverse probability
weighting accounting for the reasons for treatment cessation in the attrition weights (IPW2) or not (IPW1), and confounder-adjusted response rate
with attrition correction by reason for drug cessation (CARRAC). The widths of the violins are fixed, so the area of the violin does not represent the

number of counts. The true value is represented as a black horizontal line.

of LDA difference slightly underestimated the absolute true
difference when increasing the amount of attrition but retained
coverage for all missingness conditions.

DISCUSSION

Using a simulation data set generated from a real-world data
collection, the present simulation study addresses the issue that
some patients may stop the treatment not because it does not
work but for some complex reasons including adverse events,
remission, etc, which could be taken into account to accurately
assess effectiveness. We, therefore, investigated several methods
used to compare the response rates of two treatments in pres-
ence of confounding and attrition. We focused on attrition, by
manipulating the missingness pattern to create greater treat-
ment discontinuation in one treatment versus the other or by
increasing the risk of treatment discontinuation. Because obser-
vational studies usually use adjusted models to estimate the causal
effect of treatments, we used as the true estimate the difference
in LDA proportion based on an adjusted model applied on the
simulation data set without missing data.

We first observed that the bias in the difference of effective-
ness was always lower than the strongest bias observed for the
effectiveness estimated in individual treatments. This will always
be the case if the estimation of effectiveness is biased in the same
direction in both treatments. As expected, methods including

a model for attrition and based on MIs and IPW performed
well* * as long as missingness was dependent only on known
covariates (MAR data), but not on unmeasured information
(MNAR data). Although an important part of the treatment
cessation reasons was unknown, this information was still valu-
able when estimating effectiveness in the presence of attrition.
Including the treatment status in the calculation of the censoring
weights permitted IPW to estimate more precisely LDA for each
treatment. On the other hand, it led to a higher sensibility to the
amount of attrition and to the association between missingness
and effectiveness value. This result highlights the importance of
model specification for the missingness pattern and the differ-
ence between IPW and MI. For instance, the model used for
missingness in IPW did not include an interaction term between
treatment and variables predicting effectiveness at 1year (such
as baseline disease activity for instance), thus misspecifying the
differential effect introduced in the data. MI using predictive
mean matching, in the CARRAC method, is less sensitive to
misspecification because the model defines the distribution of
missing data, which has less variation between the treatments.
CC and IPW1 were biased in each individual treatment, indi-
cating a persistent association between CDAI,, values and their
missingness. This association, reflecting the fact that patients
remaining on treatment tend to have a better response than
those stopping,®' caused the LDA estimated by CC in each
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Figure 2 Low disease activity (LDA) difference between treatments and the associated coverage (percentage of Cls in the simulation samples that
include the true value) of the reference situation (condition 1) and when having missing not at random in both treatments (condition 12, A), when
having missing not at random in one treatment (conditions 10 and 11, B), when having a changing proportion of missing due to attrition in both
treatments conditions (conditions 6-9, C) and when having a changing proportion of missing due to attrition in only one treatment (conditions 2-5,
D). The methods analysed are complete case analysis (CC), last observation carried forward (LOCF), LUNDEX, non-responder imputation (NRI), inverse
probability weighting accounting for the reasons for treatment cessation in the attrition weights (IPW2) or not (IPW1) and confounder-adjusted
response rate with attrition correction by reason for drug cessation (CARRAC). The widths of the violins are fixed, so the area of the violin do not
represent the number of counts. The true value is represented as a black horizontal line.
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treatment to increase with the amount of missing data at 1year
or with the increase in association between CDA,, values and
their missingness. IPW1 did so to a smaller extent, as its model
partially accounts for the attrition. When the amount of attrition
was similar in the two treatments, the biases were similar, and
these two methods correctly estimated the difference in LDA.
But when the missingness differed between the two treatments,
these methods yielded strongly biased estimations of the differ-
ential effectiveness.

LOCF, LUNDEX, and NRI underestimated LDA in each
treatment. LOCF assumes that the missing values of CDAI are
identical to the last available values, although disease activity is
known to globally decrease with time.** * LUNDEX and NRI
considered all patients without information at 1year as non-
responders, although studies show that treatment cessation is
not only due to ineffectiveness®® but also due to various other
reasons, such as adverse events, pregnancy, or even remission.
Therefore, when increasing the proportion of missing values,
the LDA proportion yielded by NRI and LUNDEX converge to
0%, which is the LDA when all data at 1year are missing, and
the one provided by LOCF converge to an intermediate value
comprised between the baseline proportion of LDA and the one
at 1lyear.

Three main groups of methods with different ways of
handling missing data caused by attrition emerged from our
discussion: those including a model for attrition (IPW2 and
CARRAC), those considering patients who stopped treatment
as non-responders (LUNDEX and NRI) or as keeping the same
disease activity in time (LOCF) and those not adjusting for attri-
tion (IPW1 and CC). Within each group, these methods did not
handle confounding the same way either, thus causing a residual
difference between them.

Strength and limitations

The use of data stemming from a real register to generate a simu-
lation data set is a strength of this study, as it allowed to test the
statistical methods on close to real-world data. The large variety
of methods studied and the release of the code on an open-access
repository are also assets to the present work, which guarantee
the accessibility of the methods. These methods are also gener-
alisable for any disease or treatments, where treatments may
be stopped for different reasons. However, as in every clinical
study, the quality of the imputation will depend on model spec-
ification, so careful thought should be given to the covariates
included in the model for each particular case. Nevertheless, a
limitation of any simulation study is that results depend on the
model used to generate the data. In the case of this study, our
simulation design favours both CARRAC and IPW2, as they are
the only ones making use of the treatment status used to generate
the data. Thus, we may underestimate the impact of model
misspecification. Another limitation is the use of only baseline
disease activity, baseline confounders, and reason for stopping
to estimate response rate. Though this choice corresponds to
the reality of registry data, which usually have few intermediate
visits, further models including repeated measurements could be
informative. Finally, we used the association between the disease
activity at 1year and the reasons to stop in the future to recreate
in the simulation data set the link between the reasons to stop
before 1year and the value of CDAI a patient would have had
at 1year. This procedure may underestimate the real association
between reasons for cessation and disease activity. Therefore, the
difference between the statistical methods presented here may be
more pronounced in real applied analysis.

CONCLUSION

Correct estimation of effectiveness requires considering
confounding, treatment cessation and dropouts. While CARRAC
and IPW can produce proper estimates, methods omitting one of
those, such as LUNDEX, NRI or CC, yield biased estimation,
depending on the amount of attrition in the treatments. While
the choice of methods is important, and some methods make
stronger assumptions than others, model specification remains
crucial. Careful justification of the model used for both miss-
ingness and confounding is necessary to obtain trustworthy and
accurate results.
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