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Introduction

Participants switch between randomised treatments, or onto other
treatments is common in clinical trials. When treatment switches do not
represent treatment pathways that would be observed in clinical practice,
adjustment analyses may be used to estimate counterfactual outcomes to
inform healthcare decision making.

Inverse probability of censoring weights (IPCW) is a common method used
to correct for the selection bias induced by per-protocol (PP) analysis by
giving extra weight to uncensored individuals who had similar prognostic
characteristics to censored individuals. Such weights are computed by
modelling selected covariates. IPCW relies on the no unmeasured
confounding (NUC) assumption, and selecting variables can be challenging.
In this study, we aim to explore the behaviour of IPCW under conditions
where too few, too many, and mis-specified covariates are included in the
weighting models.

Methods

We performed a simulation study in realistic trial settings.
= Data-generating mechanism (DGM): Models for time-varying covariates
(TVCs), treatment switching and outcome were designed to generate
data. Scenarios were designed to vary treatment switching and outcome
mechanism, correlation between two confounders, and sample size.
Figure 1 (right part) describes the scenarios explored.
= Estimand: The risk difference between randomised groups at week 96.
= Analysis methods: Intention to treat (ITT), PP and potential IPCW
implementations with different TVCs selected (Table 1).
We follow these steps to implement IPCW:
1. Censor at treatment switching
2. With identified TVCs, we model:

logit P(Ciy = 1|Cip-1) = 0,K) = {Kyp + 1f (v),
where C;, denotes censoring and K, is the set of measurements of
identified TVCs for participant i at visit v.

3. Compute the inverse probability weight (IPW).
4. Finally we perform the outcome model with the calculated IPW.

Table 1: IPCW implementations explored.

Correct IPCW with L1L2 (NUC)

IPCW omitting L1
IPCW omitting L2

IPCW omitting L2 and with unnecessary L3
IPCW omitting L2 and with unnecessary L4
IPCW omitting L2 and with unnecessary L5
IPCW omitting L2 and with unnecessary L3L4L5

IPCW with L1L2 (NUC) and unnecessary L3
IPCW with L1L2 (NUC) and unnecessary L4
IPCW with L1L2 (NUC) and unnecessary L3L4L5

Note: L1 and L2 are time-varying confounders that are associated with both the treatment switching and the
counterfactual outcome; L3 is an outcome risk factor that does not predict treatment switching; L4 and L5 are treatment

switching factor that do not predict counterfactual outcome. Performance of methods in bold are shown in Figure 1.

Too few TVCs

Mis-specified TVCs

Too many TVCs
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Figure 1: % bias from methods in Scenario 1-18.
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Results

= |[PCW provided unbiased estimates when NUC and positivity assumptions
were satisfied. ( In scenarios except 9&17)

= |[PCW with too many covariates but satisfied NUC performed well
considering both bias and standard errors. ( )

= |[PCW with too few or mis-specified confounders gave biased estimates.
( )

= All (even suboptimal) IPCW implementations outperforms PP in most
scenarios except for the less usual case where selection bias caused by
two confounders is in different direction and cancels out.

Conclusions

» |ncluding variables in weighting models that are not confounders is sub-
optimal but is preferable to excluding confounding variables.
- It Is Iimportant to ensure complete data collection on all potential
confounders for IPCW.
* |n the presence of treatment switching, IPCW is a safer choice than PP to
estimate the effect of receiving the treatment as assigned.
- When important confounders are collected in a clinical trial, use
IPCW as an analysis method instead of PP.
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