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1 Introduction

A simulation study in the setting of randomised clinical trials was performed to evaluate the operating charac-
teristics of causal inference methods for estimating specific estimands that address intercurrent events or missing
data. The simulation study was pre-specified in the Simulation Study Protocol Version 1.2 (Ristl et al.l 2026
that was made public in the HMA-EMA Catalogues of real-world data sources and studies and can be accessed
under https://catalogues.ema.europa.eu/node/4623.

The simulation study focused on scenarios for two-armed randomised controlled trials with an experimental treat-
ment group and a control group, one primary endpoint, one or more baseline covariates as well as time-dependent
covariates, different types of intercurrent events, different estimand strategies and different mechanisms resulting
in missing data.

The simulation comprised four scenario classes: 1) scenarios with a time-to-event endpoint, treatment switching
as intercurrent event and a hypothetical strategy, 2) scenarios with a continuous endpoint, administration of
rescue medication as intercurrent event and treatment policy or hypothetical strategies, 3) preventive vaccine
efficacy trial scenarios with a binary endpoint and possible non-adherence to the full (multi dose) vaccination
regimen with an estimand aiming at the principal stratum of compliers with the vaccination regime, and 4)
scenarios with a safety endpoint in a chronic disease setting, treatment discontinuation as intercurrent event and
a while-on-treatment strategy. An overview on the scenarios, estimands and methods is given in [Table 1.1

Table 1.1: Scenario classes considered in the simulation study, defined through the combination of type of end-
point, summary measure, intercurrent event (ICE), estimand strategy, causal inference method. Abbreviations:
RPSFTM - rank preserving structural failure time model, IPW - inverse probability weighting, TSE - Two-stage
estimation, IV - instrumental variable.

Type (.)f ICE and Summary Strategy Methods
endpoint measure
. . PSFTM
Oncology setting with ?PV?/
switching and time to Hazard ratios Hypothetical TSE
event endpoint .
g-computation
Treatment policy IPW
Diabetes trial with rescue IPW
medication and Difference in means Hypothetical de-mediation
continuous endpoint g-computation
Vaccine trial with Principal stratum of
incomplete vaccination P v

Vaccine efficacy compliers with

(lack of tolerability) and o .
vaccination regimen

binary endpoint
Safety trial with
discontinuation of . . Competing risk
treatment and time to Hazard ratios While on treatment IPCW

event endpoint

Propensity score

To evaluate the performance of the different analysis methods, we assessed the bias and the root mean squared
error (RMSE) of point estimates, the type I error rate and power of hypothesis tests under scenarios correspond-
ing to respective null or alternative hypotheses, as well as the coverage probability and the width of confidence
intervals. More information can be found in Section 6.2 in Ristl et al.| (2026]).

In general, summary measures were calculated as the average of respective results across the simulation runs
within each scenario. Hypothesis tests were performed as one-sided tests at a one-sided 2.5% significance level.
Confidence intervals were calculated as two-sided intervals with a nominal coverage probability of 95%.

If not stated otherwise, 10,000 simulation runs were performed for each scenario.


https://catalogues.ema.europa.eu/node/4623

This report is organised as follows:

Among Sections 2 to 5, each section is dedicated to one scenario class. FEach of these sections contains a
description of the assumed trial design, estimand, considered causal inference methods and data generating
mechanisms and specifications of the simulation scenarios and deviations from the study protocol. This is
followed by a presentation of simulation results, a case study for illustration of an application of the studied
methods and a discussion of results.

The report is concluded in Section 6 with an overall summary of the key findings across all scenario classes,
including the main observations, implications, and recommendations arising from the simulation results.

Supportive information is contained in the Appendix and in the attached files listed in Appendix [E]

The full programming code of the simulation study is available at https://github.com/CI-RCT-Sim/CI.RCT.
Sim.

The results of this simulation study should be interpreted within the context of the specific estimands and
data-generating mechanisms considered. They are not intended to generalise to other settings where the causal
structure, intercurrent events and handling strategies, or modelling assumptions differ.


https://github.com/CI-RCT-Sim/CI.RCT.Sim
https://github.com/CI-RCT-Sim/CI.RCT.Sim

2 Scenario class 1: Treatment switching, hypothetical strategy, time-
to-event

In this set of scenarios, we considered the setting of oncological trials with an overall survival endpoint, in
which switching from the control treatment to the experimental treatment may occur after disease progression.
Examples for this set up include (Camidge et al 2021; Demetri et al.| [2012; Latimer et al.l |2016]).

In all simulated scenarios studying causal inference methods to account for treatment switching, we considered
the following trial design: The study is a 1:1 randomized controlled trial with an experimental treatment group
and a control group in an oncology setting. The primary endpoint of the study is overall survival. The trial
follow-up length is event driven with a (maximal) recruitment phase of 2 years and a maximal overall study
duration of 7 years. We assume that patients are recruited at constant rate over the recruitment period. Event
times are censored by administrative censoring at the calendar time of trial termination (thus participants are
administratively censored at different follow-up times). In most considered scenarios, we allowed for additional
random censoring, as would occur, e.g., due to study withdrawals or patients lost to follow-up.

We assume that disease status is continuously monitored, and patients may experience a progression of disease
event. At the time of disease progression, patients in the control group may switch their treatment towards the
experimental treatment.

The aim of the analysis is to assess whether patients receiving the experimental treatment have greater survival
times compared to patients receiving the control treatment under the hypothetical scenario that treatment
switching was not possible. The respective attributes of the estimand thus were:

e Endpoint: Time from randomisation to death from any cause.

e Treatments: Experimental versus control, administered in regular intervals (not further specified in the
general simulation set-up).

e Summary measure: Hazard ratio conditional on covariates X and W at baseline.
e Population: Patients diagnosed with the specific type of cancer.
e Intercurrent event: Treatment switching from the control arm to the experimental arm.

e Intercurrent event strategy: Hypothetical strategy, assuming a hypothetical scenario were switching would
not occur.

We assume that for every patient the following variables are observed (including the initial treatment group and
the (possibly censored) time to death):

e A, Initial treatment group
e Time to death or last follow up
e Time to disease progression or last follow up

e D(t), a time dependent indicator variable indicating whether the patient had switched at or before time t.
(For treatment group patients, D(t) is always 0.)

e X a continuous baseline covariate
e W(t), a time-dependent continuous covariate measured at baseline and subsequently at yearly intervals
o Wyrog, the value of W at the time of disease progression (also termed secondary baseline), if applicable

o 1{Wpros > 0}: An indicator variable resembling W at the time of progression exceeding a threshold
(chosen as 0), which was considered to be particularly informative for the decision to switch in certain
scenarios.

In addition, we assume the presence of a further time-dependent continuous covariate L(t), which takes the role
of an unobserved confounder in certain scenarios.



Analysis methods: The following causal inference methods were be applied in the simulation
e Rank preserving structural failure time model (RPSFTM) (Robins and Tsiatis, [1991])
e Two-stage estimation (TSE) (Latimer et al., [2017} 2020)
e Inverse probability of censoring weighting (IPCW) (Latimer and Abrams|, [2014])
e G-computation (g-formula) (Al Tawil et al., [2024))
As a comparator method we applied a Cox model with survival times censored at the time of switching.

Assumptions

The model assumption of RPSFTM and TSE are correctly specified outcome models, resembling an accelerated
failure time model. The impact of violation of this assumption will be investigated by starting from a data
generating model that meets the model assumptions and then shifting parameter values to increasingly deviate
from the assumption.

IPCW assumes a correct model for the propensity of switching, which is inherently time dependent and may
further depend on time-varying covariates, in particular disease progression. The simulation will allow for
combinations of data generating mechanism and specifications of the analysis methods such that the assumptions
of the methods are matched, as well as for deviations from assumptions. For IPCW, in particular, specifications
which include all required covariates will be initially used and deviations will be explored by date generating
mechanisms that include unobserved confounders. TPCW further assumes that the probability for switching
conditional on the covariates must be strictly less than 1. The characteristics of IPCW under near violation
of this assumption will be explored via increasing the dependence of switching on a time dependent covariate
threshold.

G-computation assumes correctly specified models for the dependence of time-varying covariates and outcomes
on the covariate history. Similar to IPCW, the impact of this assumption will be assessed through scenarios with
functional associations deviating from assumed functions and by increasing effects of unobserved covariates.

The comparator Cox model assumes that switching is independent of the counterfactual outcome, conditional on
covariates included in the model. In the core simulation, both the hazard for switching and the hazard for death
may depend on common covariates. By varying the effect of these covariates, deviations from the assumption
will be explored.

2.1 Data generation

In the simulation, we considered a core scenario and further scenarios which deviated from the core scenario in
one or more parameter values. The aim of studying a comprehensive set of scenarios was to explore the impact of
changes to the mechanisms of progression, switching, death and random censoring as well as to explore settings
with different effects of unobserved confounding (relevant for all methdods), near violation of the positivity
assumption (for IPW) and violations of the common treatment effect assumption for RPSFTM.

Table [2.1 gives an overview of the included scenarios. The table should be read in conjunction with the following
section 2.1 on data generation. It further serves as reference for the scenario names used in the results Section

Z4
Throughout this section, we use ¢ to denote time with respect to event times and time dependent variables.

The assigned treatment A € 0,1, with A = 1 denoting treatment and A = 0 denoting control was sampled from
a Bernoulli distribution with equal probability for 0 and 1, corresponding to an allocation ratio of 1:1.

For every patient, X was sampled from a standard normal distribution.

The time-dependent covariate W (¢), ¢ > 0 was modelled as step function with jumps at ¢t = 0,1,2,...,k years
(and constant values between jumps). For the simulation, k& was chosen larger than the maximal trial duration of 7
years. Denote the values over the respective time intervals, indexed j = 0,1,2,...,k,as W = W(t) : t € [, +1).



Table 2.1: Description of treatment switching scenarios.

Scenario name

Description

Core
W - decrease under ctr

W - decrease in both groups

L - decrease under ctr, effect on death, progr.,
switching (unobs. conf.)

L - decrease in both groups, effect on death, progr.,
switching (unobs. conf.)

time dependent correlation - Toeplitz

progression - slow

progresssion - no effect of W

progression - reduced effect of trt

progression - no effect of trt
progression - unobserved confounding with death

switch - high probability

switch - no effect of W
switch - W>0 near separation

switch - unobserved confounding with death

death - high rate

death - no effect of W

death - unobserved confounding with progr.
switch

Trt effect post switch - reduced*

and

Trt effect post switch - none

random censoring - none

random censoring - effect of X

random censoring - effect of X and W
random censoring - effect of X, W and L

random censoring - high rate, effect of X, W
random censoring - high rate, control only, effect of
X, W

Base scenario with effects of observed variables X
and W(t)

W has decreasing mean with time in the control
group (declining health state under control)

W has decreasing mean with time in both groups
L has decreasing mean with time in the control

group
L has decreasing mean with time in both groups

Toeplitz correlation instead of exchangeable for W
Median time to progression of 1 year insteaf of 0.5
Progression does not depend on W

Progression rates are more similar between groups
(hazard ratio of 0.75 fo trt vs. ctr instead of 0.5)
Progression rates are identical between groups
Death and progression share an unobserved, time-
dependent confounder L(t)

Approximately 90% switching after progression in-
stead of 50%

Switching does not depend on W

Switching is strongly governed by W exceeding 0 at
progression

Death and switching share an unobserved, time-
dependent confounder L(t)

Median time to death of 2 year instead of 4
Survival does not depend on W

Death, progression an switching share an unob-
served, time-dependent confounder L(t)

The treatment effect after switching is less than un-
der initial administration (conditional hazard ratio
0.75 instead of 0.5)

After switching, there is no treatment effect.

No random censoring

Random censoring depends on X

Random censoring depends on X and W(t)
Random censoring depends on X, W(t) and L(t). In
addition, death also depends on L to induce unob-
served confounding between death and random cen-
soring.

High censoring rate (10% per year instead of 2.5%)
Censoring occurs under control only, at a high rate
of approximately 10%.




The vector Wy, ..., W} was sampled from a multivariate normal distribution with mean py, and covariance
matrix Xyy.

The time-dependent covariate L(t), t > 0 was modelled as step function and sampled from a multivariate normal
distribution in the same way as the observed covariate W (t). The according mean vector and covariance matrix
are denoted as p; and covariance matrix Xp,.

In the core scenario, py, and p; were vectors of 0, corresponding to a stable health state in terms of these
variables. The covariance matrices corresponded to the exchangeable covariance structure with all variances

equal to 1 and correlation 0.5. In additional scenarios we considered mean vectors (1,0.5,0,—1,...,—1) in both
treatment groups, which corresponds to a declining health state, as well as mean vector (0.5,...,0.5) under
treatment in combination with (0.5,0, —0.5, —1,..., —1) under control, which corresponded to a declining state

under control only.

We further considered scenarios with Toeplitz covariance structure in which the correlations for two measure-
ments between adjacent time intervals were set to 0.9,0.8,...,0.1 for time differences of 1,2,...,10 years. The
variance was set to 1.

Of note, X, W and L were generated as independent random variables.

All time to event variables (time to death, time to progression and time to random censoring) were sampled in
a similar fashion: We defined a hazard function that potentially depends on an intercept (Int) and the variables
A, X, W(t), L(t), D(t). Then event times were sampled based on the corresponding distribution function. In
detail, the hazard functions for event € {death, censor} were defined as

Nevent (t) = exp(ﬁevent,lnt + X * 5event,X + W(t) * ﬂevent,W + L(t) * 5event,L + A x ﬂevent,A + D(t) * /Bevent,D)

and the hazard function for progression does not depend on switching, as this occurs after progression. Note
that the censoring here refers to the random censoring process that may depend on covariates and occurs in
addition to administrative censoring. It was defined similarly otherwise:

nprogr(t) = eXp(ﬁprognlnt + X * ﬂprogr,X + W(t) * ﬁprogr,W + L(t) * ﬁpragr,L + Ax ﬁprog'r,A)

Event times were sampled using the inverse cumulative distribution function method: The corresponding cu-
mulative distribution function is Feypent(t) = 1 — exp (— fot nevent(s)ds). A random variable u ~ Uniform(0,1)
was sampled. The random time to event then was teyent such that Feyent(tevent) = u.

Observed times for progression and death were censored at the event time for random censoring, if the latter
was smaller, and at due to administrative censoring at the time of study termination.

Parameter values used in the core scenario for the hazard models and the model for switching, which will be
presented below, are shown in Table[2:2] For all further scenarios, the parameter values deviating from the core
scenario are listed in table 2.3

Table 2.2: Paramter values in the core scenario for hazard models and the logistic model for switching.

Intercept X W W>0 L Treatment (A) Switched (D)
Progression log(log(2)/0.5) 1log(0.5) log(0.5) 0 0 log(0.5)
Death log(log(2)/4) log(0.5) log(0.5) 0 0 log(0.5) log(0.5)
Random censoring  log(-log(0.975)) 0 0 0 0 0 0
Switch log(0.5/0.5) log(1.5) log(1.5) 0

In general, in settings where the covariates are centered around 0, the median time to event is approximately
determined through the intercept as log(2)/ exp(Bevent,int). The intercepts for the core scenario were chosen
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such that, by this approximation, the median time to death was 4 year and the median time to progression was
0.5 years. The intercept for random censoring was chosen such that in absence of any covariate effects, where
the time to random censoring follows a common exponential distribution, the random censoring rate is 2.5%
within one year.

For control group patients for whom disease progression occurred, the decision to switch was sampled from a
Bernoulli distribution with probability ps.tcn depending on the covariates via the following logistic model:

% = eXp(ﬂswitCh,IrLt + X * ﬁswitch,X + Wprog * Bswitch,W + IL{M/prog > 0} * ﬁswitch,W>0

In the core scenario, Bswitch,int Was set to 0, which results in approximately 50% of control group patients to
switch after progression. In a further scenario, betaswitch,nt = 10g(9) was considered to increase the switching
probability to approximately 90%. Furthermore, while in the core scenario Sswiten,w>0 = 0, in an additional
scenario aimed to explore data close to the violation of the positivity assumption for the inverse probability
weighting method, Bswiteh,w>0 = 10g(0.9/0.1)/+/2/7m —log(1.5) = 2.348 was considered. (Note that \/2/ is the
expected value of a standard normal variable conditional on being larger than 0 and so, together with the other
parameter values Bswitch,int = 0 and Bswiten,w = log(1.5), for an average patient with W;(t) > 0, the probability
to switch will be 90%.)

To summarise the data generating mechanisms, [Figure 2.1| visualises a simplified version of the assumed structure
and dependencies among the variables for this scenario.

Figure 2.1: Directed acyclic graph (DAG) illustrating the assumed causal structure of the simulated longitudinal
data, with baseline covariates (X)), randomly assigned treatment (A), measured time varying covariates (W),
unmeasured time varying covariates (L;), indicator of censoring other than administrative censoring (M),
indicator of progression (P;) and the intercurrent event treatment switching (D;) at visit j as well as the
observed time to event (Tops)-
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Table 2.3: Parameter values in all treatment switching simulation scenarios. The table shows the parameter
values that deviate from the values in the core scenario. Also see text for further details. In general, all
scenarios were investigated under small and under large sample sizes as well as under the alternative and the
null hypotheses. The scenarios ”Trt effect post switch - reduced” and ”Trt effect post switch - none” were not
included under the null hypothesis as in that case the treatemtn effect was zero in all scnearios. Furthermorer,
the scenario "Trt effect post switch - reduced” was investigated only for small sample sizes as it includes a
reduction of the treatment effect towards the effect size studied in the large sample setting. Note that the
scenario ”W - decrease under ctr” contained an effect of W on the hazard for death under the alternative, while
this effect was set to 0 under the null hypothesis.

Scenario Name

Difference from core scenario

W - decrease under ctr

W - decrease in both groups
L - decrease under ctr, effect on death, progr.,
switching (unobs. conf.)

L - decrease in both groups, effect on death, progr.,
switching (unobs. conf.)

time dependent correlation - Toeplitz
progression - slow

progresssion - no effect of W

progression - reduced effect of trt

progression - no effect of trt

progression - unobserved confounding with death
switch - high probability

switch - no effect of W

switch - W>0 near separation

switch - unobserved confounding with death
death - high rate

death - no effect of W

death - unobserved confounding with progr. and
switch

Trt effect post switch - reduced

Trt effect post switch - none

random censoring - none

random censoring - effect of X

random censoring - effect of X and W

random censoring - effect of X, W and L

random censoring - high rate, effect of X, W

random censoring - high rate, control only, effect
of X, W

Trt: py = (0.5,...,0.5), Ctr:  py =
(0.5,0,—0.5,—1,...,—1)

wy = (1,0.5,0,—0.5,—1,...,—1)

Trt:  p;, = (0.5,...,0.5), Ctr: p;, =
(0.5,0,—0.5,—~1,...,=1), Bprog. = log(0.5),
ﬁswitch,L = 10%(15)7 ﬁdeath,L = log(05)

pr, = (1,05,0,—0.5,—1,...,—1), Bprog.L

10g(0.5), Bswitch,r. = 10g(1.5), Baecatn,r. = l0g(0.5)
Toeplitz(0.9,0.8,...,0) covariance matrix for W
Bprog,[nt = IOg(10g<2)/1>

ﬁprog,W =0

ﬂprog,trt = 109(075)

ﬂprog,trt =0

5prog,L = 1Og(05); Bdeath,L = 10g(05)

Bswitch,lnt = IOg(g)

Bswitch,W =0

Bswitch,wgrw = 10g(0.9/0.1) x \/7/2 — log(1.5)
ﬂswitch,L = 1Og(15)3 5death,L = 10g(05)
5death,lnt = 10g(lOg(2)/2)

Bdeath,w =0

Bprog,L = 1Og(05)a ﬁswitch,L = 10g(15), 6death,L =
log(0.5)

5death,switched = log(075)

6death,switchad =0

Bcens,[nt = -

Bcens,X = 10g(05>

ﬁcens,X = 10g(05), Bcens,W = 1Og(05)

Bdeath,L = log(05), Bcens,X = log(05)7 Bcens,W =
log(0.5), Beens,z = log(0.5)

5cens,1nt = log(_ IOg(Og)), ﬁcens,X = 10g(05),
Bcens,W = 10g(05)
6cens,1nt = log<_ 1Og(09))7 /Bcens,X = 10g(05),

Beens,w = log(0.5), random censoring only under
control
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2.1.1 Sample size

The number of events estop required to stop the study was determined by Schoenfeld’s formula (Schoenfeld,
1981) as estop = ((21—ay2 + z1-5)/10g(H Ryssumea))? * 4. Here z., is the v quantile of the standard normal
distribution. For all simulations, the nominal two-sided significance level was a = 0.05, the aimed for power was
set to 1 — 8 =0.8.

We considered scenarios under the alternative where the true hazard ratio (see Section was close to 0.5
or 0.75. For these scenarios, we considered H Ry ssumed = 0.5 or 0.75, respectively, such that the actual power
would be in a realistic range of 80%. The number of events in these studies accordingly were 66 or 380. The
yearly recruitment rate over the two year recruitment period was chosen to be 1.5 times the aimed for number
of events. The actual number of eligible patients in a single simulation run was be sampled from a Poisson
distribution with mean accordingly corresponding to 198 or 1140. In general, due to the set event rates, the
study duration exceeded the recruitment phase such that this maximum number of patients was included in the
sampled data set.

2.1.2 True treatment effect

The true treatment effect was determined through the data generating model in terms of a hazard ratio con-
ditional on time-dependent covariates. The summary measure defined in the estimand was the hazard ratio
conditional on covariates X and W at baseline. Since the data generating mechanism also involves unob-
served covariates and time-dependent covariates, this summary measure does in general not correspond to a
single parameter value in the data generating model and it will in general not meet the proportional hazards
assumption. Under these circumstances, the Cox model (conditional) hazard ratio can be understood as a
parameter, which minimizes a weighted difference between the hazard functions of the two groups. For illustra-
tion, consider a case without covariates to condition on. The true Cox model hazard ratio then is g such that
I Yo(t)Ya(t)/(Yo(t) + Yi(t) exp(B8)) (A1 (t) —exp(B)Ao(t))dt = 0, where Yy(t) and Yi(t) are the at-risk functions -
probability to still be at risk at time ¢ - in the control and the treatment group, \o(t) and A;(t) are the marginal
hazard functions and p is the allocation probability for the treatment group. Of note, this value depends on the
censoring distribution which in turn is in part determined through trial design.

In the simulation we considered as true treatment effect the expected value of the Cox model log hazard ratio
when calculated from an (ideally infinitely) large population under the hypothetical scenario that no treatment
switching is possible.

For the main simulations, the true treatment effect was calculated with censoring. This was done to allow for an
isolated assessment of the properties of the causal inference methods targeting the hypothetical estimand with
respect to treatment switching. For the simulations with additional inverse probability of censoring weights, the
true treatment effect was calculated from data with complete follow-up (no random censoring), because here the
aim was to see if the methods could properly account for potential bias due to censoring.

The determined the true value for the log hazard ratio, for each considered scenario, we sampled 40 independent
data sets with the required number of events set to 10,000 (and the recruitment rate set accordingly to 15,000
per year). The true value was then defined as the average of the 40 large-sample log hazard ratio estimates. The
obtained true values are included in the summary tables to [2.10]

2.1.3 Summary metrics

For all scenarios, 10,000 simulation runs were performed. To assess bias, we calculated the relative bias of the
hazard ratio as exp(l@ —logHR) where lm is the log hazard ratio estimated by an analysis method and
logHR is the value for the true log hazard. The relative bias was preferred over the absolute bias at the hazard
ratio scale as it allow an interpretation independent of the actual value of the hazard ratio and better comparison
across different scenarios. To include a measure of uncertainty for the reported bias, we calculated the standard

error of the bias l@ — logHR at the log hazard ratio scale as SEpiqs = \/SE?/m% + SE} i, where SE
og

denotes the respective simulation standard error. Note that logH R, even though obtained through a large
number of 400,000 events in total has some residual variability that is here taken into account. The standard
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error of the relative bias is obtained by the delta method as exp(l@ — logHR) x SEy;qs. Furthermore, we
assessed the root mean squared error (RMSE) of the log hazard ratio, the rejection rate (type I error rate and
power) of one-sided hypothesis tests under scenarios corresponding to the null or alternative hypotheses, at a
one-sided significance level of 2.5%, as well as the coverage probability and the width of two sided nominal 95%
confidence intervals at the log hazard ratio scale.

2.2 Analysis methods
2.2.1 Rank preserving structural failure time model (RPSFTM)

RPSFTM assumes an accelerated failure time model such that for the counterfactual time in the study, assuming
a patient was “off-treatment” (meaning under control) throughout, is defined for all patients as

Uz(w) = Tofﬂi + Ton,i GXP(T/)),

where Tog; is the observed time “off” experimental treatment (and thus “on” control treatment) for participant
i, Ton,i is the observed time on treatment, and 1 is the acceleration parameter of interest [Robins and Tsiatis
(1991); White et al| (1999). 1 is estimated via a g-estimation approach, such that the resulting times U; (1))
show no association (p-value=1) with the randomised treatment group, conditional on the covariates X and W,
in an appropriate hypothesis test. In the simulation, the function rpsftm in the R package trtswitch was used
and as test for independence a Cox model adjusted for X and W at baseline was used.

A key assumption of the RPSFTM is that the effect of treatment in terms of the acceleration factor ¢ is constant,
regardless of when the treatment is started and of the time under treatment. In the data generating models,
violation of this assumption was be explored by including scenarios labeled " Trt effect post switch - reduced” and
"Trt effect post switch - none”, where the treatment effect after switching is weaker than the initial treatment
effect or absent at all.

The conditional hazard ratio HRrpsprym was then estimated by a Cox model using the l'jl (¢) for the control
group and observed event times for the treatment group. The Cox model included treatment group and X and
W at baseline as covariates.

The calculation of Ul(w) may introduce informative censoring and a recensoring approach has been proposed
(White et al., [1999). The RPSFTM approach was used with and without recensoring.

Confidence intervals for the hazard ratio were calculated using the boostrap approach implemented in the rpsftm
function from the trtswitch package with 100 bootstrap iterations. In brief, the hazard ratio is estiamted from
each bootstrap sample, the empirical standard deviation is calculated and used as estimate for the standard
deviation in Wald tests and Wald confidence intervals.

2.2.2 Simple Two-stage Estimation (TSE)

In the simple TSE (Latimer et al| (2017)), the time point of disease progression is considered as secondary
baseline. In a first step, the effect of switching to active treatment versus staying on the control is estimated
using data from control group patients who experienced disease progression: Survival times of these patients,
starting from the secondary baseline, are modelled by a parametric accelerated failure time (AFT) model that
includes baseline covariates, time dependent covariates with their respective values at the time of progression
(secondary baseline) and the switching indicator. The acceleration parameter for switching to active treatment
is estimated from this model, and counterfactual survival times for those who switched are calculated analogous
to the RPSFTM. A Cox model is then fitted using counterfactual survival times for switchers.

This approach is applicable in particular when treatment switching occurs within a small time interval from
progression, as is the case in the simulation scenarios. The presence of unobserved confounders affecting the
decision to switch and the survival time may have an impact on the calculation of the counterfactual survival
times and this was be explored in the scenarios

e L - decrease under ctr, effect on death, progr., switching (unobs. conf.)
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e L - decrease in both groups, effect on death, progr., switching (unobs. conf.)

e switch - unobserved confounding with death

e death - unobserved confounding with progr. and switch
that included effects of the unobserved confounder L on the times to progression, switching and death.
A Cox model is then fitted using counterfactual survival times for switchers.

The TSE was implemented using the tsesimp function from the trtswitch package in R, using a Weibull AFT
model and X and W at the time of progression as baseline covariates. The outcome model (Cox model) include
treatment group and X and W at baseline as covariates in order to estimate the conditional hazard ratio.
The TSE was be fitted, both, without recensoring and with recensoring for administrative censoring. Inference
was based on the bootstrap approach implemented in the tsesimp function, which is similar as described for
RPSFTM, using 100 bootstrap samples.

2.2.3 Inverse probability of censoring weighting (IPCW)

The aim of the IPCW is to construct a pseudo population, corresponding to a population in which no patient
switched. In the model fitting process, survival times for patients who switched are censored at the time
of switching, and the remaining participants are weighted with the inverse of the probability of staying on
treatment without switching Robins and Finkelstein| (2000)); [Al Tawil et al.| (2024)). A key assumption for this
approach is that there are no unobserved confounders. Violations of this assumption were explored in scenarios
that include unobserved confounders:

e L - decrease under ctr, effect on death, progr., switching (unobs. conf.)

e L - decrease in both groups, effect on death, progr., switching (unobs. conf.)
e switch - unobserved confounding with death

e death - unobserved confounding with progr. and switch

In the simulation scenarios, treatment switching may only occur at the time of progression and only from the
control arm to the treatment arm. In the analysis, a logistic regression model for the probability to switch was
estimated using data from the control group patients who experienced a disease progression. The model included
as predictors the baseline covariate X and the time-dependent covariate W with the value observed at the time
of progression, i.e. Wp,o4. The function glm in R was be used for this step. For patients who did not switch, the
model based probability to switch, 7, ; was be calculated, as well as according inverse probability weights. To
estimate the treatment effect, a Cox model for the primary endpoint was be fit that included X and W at baseline
as covariates and furthermore included time dependent weights: All patients in the treatment group received a
weight of 1. For patients in the control group, weights were 1 until the time of progression. After progression,
patients who did not switch received the weight w; = 1/(1 — @sy,;). These weights remained constant across
further time, as switching was no longer possible post progression in the considered scenarios. For patients who
switched, survival times were considered as censored at the time of progression. The function coxph from the R
package survival was applied for this step. Time dependent weights were implemented by structuring the data in
the time-dependent format including start and stop times for intervals prior to progression and post progression
and according weights.

Inference was be based on robust standard errors for the weighted Cox model.

2.2.4 G-computation (parametric g-formula)

For g-computation, a set of regression models is fit that explains the distribution of the values of time-dependent
covariates, switching status and event status in discretised time through the previously observed values for
covariates, progression status and switching status Robins| (1986); McGrath et al| (2020). The fitted models
are used to sample a large number of covariate and event time trajectories with starting values given through
randomised treatment and baseline covariates, albeit after modifying the models such that switching is not
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allowed. The sampled data is used to estimate the hazard ratio. Bootstrap is used to calculate the standard
error of this estimate and confidence intervals.

The g-computation approach was implemented by reformatting the data in a long format across discrete time
intervals and the using standard regression model functions lm and glm in R. This implementation followed the
implementation of the parametric g-formula in the function gformula_survival in the R package gfoRmula. The
latter was not used directly, though, as its computations were highly time consuming precluded its application in
the large scale simulation study. Of note, the method is inherently computation intense due the need to sample
a large amount of data from the fitted models and then to repeat this process several times in order to obtain
bootstrap based inference. Also the custom implementation had computation times that by far exceed those of
the other studied methods. The g-computation was therefore only included for the small sample scenarios.

In detail, the data for each patient was first structured into discrete time intervals with length 1/12 year. The
data was then brought to a long format across these discrete intervals. For each interval the long data set
included the value for X the (last observed) value for the time dependent variable W as well as W lagged by one
time interval. Furthermore, the long data set included an indicator variable ev for death, with a value of 1 in the
patient’s last time interval if death had been observed and a value of 0 otherwise. A further indicator variable
was included for switching, with a value of 1 for the interval in which switching occurred and all subsequent
intervals, and 0 before switching occurred.

Based on this data, the following linear and logistic regression models were fit to model the trajectory of W and
the occurrence of death separately for each treatment group. Here, D is the long data set.

mod_death<-glm(ev~X+W+time+switch,family=binomial ,data=D,weights=w,subset=trt==trt_group)
mod _W<-1m(W~X+W_lag+time ,data=D,weights=w,subset=trt==trt_group)

Note that the models include weights statements. Weights were used in additional simulations where the aim
was to counterbalance random censoring. See Section [2:2.6] for details.

Based on these models and the observed values of X and W at baseline, trajectories of W and death were
sampled. In detail, sampled date was built up stepwise over the discrete time intervals, starting at baseline.
In each step, the next value for W was sampled from normal distribution with mean implied by X, W and
lagged W through the fitted model for W, the and variance corresponding to the residual variance of the model.
Next, the potential occurrence of death was sampled from Bernoulli distributions with probability implied by
the logistic model for death, taking into account the previously sampled values for X at baseline and W for the
current interval. Importantly, while switching state was included when fitting the model for death, the switching
covariate was not used when sampling data under the hypothetical assumption that no switching was possible.
This is a key step of the g-formula approach.

Once a death event was sampled, the iterative process was stopped. Otherwise the sampling continued until
the individual possible maximum follow-up time point for the patient. The maximum follow-up depended on
the calendar time of recruitment (which was included when simulating the original data) and the calendar time
of study termination. This implementation of the g-formula thus takes into account administrative censoring,
which was considered suitable to address the fact the the assumed true value for the hazard ratio may depend
on the study design through administrative censoring.

For every patient, m = 10 such trajectories were sampled.

Finally, the sampled long format data was back transformed to one line per trajectory (i.e. m lines per patient
with information of the observed baseline covariates X and W, the initial treatment allocation and the g-formula-
sampled time to death. This data was used to fit a Cox model and estimate the log-hazard ratio for treatment
versus control adjusted for X and W at baseline.

The whole process was subject to bootstrapping: Starting with the initial long data set for n patients, n patients
were sampled with replacement and the subsequent model fitting, sampling of trajectories, back transformation
and estimation of the log hazard ratio were repeated for B such bootstrap sample. The bootstrap standard error
of the log hazard ratio, SEpg was calculated as empirical standard deviation across the hazard ratios obtained
through bootstrapping.
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In the simulation, bootstrap was performed with B = 20 samples. The number was chosen relatively small
in order to allow for feasibly computation times and including the g-formula approach in the simulation of 52
scenarios with 10,000 simulation runs each. Opposed to the calculation of quantile based bootstrap confidence
interval, we considered the bootstrap standard deviation to be sufficiently stably estimable also from a small
number of samples.

Finally, a one sided p-value and a two sided 95% nominal confidence interval (CI) were based on log the log
hazard ratio (loghr) estimate and t-distribution with B — 1 degrees of freedom as illustrated in the below code:

p <- pt(loghr / SE_BS,df=B-1)
CI <- exp(loghr + c(-1, 1) * SE_BS * qt(0.975,df=B-1))

2.2.5 Cox proportional hazards model as comparator method

A Cox model was be fit for overall survival, in which event times were censored at the time of switching. The
model included as predictor the initial treatment allocation and the observed covariates X and W at baseline.

2.2.6 Methods to account for non-administrative censoring

The considered data generating mechanisms included scenarios with random censoring (in addition to adminis-
trative censoring), that was either independent of covariates, dependent on the baseline covariate X or dependent
on both baseline and time dependent covariates, see Table

The analysis models for all considered methods included baseline covariates as predictor variables. Under these
models, censoring is assumed to be at random conditional on the utilized baseline information such that we
expect no substantial bias in scenarios with completely random censoring or censoring dependent on baseline
covariates.

In the scenario with censoring dependent on time-dependent covariates, adjusting for baseline covariates may,
however, not be a sufficient adjustment. We therefore included an additional analysis approach that utilizes
time-dependent inverse probability of censoring weights as follows:

A Cox model was be fit for the time to censoring (other than administrative), including treatment group and X
as baseline covariates and W (t) as time-dependent covariate. Death and administrative censoring were treated as
censoring events in this model. Based on this model, cumulative distribution function for time to censoring given
the covariate history were estimated for each patient, using the function survtit.coxph in the R package survival.
Next, for each patient and each observed event time ¢, the probability m;(¢) that the time to random censoring
is larger than ¢ was calculated. Finally, 1/m;(t) was applied as time-dependent inverse probability weight in the
outcome Cox models for the RPSFTM, TSE and IPW methods described above. Note that for IPW, the weights
accounting for random censoring are used in addition to the weights that account for treatment switching and
the final weights are the product of both weights. RPSFTM and TSE were applied with recensoring in the
simulations where the additional inverse probability of censoring weights were used.

For the g-computation, the inverse probability weights for random censoring were computed based on the discrete
long format. The probability to stay free of random censoring locally within each interval was calculated from
a logistic regression model with treatment (trt), X, W(t¢) and time ¢ as well as all treatment by covariate
interactions as predictors. The probability to stay free of random censoring up to a given time interval was then
calculated as product of the local probabilities up to the given time interval. The weights were then the inverse
of this cumulative probabilities:

mod_cens<-glm(!random_cens_event~trt* (X+W+time)+switch,data=D,family=binomial)

PR<-predict (mod_cens,type="response")

Ag<-aggregate (PR~D$id ,FUN=cumprod)

cumpr<-unlist (Ag[[2]])

w<-1/cumpr

Weights larger than 5 were truncated to a value of 5 to avoid overly influential points. The weights were included

in the respective models for time dependent W, the occurrence of progression and the occurrence of death. (A
similar approach is available in the gfoRmula R package, which was initially considered for this method.)
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2.3 Deviations from the study protocol

The implementation of the simulation study for the treatment switching scenarios contained the following devi-
ations from the study protocol.

The yearly recruitment rate was increased in all scenarios from 1 time the aimed for number of events towards 1.5
times the aimed for number of events. This deviation was introduced because the initially planned recruitment
rate too frequently resulted in studies that did not reach the number of events within the set maximum duration
of seven years.

In the scenario ”W - decrease under ctr”, the mean vectors for W(t) were changed from (0, . . ., 0) under treatment
and (1,0.5,0,—1,...,—1) under control towards (0.5,...,0.5) under treatment and (0.5,0,—0.5,—1,...,—1)
under control. This change was introduced to ensure that both groups have the same expected value for W at
baseline, as should be the case under randomized treatment allocation.

The true hazard ratio was calculated using 40 samples with 10,000 events each. The initial plan was to use one
sample with 100,000. This effective increase of the number of events was performed to improve the precision of
the simulated true value.

The confidence intervals for RPSFTM were calculated using bootstrap, while the protocol said to use p-value
inversion. However, the latter was found to produce inaccurate results and therefore was replaced by bootstrap-

ping.

The g-formula method was performed using a used custom implementation instead of the gfoRmula R package.
This change was made because the methods in the gfoRmula package required long and thus limiting computation
times. However, also the custom implementation was computation intense and in particular in conjunction with
the required bootstrap inference was considerably more time consuming than the other studied methods. It was
only feasibly to include this method with a small number of bootstrap samples of 20 and in the small sample
scenarios. However, the number of trajectories sampled for every patient was increased from one trajectory
towards 10 trajectories. This change was introduced because, with small sample sizes, too few trajectories
resulted in considerably variability when the method was repeatedly applied to the same data set.

Scenarios random ”censoring - high rate, effect of X, W” and ”"random censoring - high rate, control only, effect
of X, W” were not prespecified in the protocol but added to explore the impact of larger amount of censoring
and in particular of differential censoring patterns between the study groups.

2.4 Results

This section contains the results of simulations for the treatment switching scenarios. The first subsection [2.4.1
show summarising statistics of the simulated data. In the following sections, results on bias, RSMSE, type I error
rate, power, and confidence interval coverage and width are presented. Throughout these Sections, the operating
characteristics will be presented figures, where each figure corresponds to one of six scenario blocks. These blocks
are: Small sample settings under the alternative hypothesis (labelled H1) and under the null hypothesis (labelled
HO), large sample settings under the alternative hypothesis and under the null hypothesis, as well as additional
simulations for IPCW methods addressing random censoring under the alternative and the null hypothesis.

In all result plots presented for the treatment switching scenarios, the assessed methods were labelled with
abbreviations according to Table

In addition to the plots presented below, numeric values of all results can be found in the supplementary files
trt_switch_small_n_H1 results.xlsx, trt_switch_small n_HO_results.xlsx, trt_switch_large_n_H1 results.xlsx,
trt_switch_large_n_HO_results.xlsx, trt_switch_extra_cens_H1 results.xlsx and trt_switch_extra_cens_H0_results.xlsx.

2.4.1 Descriptive summaries of simulated trial data

Tables to provide summary statistics over the 10,000 simulation runs for each scenario. The tables show
that in the vast majority of simulated trials the intended number of events was achieved within the maximum
trial duration of seven years. The single exception is the scenario "random censoring - high rate, effect of X,
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Table 2.4: Abbreviation of considered analysis methods for the estimation of a hypothetical estimand in the
treatment switching scenarios used in result plots.

Abbreviation Method
cens Cox model with censored event times at switching
ipw Inverse probability weights for switching applied to a Cox model with censored event times
at switching
rpsftm Rank-preserving structural failure time model
rpsftm_rc Rank-preserving structural failure time model with recensoring
tse Simplified two stage estimation
tse_rc Simplified two stage estimation with recensoring
gformula Parametric g-formula
ipw IPCW Application of inverse probability weights for switching and additional inverse probability

rpsftm_rc_ IPCW

tse_rc IPCW
gformula_ IPCW

weights for censoring in a Cox model with censored event times at switching

Application of addtional inverse probability weights for censoring to RPSFTM with recen-
soring

Application of addtional inverse probability weights for censoring to TSE with recensoring
Application of addtional inverse probability weights for censoring to the g-formula

W”. In this scenario, due to the high amount of censoring, in approximately 22% of simulation runs the number
of events was lower than the intended number of 66, albeit the average number of events was still close to the

target value.
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Table 2.5: Descriptive statistics for the data simulated under scenarios with small sample size under the al-
ternative hypothesis. Statistics are mean values for the number of patients under treatment and control (trt,
ctr), the number of events in either group (ev trt, ev ctr), the number of control group patients who switched
(switch), the number of patients for whom the time do death was censored by a random censoring event (rcens),
the number of simulated data sets out of 10,000 in which the aimed for number of events was not achieved
within the maximum study duration (ev<aim), the average maximum follow up time in years (FU) and the true
hazard ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000 data sets were
simulated.

Scenario trt ctr evtrt evctr switch rcens ev<aim FU HR
Core 99.0 989 27.7 38.3 38.3 3.8 4 4.0 0.50
W - decrease under ctr 99.1 99.1 232 42.8 41.3 3.9 3 4.3 0.36
W - decrease in both groups 99.1 99.0 28.3 37.7 42.9 3.9 0 44 0.51
L - decrease under ctr, effect on

death, progr., switching (unobs. conf.) 98.9 99.2 24.3 41.7 38.9 3.7 0 4.0 041
L - decrease in both groups, effect on g g o 955 575 403 37 ¢ 12 054

death, progr., switching (unobs. conf.)
time dependent correlation - Toeplitz 99.0 99.1 278 38.2 38.5 3.9 11 4.1 0.50
progression - slow 99.0 99.1 27.2 38.8 30.2 3.8 0 3.9 0.50
progresssion - no effect of W 99.1 99.0 27.7 38.3 39.9 3.9 1 4.0 0.50
progression - reduced effect of trt 99.0 99.0 27.8 38.2 38.5 3.8 0 4.0 0.50
progression - no effect of trt 99.2 989 27.7 38.3 38.3 3.9 3 4.0 0.51

progression - unobserved
confounding with death 99.1 99.1 28.1 37.9 37.2 3.6 0 3.6 0.54
switch - high probability 99.1 99.0 30.3 35.6 72.1 4.2 23 4.4 0.50
switch - no effect of W 99.0 989 279 38.1 39.7 3.9 5 4.0 0.51
switch - W>0 near separation 99.0 99.1 28.6 37.4 51.7 4.0 6 4.1 0.50
switch - unobserved
confounding with death 99.0 989 28.0 38.0 37.3 3.6 0 3.6 0.54
death - high rate 99.1 99.1 27.5 38.5 29.8 2.5 0 2.5 0.50
death - no effect of W 99.0 99.0 274 38.6 38.8 4.2 15 4.5 0.50
death - unobserved confound 99.0 989 280 380 359 36 O 3.6 0.53
ing with progr. and switch

Trt effect post switch - reduced 99.1 99.0 264 39.6 38.0 3.7 1 3.8 0.51
Trt effect post switch - none 99.0 99.1 254 40.6 37.6 3.6 0 3.6 0.50
random censoring - none 98.9 99.0 27.7 38.3 38.7 0.0 0 3.8 0.50
random censoring - effect of X 99.1 99.0 27.7 38.3 38.5 4.1 4 4.1  0.50
random censoring - effect of X and W 99.1 99.0 27.8 38.2 38.8 4.4 14 4.2 0.51
random censoring - effect of X, Wand L.  99.1 99.2 27.9 38.1 374 4.3 5 3.8 0.53

random censoring - high
rate, effect of X, W
random censoring - high rate,
control only, effect of X, W

99.1 99.1 27.2 37.7 38.8 10.0 2178 5.7 0.51

99.1 989 324 33.5 37.7 5.6 67 45 0.51
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Table 2.6: Descriptive statistics for the data simulated under scenarios with small sample size under the null
hypothesis. Statistics are mean values for the number of patients under treatment and control (trt, ctr), the
number of events in either group (ev trt, ev ctr), the number of control group patients who switched (switch),
the number of patients for whom the time do death was censored by a random censoring event (rcens), the
number of simulated data sets out of 10,000 in which the aimed for number of events was not achieved within
the maximum study duration (ev<aim), the average maximum follow up time in years (FU) and the true hazard
ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000 data sets were simulated.

Scenario trt ctr evtrt evctr switch rcens ev<aim FU HR
Core 99.2 99.0 33.0 33.0 34.9 2.9 0 2.9 1.00
W - decrease under ctr 99.0 99.2 329 33.1 36.4 3.2 0 3.2 1.00
W - decrease in both groups 99.0 98.8 33.1 32.9 39.9 3.4 0 3.6 1.00
L - decrease under ctr, effect on
death, progr., switching (unobs. cont.) 99.1 99.0 33.0 33.0 33.2 2.9 0 2.9 1.00
L - decrease in both groups, effect on =5 o 909 350 330 371 32 o 34 1.00
death, progr., switching (unobs. conf.)

time dependent correlation - Toeplitz 99.0 99.1 33.0 33.0 35.0 3.0 0 3.0 1.00
progression - slow 99.1 989 33.0 33.0 26.1 2.9 0 29 1.00
progresssion - no effect of W 99.0 99.2 329 33.1 36.8 2.9 0 2.9 1.00
progression - reduced effect of trt 98.9 989 33.0 33.0 35.0 2.9 0 2.9 1.00
progression - no effect of trt 98.9 989 33.0 33.0 34.9 3.0 0 29 1.00

progression - unobserved
confounding with death 98.9 99.0 33.0 33.0 334 2.8 0 2.7 1.00
switch - high probability 98.9 99.2 32.9 33.1 65.5 3.0 0 29 1.00
switch - no effect of W 99.0 99.0 329 33.1 36.2 3.0 0 29 1.00
switch - W>0 near separation 99.0 99.2 33.0 33.0 46.9 3.0 0 2.9 1.00

switch - unobserved
confounding with death 99.1 989 33.1 32.9 33.6 2.8 0 2.7 1.00
death - high rate 96.7 97.0 329 33.1 25.2 2.1 0 2.0 1.00
death - no effect of W 99.1 99.0 33.1 32.9 36.0 3.2 0 3.2 1.00
death - unobserved confound 99.1 989 330 330 322 28 0 2.7 1.00
ing with progr. and switch

random censoring - none 98.9 989 33.0 33.0 35.0 0.0 0 2.9 1.00
random censoring - effect of X 99.0 989 33.0 33.0 35.1 3.1 0 3.0 1.00
random censoring - effect of X and W 99.0 99.1 33.1 32.9 35.4 3.3 0 3.0 1.00
random censoring - effect of X, Wand L  99.1 99.0 33.0 33.0 33.8 3.4 0 2.8 1.00

random censoring - high
rate, effect of X, W 99.0 99.0 33.0 33.0 35.9 8.1 5 3.6 1.00
random censoring - high rate, 99.0 98.9 362 208 345 47 0 31 1.00

control only, effect of X, W
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Table 2.7: Descriptive statistics for the data simulated under scenarios with large sample size under the al-
ternative hypothesis. Statistics are mean values for the number of patients under tretament and control (trt,
ctr), the number of events in either group (ev trt, ev ctr), the number of control group patients who switched
(switch), the number of patients for whom the time do death was censored by a random censoring event (rcens),
the number of simulated data sets out of 10,000 in which the aimed for number of events was not achieved
within the maximum study duration (ev<aim), the average maximum follow up time in years (FU) and the true
hazard ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000 data sets were
simulated.

Scenario trt ctr evtrt evctr switch rcens ev<aim FU HR
Core 569.9 570.4 177.1 202.9 211.5 7.9 0 3.3 0.75
W - decrease under ctr 569.7 5704 156.1 2239 2294 84 0 3.7 0.58
W - decrease in both groups 570.1 5704 1784 201.6 239.3 8.6 0 4.0 0.76
L - decrease under ctr, effect on 560.9 560.9 160.8 2192 2138 80 0 34 0.62
death, progr., switching (unobs. conf.)
L - decrease in both groups, effect on o0 o o709 1795 9015 92233 82 0 3.7 0.77
death, progr., switching (unobs. conf.)
time dependent correlation - Toeplitz 569.9 570.0 177.5 2025 211.8 7.9 0 3.4 0.75
progression - slow 570.0 569.9 1759 204.1 161.6 7.7 0 3.3 0.75
progresssion - no effect of W 569.5 570.1 177.1 2029 2215 7.8 0 3.3 0.75
progression - reduced effect of trt 569.8 569.9 177.3 202.7 211.7 7.8 0 3.3 0.75
progression - no effect of trt 569.9 570.2 177.3 202.7 2115 7.8 0 3.3 0.75
progression - unobserved 569.9 569.7 178.3 2017 2031 7.3 0 30 077
confounding with death
switch - high probability 569.6 570.0 183.1 196.9 396.7 8.0 0 34 0.76
switch - no effect of W 570.0 569.9 177.7 202.3 219.2 7.8 0 3.3 0.75
switch - W>0 near separation 569.8 570.3 179.1 2009 283.8 7.9 0 3.3 0.75
switch - unobserved
confounding with death 570.0 570.4 177.8 202.2 2051 7.3 0 3.0 0.77
death - high rate 569.8 570.1 176.8 203.2 157.6 5.4 0 2.2 0.75
death - no effect of W 569.8 570.2 176.4 203.6 2158 8.4 0 3.6 0.75
death - unobserved confound 570.0 569.9 177.9 2021 1962 73 0 3.0 0.77
ing with progr. and switch
Trt effect post switch - none 570.1 570.1 171.8 208.2 2094 7.6 0 3.2 0.75
random censoring - none 570.0 570.1 177.3 202.7 212.8 0.0 0 3.2 0.76
random censoring - effect of X 570.3 570.1 177.1 2029 213.0 8.3 0 3.3 0.75
random censoring - effect of X and W 570.2 570.2 177.0 203.0 214.0 8.8 0 3.4 0.75
random censoring - effect of X, Wand L  569.9 570.1 177.6 2024 2049 8.9 0 3.2 0.77
random censoring - high
rate, effect of X, W 570.7 570.1 177.2 202.8 216.1 22.3 0 4.2  0.75
random censoring - high rate, 569.8 570.2 1985 181.5 208.8 123 0 3.6 0.76

control only, effect of X, W
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Table 2.8: Descriptive statistics for the data simulated under scenarios with large sample size under the null
hypothesis. Statistics are mean values for the number of patients under tretament and control (trt, ctr), the
number of events in either group (ev trt, ev ctr), the number of control group patients who switched (switch),
the number of patients for whom the time do death was censored by a random censoring event (rcens), the
number of simulated data sets out of 10,000 in which the aimed for number of events was not achieved within
the maximum study duration (ev<aim), the average maximum follow up time in years (FU) and the true hazard
ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000 data sets were simulated.

Scenario trt ctr ev trt evctr switch rcens ev<aim FU HR
Core 570.1 570.3 189.8 190.2 2023 7.1 0 2.9 1.00
W - decrease under ctr 569.9 569.8 190.1 189.9 210.5 7.5 0 3.2 1.00
W - decrease in both groups 570.0 569.9 190.1 189.9 230.7 8.1 0 3.6 1.00
L - decrease under ctr, effect on 570.0 570.0 1902 189.8 1921 69 0 2.9 1.00
death, progr., switching (unobs. conf.)
L - decrease in both groups, effect on = ooy se0 6 4900 1900 2146 79 0 34 1.00
death, progr., switching (unobs. conf.)
time dependent correlation - Toeplitz 570.1 570.0 190.0 190.0 202.5 7.2 0 3.0 1.00
progression - slow 569.9 569.9 190.0 190.0 1515 7.1 0 2.9 1.00
progresssion - no effect of W 569.5 570.3 189.9 190.1 2126 7.0 0 2.9 1.00
progression - reduced effect of trt 570.0 5704 190.0 190.0 202.3 7.0 0 2.9 1.00
progression - no effect of trt 569.7 570.0 189.9 190.1 202.3 7.0 0 2.9 1.00
progression - unobserved 570.1 570.2 190.1 189.9 1934 6.6 0 2.7 1.00
confounding with death
switch - high probability 570.1 569.7 190.1 189.9 3781 7.1 0 2.9 1.00
switch - no effect of W 570.0 570.0 189.9 190.1 2099 7.0 0 2.9 1.00
switch - W>0 near separation 569.6 569.8 189.9 190.1 270.6 7.0 0 2.9 1.00
switch - unobserved
confounding with death 570.0 570.4 189.9 190.1 1949 6.7 0 2.7 1.00
death - high rate 567.6 567.4 190.1 189.9 1454 4.9 0 2.0 1.00
death - no effect of W 569.9 569.8 190.0 190.0 207.8 7.6 0 3.2 1.00
death - unobserved confound 569.9 570.0 190.0 190.0 1863 6.7 0 2.7 1.00
ing with progr. and switch
random censoring - none 569.6 570.1 189.9 190.1 203.0 0.0 0 2.9 1.00
random censoring - effect of X 570.4 569.8 190.1 189.9 203.1 74 0 2.9 1.00
random censoring - effect of X and W 570.1 569.8 190.1 189.9 204.5 8.1 0 3.0 1.00
random censoring - effect of X, Wand L.  570.2 570.3 189.9 190.1 1952 8.0 0 2.8 1.00
random censoring - high
rate, effect of X, W 569.8 570.1 190.0 190.0 2075 192 0 3.5 1.00
random censoring - high rate, 570.2 570.0 208.2 171.8 199.9 11.3 0 3.1 1.00

control only, effect of X, W
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Table 2.9: Descriptive statistics for the data simulated under scenarios with different random censoring patterns
under the alternative hypothesis. Statistics are mean values for the number of patients under treatment and
control (trt, ctr), the number of events in either group (ev trt, ev ctr), the number of control group patients
who switched (switch), the number of patients for whom the time do death was censored by a random censoring
event (rcens), the number of simulated data sets out of 10,000 in which the aimed for number of events was not
achieved within the maximum study duration (ev<aim), the average maximum follow up time in years (FU)
and the true hazard ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000
data sets were simulated.

Scenario trt ctr evtrt evctr switch rcens ev<aim FU HR

Core 99.0 99.0 27.8 38.2 38.4 3.9 1 4.0 0.51

random censoring - none 98.8 988 27.7 38.3 38.7 0.0 0 3.8 0.50

random censoring - effect of X 99.0 99.1 27.7 38.3 38.6 4.1 1 4.1 0.51

random censoring - effect of X and W 99.0 99.0 27.6 384 38.8 4.5 11 4.2 0.51

random censoring - effect of X, Wand L. 98.9 99.0 27.9 38.1 37.3 4.4 6 3.8 0.53
random censoring - high

rate, effect of X, W 98.9 989 27.2 37.7 38.8 10.1 2241 5.7 0.50

random censoring - high rate, 99.0 99.0 324 336 377 56 63 45 051

control only, effect of X, W

Table 2.10: Descriptive statistics for the data simulated under scenarios with different random censoring patterns
under the null hypothesis. Statistics are mean values for the number of patients under treatment and control
(trt, ctr), the number of events in either group (ev trt, ev ctr), the number of control group patients who switched
(switch), the number of patients for whom the time do death was censored by a random censoring event (rcens),
the number of simulated data sets out of 10,000 in which the aimed for number of events was not achieved
within the maximum study duration (ev<aim), the average maximum follow up time in years (FU) and the true
hazard ratio conditional on the covariates X and W at baseline (HR). For each scenario, 10,000 data sets were

simulated.

Scenario trt ctr evtrt evctr switch rcens ev<aim FU HR

Core 98.8 989 33.0 33.0 35.0 3.0 0 29 1.00

random censoring - none 99.1 99.1 33.1 32.9 35.2 0.0 0 2.9 1.00

random censoring - effect of X 99.1 99.1 33.0 33.0 35.1 3.1 0 3.0 1.00

random censoring - effect of X and W 99.0 98.8 33.0 33.0 35.3 3.4 0 3.0 1.00

random censoring - effect of X, Wand L.  99.0 99.1 33.0 33.0 33.7 3.3 0 2.8 1.00
random censoring - high

rate, effect of X, W 99.2 99.2 33.0 33.0 36.1 8.0 7 3.6 1.00

random censoring - high rate, 99.2 99.0 362 298 346 48 0 31 1.00

control only, effect of X, W
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2.4.2 Bias of estimated log hazard ratio

Figures to show the empirical relative bias for the estimated hazard ratios of the studied methods across
scenarios.

Overall, most methods had only small relative bias, with deviations of only few percentage points, in scenarios
without explicit violations of their assumptions. In the small sample settings, bias was more pronounced, while
in the large sample settings bias was negligible in many scenario/method combinations and in general agreement
between methods was larger. There were, however, several combinations of methods/scenarios where bias was
considerable.

Notable bias due to small sample sizes (and not violation of assumptions) was observed when recensoring was
applied to RPSFTM and TSE.

The TPW approach provided unbiased estimates under the core scenario and under scenarios with different
progression mechanisms. In scenarios with unobserved confounding of death with switching or progression (or
both), the IPW estimator was notably biased towards too strong effect sizes. These settings correspond to a
violation of the key assumption of exchangeability (no unobserved confounding) for IPW. A high switching rate
and presence of near separation in W were included to model near-violation of the positivity assumption. These
scenarios resulted in notable bias in the small sample setting under HO, though these effect diminished under
large sample size.

A small though significant bias was observed for IPW in the scenario where the time dependent covariate W had
a declining time trend under control but stable mean under treatment (scenario "W - decrease under ctr”). Of
note, this scenario did not include unobserved confounders. Instead, the bias could be due to patients who reach
disease progression at different follow-up times having systematically different covariate profiles at the time of
switching and different subsequent hazard functions. Simply put, when patients switch treatment, they should
be implicitly replaced, from that time on, by similar patients who did not switch. However, since the IPW model
does not take into account the time of switching, the ”"replacement” is a mixture of patients who experienced
disease progression at a different time-points. While these patients may have a matching probability to switch,
their future hazard for death may be different, depending on the current values of X and W(t) and the future
trajectory of W(t). A possibly remedy could be to calculate weights not only depending on switching at the
time of progression but to include the time-dependent probability to progress in the model for the weights. This
mechanism warrants further exploration, as it may impact the validity of IPW even in settings where potential
confounders have been observed.

RPSFTM was performed with and without recensoring. In the small sample setting, results diverged between
these two approaches. With small sample size under the alternative, RPSFTM without recensoring was unbiased
in many scenarios and recensoring resulted in overestimation of the effect, whereas under HO the approach with
recensoring was typically closer to the true value and RPSFTM without recensoring was slightly biased towards
favouring the control group.

With large sample sizes, there was only little difference between the two approaches, albeit estimates using
RPSFTM with recensoring often had lower bias.

RPSFTM performed particularly poor under H1 in the beforementioned scenario ”W - decrease under ctr”
and in the related scenario "L - decrease under ctr, effect on death, progr., switching (unobs. conf.)” where
the unobserved variable L has differential patterns in treatment and control and induces confounding. In both
scenarios, though, recensoring removed the bias.

In scenarios where the treatment effect after switching is lower than the effect for the initial treatment group, the
key assumption for RPSFTM of a constant treatment effect was violated and the treatment effect was strongly
overestimated. In these cases, the bias was aggravated by recensoring.

Finally, RPSFTM was more sensitive to a high switching rate under HO then other methods. Under small
sample size, a high switching rate (and hence a low data base for non-switchers) resulted in notable bias for all
methods. Under large sample size in this scenario, only RPSFTM without recensoring and, to a lesser degree,
with recensoring remained biased.
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Two stage estimation was mostly affected by unobserved confounding, violating the key assumption of no
unobserved confounding at secondary baseline, and in these scenarios often showed a bias similar to the IPW
method. For TSE, recensoring in most scenarios had only a small impact on the estimate. Exceptions were the
scenarios where W or L had declining trends under control. Here both TSE approaches were biased albeit in
opposite directions.

G-formula was only studied under the small sample size to the high computational time burden of this method.
The estimates obtained via g-formula showed a consistent bias favouring active treatment, both under HO and
under H1, over most scenarios. It had a particularly strong bias in the scenario ”W - decrease under ctr”, albeit
here bias was in the direction of favouring the control treatment. A reason for this bias may be that the specified
g-formula models were not sufficiently complex to correctly capture the time trend of W. Bias was also notably
pronounced under a high switching rate and under scenarios with unobserved confounding.

The comparator method of censoring event times at the time of switching had only small bias in many scenarios.
However, opposed to the causal inference methods, in many scenarios this bias remained in the large sample
setting. This points to an inherent bias of this approach. Also, compared to the causal inference methods, it
was more strongly affected by high switching rates. Finally, the censoring approach was particularly biased in
scenarios with unobserved confounding, which is understandable as it relies on a correct model specification to
adjust for artificial censoring of switchers.

The additional application of inverse probability of censoring weights to IPW, RPSFTM, TSE and g-formula in
scenarios with different random censoring mechanisms in general had very little impact on the bias, see Figures
and A notable exception is high rate in control group. Here the combination of IPW for swithcing
and IPCW removed the small amount of bias that was present with oure IPW. under HO, albeit resulted in
overestimation of the effect under H1.

In summary, the studied causal inference methods performed well under scenarios where their identifying as-
sumptions were satisfied within the specified data-generating mechanism, albeit considerably bias was observed
under violation of model assumptions. A small sample size in general may lead to biased results. Of note, the
scenario with decreasing trend of W under control was challenging for all methods. This is of importance, as
this scenario corresponds to a realistic case in which patients under treatment and under control do not only
differ in their primary endpoint but also in mediating variables.
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Small sample size, H1
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Figure 2.2: Relative bias of the estimated hazard ratio in treatment switching scenarios with small sample size

under the alternative.
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Small sample size, HO
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Figure 2.3: Relative bias of the estimated hazard ratio in treatment switching scenarios with small sample size
under the null hypothesis.

28



Large sample size, H1
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Large sample size, HO
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under the null hypothesis.
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Small sample size, H1
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Small sample size, HO
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Figure 2.7: Relative bias of the estimated hazard ratio for methods with and without additional inverse prob-
ability weighting for random censoring in treatment switching scenarios with small sample size under the null
hypothesis.
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2.4.3 Type I error rate

Empirical type I error rates are displayed in Figures to The investigation of type I error rates showed
that, independent of other scenario characteristics, type I error rate control was affected by small sample sizes
for several methods. In particular, IPW was in general too liberal and TSE was too conservative with small
sample sizes, whereas both methods had type I error close to the nominal level in large sample scenarios where
their assumptions were met. It should be noted that type I error rate inflation may result from biased estimates
of the log hazard ratio or from biased estimates of its variance. For IPW, however, when assumptions of no
unobserved confouding and positivity were met, there was no bias favouring treatment under HO. Hence the
small sample inflation likely results from insufficient small sample properties of the robust variance estimator.

RPSFTM was slightly too liberal also in large sample settings. Type I error rates for the g-formula approach
(which was only studied under small sample sizes) were relatively close to 0.025. Also for the censoring compara-
tor approach there was not notably inflation of type I error rate due to small sample size. For both RPSFTM
and TSE, recensoring resulted in clearly conservative behaviour, although this effect was less pronounced with
larger sample size. In settings with unobserved confound, tough, IPW, TSE and the censoring approach showed
deviations from the nominal level and these could result in inflations up to approximately 5-6%. This type of
inflation was more pronounced under large sample sizes.

In the scenario with high switching probability all methods showed deviations from the nominal level to some
extent. IPW, RPSFTM and g-formula showed an inflation of the type I error towards above 6% (IPW) or
around 4% (RPSFTM and g-formula) in this scenario with small sample size. In the large sample settings, type
I error rate was closer to the nominal 2.5% level for most methods in most scenarios. With small sample sizes,
IPW, RPSFTM and TSE showed an inflation towards approximately 3%. The type I error inflation due to high
switching probability is not due to a strict violation if the positivity assumption (as the assumption was met in
the data generating mechanism), but due to potentially unstable models with a too small data basis in small
samples combined with near-violation of the assumption.

Different random censoring mechanisms had only a small impact on type I error rate. The scenario with high
censoring in the control group only resulted in conservative behaviour of all methods when the sample size was
large. The additional application of IPCW, studied for small sample sizes, turned the IPW method slightly more
liberal in some scenarios. The g-formula approach was more conservative after inclusion of IPCW; for RPSFTM
and TSE (with reconsoring) additional IPCW had little impact, these methods stayed conservative.

Overall, type I error rate control of the studied methods was found to be sensitive to too small sample sizes and,
to some degree, to unobserved confounding.
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Small sample size, HO
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Figure 2.8: Type I error rate of the studied methods in treatment switching scenarios with small sample size.
The solid reference line corresponds to the nominal one-sided significance level of 0.025. The dashed reference
line indicates simulation uncertainty. It marks the value below which the empirical type I error rates should be
with 97.5% probability (by asymptotic approximation) if the true type I error rate was 0.025.
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Figure 2.9: Type I error rate of the studied methods in treatment switching scenarios with large sample size.
The solid reference line corresponds to the nominal one-sided significance level of 0.025. The dashed reference
line indicates simulation uncertainty. It marks the value below which the empirical type I error rates should be
with 97.5% probability (by asymptotic approximation) if the true type I error rate was 0.025.
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Figure 2.10: Type I error rate of methods with and without additional inverse probability weighting for random
censoring in treatment switching scenarios with small sample size. The solid reference line corresponds to the
nominal one-sided significance level of 0.025. The dashed reference line indicates simulation uncertainty. It
marks the value below which the empirical type I error rates should be with 97.5% probability (by asymptotic

approximation) if the true type I error rate was 0.025.
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2.4.4 Power

The empirical power is shown in Figures to The power of the studied methods differed substantially
and there was a clear pattern that was consistent across scenarios: In general IPW and the censoring approach
had the highest power, around 70% and performed similar. TSE was slightly less powerful, followed by the
g-formula. RPSFTM had substantially less power, with values around 50%, than the beforementioned methods.
An exception was the scenario in which there was no effect of the experimental treatment when applied after
switching. However, the point estimate of RSFTM was considerably biased towards too strong effect sizes in
this scenario (see results on bias). Recensoring severaly reduced the power of TSE and RPSFTM. In the small
sample setting, the respective power dropped to values around 25%. In the large sample setting, the decrease
in power due to recensoring was still notable though far less pronounced with decreases in the order of a few
percentage points.

Of note, in most scenarios the true treatment effect was very close to the effect assumed for sample size planning
for 80% power. However, for most scenarios the power of all studied methods was below 80%, with typical
values for the most powerful methods around 70%. For methods that censor event times at switching, i.e. IPW
and the comparator censoring approach, a likely explanation for this smaller than intended power is that the
effective number of event is reduced due to artificial censoring. Similarly, the drop in power after recensoring in
RPSFTM and TSE may be due to masked events. For IPW, the additional variability due to weights which are
also estimated values (and accounted for in the robust variance estimator), may further reduce power. Similarly,
calculations via g-formula include steps that introduce additional variability, accounted for by the bootstrap
variance estimator, compared to relatively simple methods such as purely censoring times after switching. For
RPSFTM the main source of additional variability is the estimated acceleration parameter which is applied to
calculate counterfactual times and thereby potentially passes on variability to a large part of the data.

When comparing power across scenarios, not that in the scenarios where either W or L decrease in the control
group only, the true hazard ratios are much smaller than in other scenarios due to the detrimental effect of
smaller values of the time dependent covariates.

Of further note, in the scenario with high switching rate, the true effect is similar to the majority of the other
scenarios, however the power of all methods much smaller in this scenario, reaching at most around 50%. As
discussed above, methods with censoring after switching will utilize a much smaller event number here, and
other methods such as TSE may suffer from a too small data base for non-switched control patients to reliable
calculate differential treatment effects.

In summary, the studied methods were found to differ substantially their power to identify a treatment effect
under the hyothetical estimand and these differences are not driven by scenario characteristics but seem to be
inherent and suggest that in particular RPSFTM and the application of recensoring lead to inefficient hypothesis
tests. Of further relevance, the power was consistently below the nominaly value suggested by traditional sample
size planning. Hence, power and sample size planning for causal inference methods under treatment switching
may need refinement to adjust for their larger variability compared to more simple outcome models.
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Small sample size, H1
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Figure 2.11: Power of the studied methods in treatment switching scenarios with small sample size.

2.4.5 Coverage and width of confidence intervals for the hazard ratio

Figures to show the empirical coverage probability of nominal 95% confidence intervals for the log
hazard ratio. In small sample settings, IPW and the censoring comparator method showed a trend towards
slight undercoverage, whereas TSE, g-formula as well as RPSFTM and TSE with recensoring typically had
larger than nominal coverage probabilitits. For IPW, undercoverage was particularly pronounced in scenarios
with near violations of the positivity assumption (high switching, near separation in W) and in scenarios with
unobserved confounding. However, in addition to violations of assumptions, small sample size had an impact in
coverage for the IPW method. A possible explanation is that the robust variance estimator, used to account for
weighting, has non-negligibla bias under small sample sizes.

In scenarios where time dependent covariates had differential time trends between groups, intervals obtained
through IPW, censoring approach, g-formula and RPSFTM were prone to undercoverage, likely due to their
models being misspecified under these scenarios. Note that this effect is only observed under the alternative,
as in null hypothesis scenarios, the time dependent covariates had no effect in the hazard for death. RPSFTM
without recensoring showed a mixed picture. For this method, the coverage was too small by a few percentage
points in scenarios where time dependent covariates had differential time trends between groups, For RPSFTM

38



Large sample size, H1

1.01 °° o0
)
0.8 1
° ° L
oo °® .
o q ©
Q ® ‘. ® .. e © ®
= ° o % o ® o o % %% % ®
- P ° ° o
c [} o Y
9 06 A [ ] o ) )
© ° ° il
Q0 ° °
& e hi ® o o ° o o © <
° ) !
) ° ° [ ]
[ () °
0.4 4 ° 5
°
°
0.2 1
T T T T T T T T T T T T T T T T T T T T T T T T T
3 G & S @ e o & D
$7 ¢ N e NS \$ &8 6\0%\ © & K S S S od— 6$ NN
¢ obz § S E o0 o O 0%‘?‘%‘00 >° & ~<\%"P<§ s ST S & 1 QT & &K
N Lo Loy & @7 @ @ RO @ K U @ N o X 4+ e .3
2 O P oS N Q 2 Q RN Q & s Q S @ & L N o 3%
& D) L L oo o ST Y o < S o SEF & AN < & oo
o@ 96\{\ Q‘/{(\:’@Q @Q\%&\Q}‘\\O 00"& 2 6°o < \“Q/b ’QQ 2 QQQ:Z} 00{\\ &6& 7 (;o(‘\:)é. S %® oé\(g \QQ e‘,{@o Q,(}'o \<§ )y \Sﬁ\é‘{\
CQ/ & (}:\‘\{\ R o\'\ Q\ O ) O Q& Q o 7 S N e}Q\ QO ¢ N /(\«
4 < X Q S S N > P © SRR PR < S & 2 , o S
S & g J & & & ¥ AR S 2 O &
¥ 0(\6%$\ e\(\‘7$\ 6‘2’(\ Q@G) ,6\00 QQ& /QQ S ° S : ‘Qo"e ‘OQQ) \Q‘s\ ¢ «'Ooé N © 90\\0 '\\Q% 0\\(\ @d\\
N RS g s & S S & & & &
FCOANIR S S S 2 4 s AP 2 N
O R @l § & P S S SHNEOMERS
& < § S S & & Q
N \,S@’b N Q@Q & ¥ & '2§© & @
AN
Scenario
® cens @ rpsftm ® tse
Method
® ipw rpsftm_rc tse_rc

Figure 2.12: Power of the studied methods in treatment switching scenarios with large sample size.

coverage was also too small in the scenario with high switching probability and in scenarios where the treatment
effect was different for switchers than for initial treatment group patients, and thus the assumption of the method
was violated. In other scenarios RPSFTM tended to results in higher than nominal coverage.

In the large sample, coverage was moving closer to the nominal level for most method/scenario combinations
that showed higher than nominal coverage in the small sample setting. This held in particular for TSE and for
recensoring applied to TSE and RPSFTM and suggests that the corresponding higher coverage was due to the
pronounced bias of these methods in small sample sizes. However, the discussed situations with undercoverage
mostly persisted or even became more pronounced. With large sample sizes, it became visible that also TSE is
affected by unobserved confounding, leading to undercoverage.

Similar to other operating characteristics, the additional application of IPCW to account for random censoring
had mostly negligible impact on coverage. An exception was g-formula where in some scenarios, additional
TPCW resulted in an increase of the, already larger than nominal, coverage probability.

In summary, similar to finding on the type I error rate, the confidence interval coverage probabilities of all
methods were found to be sensitive to meeting the model assumptions of the respective methods and to too
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Figure 2.13: Power of methods with and without additional inverse probability weighting for random censoring

in treatment switching scenarios with small sample size.

small sample size.

Figures to show width of the nominal 95% confidence intervals for the log hazard ratio. The pattern
here closely reflects what was found for the power of the different methods: IPW, censoring and TSE in general
had the smallest intervals, followed by g-formula and, with notably larger intervals, RPSFTM. Recensoring

increased the width of confidence intervals for RPSFTM and TSE substantially.
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Figure 2.14: Confidence interval coverage of the studied methods in treatment switching scenarios with small
sample size under the alternative. The solid reference line corresponds to the nominal 95% level. The dashed
reference lines indicates simulation uncertainty. They mark the range, in which the empirical coverage probability
should be with 95% probability (by asymptotic approximation) if the true coverage was 95%.
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Figure 2.15: Confidence interval coverage of the studied methods in treatment switching scenarios with small
sample size under the null hypothesis. The solid reference line corresponds to the nominal 95% level. The
dashed reference lines indicates simulation uncertainty. They mark the range, in which the empirical coverage
probability should be with 95% probability (by asymptotic approximation) if the true coverage was 95%.
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Figure 2.16: Confidence interval coverage of the studied methods in treatment switching scenarios with large
sample size under the alternative. The solid reference line corresponds to the nominal 95% level. The dashed
reference lines indicates simulation uncertainty. They mark the range, in which the empirical coverage probability
should be with 95% probability (by asymptotic approximation) if the true coverage was 95%.
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Figure 2.17: Confidence interval coverage of the studied methods in treatment switching scenarios with large
sample size under the null hypothesis. The solid reference line corresponds to the nominal 95% level. The
dashed reference lines indicates simulation uncertainty. They mark the range, in which the empirical coverage
probability should be with 95% probability (by asymptotic approximation) if the true coverage was 95%.
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Figure 2.18: Confidence interval coverage of the studied methods with and without additional inverse probability
weighting for random censoring in treatment switching scenarios with small sample size under the alternative.
The solid reference line corresponds to the nominal 95% level. The dashed reference lines indicates simulation
uncertainty. They mark the range, in which the empirical coverage probability should be with 95% probability
(by asymptotic approximation) if the true coverage was 95%.
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Figure 2.19: Confidence interval coverage of the studied methods with and without additional inverse probability
weighting for random censoring in treatment switching scenarios with small sample size under the null hypothesis.
The solid reference line corresponds to the nominal 95% level. The dashed reference lines indicates simulation
uncertainty. They mark the range, in which the empirical coverage probability should be with 95% probability
(by asymptotic approximation) if the true coverage was 95%.
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Figure 2.20: Width of confidence intervals for the log hazard ratio in treatment switching scenarios with small

sample size under the alternative.
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Small sample size, HO
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Figure 2.21: Width of confidence intervals for the log hazard ratio in treatment switching scenarios with large

sample size under the null hypothesis.
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Large sample size, H1
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Figure 2.22: Width of confidence intervals for the log hazard ratio in treatment switching scenarios with small

sample size under the alternative.
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Figure 2.23: Width of confidence intervals for the log hazard ratio in treatment switching scenarios with large
sample size under the null hypothesis.
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Small sample size, H1
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size under the alternative.
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Figure 2.25: Width of confidence intervals for the log hazard ratio obtained through methods with and without
additional inverse probability weighting for random censoring in treatment switching scenarios with small sample
size under the null hypothesis.
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2.4.6 Root mean squared error

The root mean squared error (RMSE) of the log hazard ratio estimates across scenarios and methods is shown
in Figures to The RMSE is in line with findings for the bias and power as well as confidence interval
width. Similar to those measures, uncertainty in terms of RMSE was smallest for IPW, censoring and TSE. The
g-formula had similar RMSE to these methods. Recensoring increased the RMSE for RPSFTM and TSE and
a high switching rate increased the RMSE for all methods. As before, the additional application of IPCW for
random censoring had almost no impact on RMSE.
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Small sample size, H1
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Figure 2.26: Root mean squared error (RMSE) of the estimated log hazard ratio in treatment switching scenarios

with small sample size under the alternative.
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Small sample size, HO
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Figure 2.27: Root mean squared error (RMSE) of the estimated log hazard ratio in treatment switching scenarios
with small sample size under the null hypothesis.
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Large sample size, H1
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Figure 2.28: Root mean squared error (RMSE) of the estimated log hazard ratio in treatment switching scenarios

with large sample size under the alternative.
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Large sample size, HO
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Figure 2.29: Root mean squared error (RMSE) of the estimated log hazard ratio in treatment switching scenarios
with large sample size under the null hypothesis.
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Small sample size, H1
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Figure 2.30: Root mean squared error (RMSE) of the log hazard ratio estimated through methods with and
without additional inverse probability weighting for random censoring in treatment switching scenarios with
small sample size under the alternative.

58



Small sample size, HO

0.384
0.36 1
T
o 0-34 1
i)
—
o
L
)
= 0.32-
o
° °
0.30 1 o . . ®
e
°
e ) ° [ ° °
°
[ ] [ ) ° ° [ ]
028 T T T T T T T
N N
Oo@ S & 6$ S N NN
/(\ Qé ’(‘r(\ $®' Q§§ (;9\"\“
& & 6\+ + @ S50
/ X 5 Q> S{@
(\(7 N\ ,{@/o \.0 ‘(\‘ \QQI
& & L@ & < /‘Q;%
60& OQ’Q <O L@ ¢ O°
N N\ O N OQ
& oé\ L & 66 &
(\b e(\ O & &
> < > &
< N & & N
(\bo Oé\ bo Qb
& N & &
&
Scenario
® cens ipw_IPCW rpsftm_rc_IPCW tse_rc_IPCW gformula_IPCW
Method
® ipw rpsftm_rc tse_rc e gformula

Figure 2.31: Root mean squared error (RMSE) of the log hazard ratio estimated through methods with and
without additional inverse probability weighting for random censoring in treatment switching scenarios with
small sample size under the null hypothesis.
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2.5 Case studies

As case study for a trial with treatment switching and application of the included causal inference, we will study
two specific synthetic data sets. The first was simulated under the core scenario, the second was simulated under
the scenario in which the time dependent co-variate W has a decreasing time trend in the control group but
stays stable under experimental treatment. The two scenarios were chosen to highlight differential behaviour of
the methods depending on the underlying data generating mechanisms.

Both data sets were simulated under the alternative hypothesis with a strong treatment effect and the aimed
for number of events was 66 on both cases. Other settings were as described in the Section on data generation.
The used data sets are included in the supplementary file trt_switch_case_studies.Rdata.

In the case study analyses, all reported p-values are two-sided. Confidence intervals are two sided with nominal
coverage 95%.

2.5.1 Case study 1 - core scenario

In this study, 96 patients were included in the control group and 105 patients in the treatment group. Overal 66
events were observed, with 40 events in patients initially assigned to control and 26 events in patients initially
assigned to experimental treatment. Thirty-nine (41%) of the control group patients eventually switched to
active treatment. The median (min - max) follow up times in this data set were 1.52 (0.03-3.04) years for the
control group and 1.64 (0.03-3.05) years for the treatment group.

Table shows summary statistics for the covariates X and W at baseline as well as the observed number of
death, progression, random censoring and switching events per initial treatment group.

Table 2.11: Case study 1: Descriptive statistics by initial treatment group. Values are mean + standard deviation
or absolute (relative) frequencies.

Variable Control (n=96) Treatment (n=105)
X -0.02 £ 0.87 0+£1.04
W 0.13 £ 0.98 0.24 £ 0.9
Death 40 (42%) 26 (25%)
Progression 79 (82%) 63 (60%)
Switching 39 (41%) 0 (0%)
Random censoring 1 (1%) 6 (6%)

Table shows summary statistics for the covariates X and W at the time of progression. These statistics in
particular serve to illustrate the properties at secondary baseline as used for the IPW and the TSE approach.

Table 2.12: Case study 1: Descriptive statistics for covariates observed at secondary baseline in the control
group. Values are mean + standard deviation.
Variable Control Treatment

X at secondary baseline -0.17 £+ 0.85 -0.22 + 0.94
W at secondary baseline -0.07 £ 0.96 0.02 £ 0.81

Figure [2.32] shows Kaplan-Meier curves for overall survival in the by initial group allocation. An analysis by a
corresponding Cox model for overall survival with treatment group as well as X and W at baseline as covariates
results in a hazard ratio (95% confidence interval) of 0.590 (0.359 to 0.969) with p=0.0373. These analysis
corresponds to a treatment policy estimand and is included as a typical analysis aiming for a hypothetical
estimand would likely in addition include an analysis targeting treatment policy.

The main aim is to estimate a hypothetical estimand under the assumption that no switching was possible. The
following methods will be show cased: Inverse probability weighting (IPW), rank-preserving structural failure
time model (RPSFTM), the simplified two-stage estimatio (TSE) and parametric g-formula. In addition, as
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Figure 2.32: Case study 1: Kaplan-Meier estimation of overall survival by treatment group, corresponding to a
treatment policy estimand strategy.

comparator method, a Cox model will be applied in which event times are censored at the time of switching.
RPSFTM and TSE were performed without recensoring and with 1000 bootstrap samples for inference. G-
formula was applied as described in Section The number of bootstrap samples for RPSFTM, TSE and the

g-formula was set to 1000.
Appendix [A] includes exemplary R code to fit the according analysis models.

The results of these analyses are shown in Table The results of the applied methods are relatively homo-
geneous, with estimated hazard ratios close to 0.5 for all methods and comparable confidence intervals. The
respective hypothesis test allow for rejection of the null hypothesis of no treatment effect in the hypothetical
setting for all methods. RPSFTM here has the largest p-value of 0.0303 and the IPW method had the smallest
p-value of 0.0084. Note that for all methods, the estimated effect for the hypothetical estimand is stronger than
the effect estimated under the treatment policy strategy.

Table 2.13: Case study 1: Estimated hazard ratio (HR) and according two-sided 95% lower and upper confidence
interval boundaries.

Method HR low up p
IPW 0.493 0.291 0.834 0.0084
RPSFTM 0.493 0.260 0.935 0.0303
TSE 0.485 0.280 0.840 0.0098
g-formula 0.484 0.271 0.863 0.0167

Censor after switching 0.530 0.311 0.902 0.0192

Figure [2.33] For further illustration, survival distributions were estimated based on the assessed analysis meth-
ods. For inverse probability weighting (IPW), survival times for control group patients who switched to active
treatment were censored at the time of switching and non-switchers were up-weighted in the Kaplan-Meier
estimation by the inverse probability of not switching. For the rank-preserving structural failure time model
(RPSFTM) and the simplified two-stage estimation (TSE) counterfactual survival times calculated by the two
methods were used to estimate Kaplan-Meier curves for the control group. For the g-formula approach, survival
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times sampled from the fitted g-formula models were used for both groups. The resulting curves are shown in
Figure [2.33] The different approaches result in relatively similar curves. Of note, the curves obtained through
the g-formula approach are discrete at regular intervals due to the discretisation into 1 month intervals in this
method. Compared to the survival curves estimated under the treatment policy estimand, the curves estimated
under the hypothetical strategy showed differences between the treatment groups.
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Figure 2.33: Case study 1: Survival distributions estimated under a hypothetical estimand strategy assuming
no switching between treatment groups was possible, using different causal inference methods.
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2.5.2 Case study 2 - differential pattern of time dependent covariate

In the second case study, 100 patients were included in the control group and 103 patients in the treatment
group. Overall, 66 events were observed, with 44 events in patients initially assigned to control and 22 events in
patients initially assigned to experimental treatment. In the control group, 35 (35%) patients switched to active
treatment. The median (min - max) follow up times in the control and treatment group were 2.42 (0.02 - 4.19)
and 2.81 (0.14 - 4.19), respectively.

Summary statistics for the study data are shown in Table

Table 2.14: Case study 2: Descriptive statistics by initial treatment group. Values are mean =+ standard deviation
or absolute (relative) frequencies.

Variable Control (n=100) Treatment (n=103)
X 0.07 £ 1.1 -0.07 £ 1.03
W 0.44 £ 1.04 0.63 £ 0.94
Death 44 (44%) 22 (21%)
Progression 80 (80%) 74 (72%)
Switching 35 (35%) 0 (0%)
Random censoring 5 (5%) 7 (7%)

Table shows summary statistics for the covariates X and W at the time of progression (secondary baseline).
In contrast to case study 1, a differential pattern between treatment groups at the time of progression is visible.
Patients under control who progressed had on average lower values of W, which is expected as the time dependent
variable W is decreasing under control but not under treatment. Of note, larger values of X and W are associated
with lower hazard for progression as well as for death. Patients under control who progressed had larger (better)
values for X compared to the treatment group. This is likely explained as the patients who progressed are a
selected subset of patients with less favourable covariate profile. In this scenario, treatment group patients have
on average a favourable and stable profile of W, thus progression is likely mostly caused by low values of X. In
contrast, control group patients have a declining profile for W, thus combinations of X and W that in sum are
less favourable suffice to trigger progression.

Table 2.15: Case study 2: Descriptive statistics for covariates observed at secondary baseline in the control
group. Values are mean + standard deviation.

Variable Control Treatment
X 0.02 £+ 1.06 -0.32 +0.91
AW 0.02 & 1.02 0.30 + 0.98

Figure shows Kaplan-Meier curves for overall survival in the by initial group allocation. An analysis under
the treatment policy estimand results in a hazard ratio of 0.406 (95% confidence interval 0.242 to 0.678) with a
p value of 0.0006.

The same methods as in case study 1 were applied to to estimate a hypothetical estimand under the assumption
that no switching was possible. The results are shown in Table In contrast to case study 1, there is more
heterogeneity in the analysis results of different methods. RPSFTM and TSE estimated quite similar values for
the hazard ratio of 0.312 and 0.315. IPW and The censoring comparator approach and IPW provided estimates
slightly closer to 1 with values of 0.334 and 0.348, respectively. The estimate via g-formula was quite different
with a hazard ratio of 0.421. This value was even closer to 1 than the hazard ratio of 0.406 obtained under the
treatment policy estimand. resulted in a less pronounced effect estimate with a value. This is, however, in line
with the simulation results which showed that the g-formula for the studied type of scenario results in biased
estimates. In the given case study, the qualitative interpretation of the result does not change depending on the
analysis method. The confidence intervals of all methods strongly overlap and all methods result in two-sided
p-values smaller than 0.05, even though the p-value for the g-formula is considerably larger (0.0202) than the
others, which are in the range of 0.0001 to 0.0002.
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Figure 2.34: Case study 2: Kaplan-Meier estimation of overall survival by treatment group, corresponding to a
treatment policy estimand strategy.

Table 2.16: Case study 2: Estimated hazard ratio (HR) and according two-sided 95% lower and upper confidence
interval boundaries.

Method HR low up p
IPW 0.348 0.203 0.599 0.0001
RPSFTM 0.312 0.170 0.572 0.0002
TSE 0.315 0.179 0.555 0.0001
g-formula 0.421 0.206 0.860 0.0202

Censor after switching 0.334 0.195 0.571 0.0001
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Figure 2.35: Case study 2: Survival distributions estimated under a hypothetical estimand strategy assuming
no switching between treatment groups was possible, using different causal inference methods.
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2.6 Discussion

Overall, the simulation results suggest that the studied causal inference methods are in principle applicable
to account for treatment switching and estimate a treatment effect under the hypothetical estimand strategy.
However, all studied methods were found to be sensitive with respect to their inherent model assumptions and
violations of these assumptions may occur in usual study designs as was shown by different simulation scenarios.

IPW and the basic comparator using censoring after switching performed very similar, and both were most
powerful. Note that the IPW approach is related to the censoring comparator, as it uses the same outcome
model but adds weights to account for the switching propensity. Therefore, though, the IPW estimate has
additional variability resulting from using estimated weights (which is accounted for by the robust variance
estimation) and thus may need larger sample size to maintain the desired power. Both methods were affected
by unobserved confounding. Among the studied scenarios, there was only one scenario where IPW clearly
improved the censoring approach, that was unobserved confounding between progression and death. For the
censoring approach, this setting implies confounding between switching and death, and results in a strong
bias. IPW correctly accommodates for switching, as it is able to correctly estimate the switching probability
conditional on progression having occurred, and whether progression in itself was confounded with death has
no impact. However, in other settings where confounding extended towards the switching decision itself, IPW
often performed worse than mere censoring.

TSE was also a powerful method, however equally affected by unobserved confounding as IPW.

RPSFTM was in general found to be the least favourable approach. Its model assumption of common treatment
effect was found to be restrictive as violation of this assumption had much stronger impact than violations of
assumptions for other methods. Also, its estimator seems to be the least efficient among the studied methods
with power values far below those of other methods.

Recensoring for RPSFTM and TSE has been proposed to account for possible bias resulting from an association of
calculated counterfactual times and censoring (White et al.,|1999)). However, in the simulation study, recensored
variants of RPSFTM and TSE were found to have considerably less power than the unmodified variants while
there was no obvious improvement of bias.

The g-formula is in principle a flexible approach though its implementation is less straightforward then for
other methods. The, relatively simple, models considered in the g-formula implementation used here resulted
in a method that was comparable in precision (especially in terms of RMSE) to IPW, censoring and TSE.
However, its bias tended to by slightly larger and its power somewhat lower. Most strikingly, the g-formula
failed in the setting where the observed time dependent covariate had a different time trend under control
than under experimental treatment, with large bias and severe undercoverage, below 90%, of the nominal 95%
confidence interval. As the g-formula models were fit separately per treatment group, this points to insufficient
model specifications for this scenario. Possibly, by choosing more flexible models, these shortcomings could be
remedied, however, in a real application the model complexity may be limited by the amount of available data
and identifying the required complexity during the planning phase may be challenging. G-formula also is much
more computation intense than the other methods, which may, however, be less limiting if only a single analysis
is performed.

A small though significant was observed for IPW in the scenario where the time dependent covariate W had a
declining time trend under control but stable mean under treatment (scenario "W - decrease under ctr”). Of
note, this scenario did not include unobserved confounders. Instead, the bias could be due to patients who reach
disease progression at different follow-up times having systematically different covariate profiles at the time of
switching and different subsequent hazard functions. Simply put, when patients switch treatment, they should
be implicitly replaced, from that time on, by similar patients who did not switch. However, since the IPW model
does not take into account the time of switching, the ”replacement” is a mixture of patients who experienced
disease progression at a different time-points. While these patients may have a matching probability to switch,
their future hazard for death may be different, depending on the current values of X and W(t) and the future
trajectory of W(t). A possibly remedy could be to calculate weights not only depending on switching at the
time of progression but to include the time-dependent probability to progress in the model for the weights. This
mechanism warrants further exploration, as it may impact the validity of IPW even in settings where potential
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confounders habe been observed.

The causal inference methods, more so than the censoring comparator, were found to be affected by too small
sample sizes. It should thus also be kept in mind that these methods may either need some additional small
sample adjustments, e.g. when estimating the robust variance for IPW, or should in general be applied to
sufficiently large data sets.

Of note, the presented results should be interpreted within the context of the specific estimands and data-
generating mechanisms. Generalisation to other settings may require additional investigations.

In conclusion, while correct estimation thus was found to be possible under appropriate assumptions, it will
remain challenging to ensure that, mostly untestable, assumptions are met in an actual application. Future
research may focus on developing sensitivity analysis to support the application of the studied methods.
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3 Scenario class 2: Rescue medication, treatment policy and hypo-
thetical strategy, continuous endpoint

Administration of rescue medication is a frequently observed intercurrent event in clinical trials. As a guiding
example we assume a trial similar to [Olarte Parra et al.| (2025)), comparing an experimental medication for
Diabetes to a control with 1-year change in HbAlc as primary endpoint. In this example, insulin may be applied
as rescue medication if blood glucose levels become too high. We further assume that primary endpoint data
may be missing, and the probability for missing data may be larger following rescue medication (corresponding
to a scenario of selective drop out). Furthermore, the HbAlc value is measured at regular intervals between
baseline and the final assessment.

We consider both a treatment policy and a hypothetical strategy to address this intercurrent event:

Estimand with treatment policy strategy: The estimand of interest is the difference in means of one-year
change from baseline in HbAlc regardless of the intake of rescue medication or discontinuation of treatment.
The considered estimand has the following relevant attributes:

e Endpoint: Change in HbAlc

e Treatments: Experimental versus control

e Summary measure: Difference in means

e Population: Patients with type-2 diabetes

e Intercurrent events: Use of rescue medication and treatment discontinuation

e Intercurrent event strategy: Treatment policy strategy, ignoring the fact that some patients initiate rescue
medication or discontinue treatment.

Under treatment policy, all the available data are included in the analysis and the focus of the study is on handling
missing outcome data. The causal inference analysis method is inverse probability weighting. Conventional
comparator methods are mixed models for repeated measures and multiple imputation conditional on rescue
medication status.

Estimand with hypothetical strategy: The estimand of interest is the difference in means of of one-year
change from baseline in HbAlc in the hypothetical scenario where rescue medication was not available, but
regardless of discontinuation of treatment. The considered estimand has the following attributes:

Endpoint: Change in HbAlc

Treatments: Experimental versus control

e Summary measure: Difference in means.

Population: Patients with type-2 diabetes

Intercurrent events: Use of rescue medication and treatment discontinuation

Intercurrent event strategy:
— Hypothetical strategy, assuming that patients had not initiated rescue medication.
— Treatment policy strategy, ignoring the fact that patients discontinue treatment.

Under the hypothetical strategy the focus is on modelling hypothetical outcomes assuming there was no rescue
medication. The considered causal inference methods are

e Inverse probability weighting (IPW) with outcome after rescue medication set to missing
e De-mediation as described in |Loh et al.| (2020); Lasch et al. (2023)

e G-computation
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In the core simulation, data to be analysed with a hypothetical strategy are simulated included a mechanism to
generate missing data. In additional simulations, data are generated without missing data for comparison.

3.1 Data generation

As general study design we assume a randomised trial in diabetes with 1:1 allocation ratio comparing an exper-
imental treatment to placebo. The primary outcome variable is HbAlc after one year. We assume that HbAlc
is also measured at baseline and at regular monthly visits. We denote the HbAlc value measured for the i-th
patient at month 0 (baseline) to month k£ = 12 (final assessment) by v;;,7 =0,...,k.

The assigned treatment A; € 0,1, with A; = 1 denoting treatment and A; = 0 denoting control is sampled from
a Bernoulli distribution with equal probability for 0 and 1, corresponding to an allocation ratio of 1:1.

We consider age as prognostic baseline covariate as literature on the HbAlc trajectories suggests that younger
patients diagnosed with diabetes tend to have higher starting values (Bhattacharjee et al., |2025) and steeper
increase in HbAlc (Nicolaisen et al.| [2024).

In the simulation, age is sampled from a normal distribution with a mean of 60 years and a standard deviation
of 10 years.

Trajectories of HbAlc are sampled for an individual patient ¢ by the following algorithm. Parameter values for
the core scenario and some deviations are discussed in the text. All considered parameter values are shown in

[Table 3.11

1. The expected HbAlc values across visits j = 0, ..., k for the i-th patient is defined via a population mean
at baseline p1p = 8% and an age depending slope sq4e and a time depending treatment effect 8y ;, an
individual treatment response modifier tresponse,i ~ uniform(0,1) and the assigned treatment A; € {0,1}
as

Mij = Ko + j/k * Sage + Btrhj * Qresponse,i * A;.

Note that % here and in the remainder of the Section is the absolute unit of HbAlc.

The age dependent slope is defined as

Sage = 2 * exp(—bage * (age — 30))

In the core scenario, bage = log(2)/10, such that the slope is exponentially decreasing with age and patients
at age 30 have a mean increase in HbAlc of 2% per year and this effect is halved every 10 years such that
patients at age 40 have an increase of 1% per year.

The treatment effect is defined as
Birt,; = —0 % (1 —exp(—=A*j))

with § = 1 in the core scenario and the term (1 — exp(—A * j)) increasing the treatment effect from 0 at
baseline (j = 0) to a value close to ¢ over time. The rate with which the treatment effect is established is
set to A = log(2)/2, such that after 2 months, 50% of the treatment effect is present. This rate of decrease
matches a lifespan of erythrocytes of around 120 days and a corresponding turnover rate of 0.83 1% per
day and also corresponds to published trajectories of HbAlc in treated diabetes patients, see [Bongaerts
et al.| (2023]).

To model heterogeneity between patients, and also allow for patients with unfavourable values under
treatment such that administration of rescue medication may also occur for some patients under an effective
treatment, the treatment effect is modified by an individual modifier ayesponse,i, Which is sampled from a
uniform(0,1) distribution.

The true treatment effect at the final visit & = 12 thus is —0ye = —0/2% (1 —exp(—Axk)), which is -0.492
in the core scenario.
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2. Residuals ;5,5 = 0,...,k are sampled from a multivariate normal distribution with mean 0 vector and
covariance matrix such that cor(ri;,7;;:) = p, for j # j' and var(r;;) = o for all j =0,..., k. In the core
scenario, p = 0.5 and o2 = 1.

The HbAlc values without possible rescue medication are thus defined as
Yij = Wi + Tij

3. At visits j = 1,...,k — 1, rescue medication is initiated with a certain probability prescue,i; that increases
with current HbAlc value and slightly decreases with age according to

log(prescue,ij/(l - p'rescue,ij)) = 5rescue,0 + (ym - 10) * Brescue,y + (flg@ - 60) * ﬂrescue,age
with core scenario values Brescue,0 = 10g(0.05/(1 — 0.05)), Brescue,y = 10g(3) and Brescue,age = —1og(1.01).

By these values, the marginal probability for rescue is approximately 10%, the probability for rescue is
increasing notably, but not extremely steep, around a plausible threshold of 10% HbAlc. At age 60,
probabilities are approximately 0.01, 0.02, 0.05, 0.14, 0.32 at a single visit with HbAlc = 8, 9, 10, 11, 12,
respectively. In a further scenario, Srescue,y = log(150) are used, which results in respective probabilities
0.0000 0.0004, 0.0500, 0.8876, 0.9992 and may result in situations close to violation of the positivity
assumption of IPW methods.

Furthermore, the probability for rescue is slightly decreasing with age, which could be argued, e.g., by
assuming that the disease is more aggressive in younger patients.

4. Denote the visit at which rescue was initiated as j*. We assume that rescue medication is given continuously
instead of the study treatment, once it has been initiated. Thus, the values y;;,7 > j* are modified to
have no effect due to study treatment but have an effect due to rescue, and now take values

Yiz = Mo + ]/k * Sage + Brescue,j—j* * Qresponse_rescue,i + Tij-

The effect of rescue is modelled similar to the effect of the experimental treatment as

ﬁrescue,j = _5rescue * (1 - exp(_/\rescue * ]))

with dpescue = 0.75 in the core scenario and Arescue = 10g(2)/1, such that rescue has only 75% of the effect
of experimental treatment in the core scenario, but acts faster with only 1 month until 50% effect. Faster
rescue effect may usually not occur with HbAlc as endpoint, but is considered for the simulation in order
to truly see an effect of rescue in the control group, even if it is initiated at later visits and provide a more
general scenario similar to other disease areas where rescue effects are fast. Similar to the experimental
treatment effect, the effect of rescue is modified by a response term Gy esponse_rescue,; ~ uniform(0,1)
that is sampled independently from o esponsei- (Note that without the response modifying terms, rescue
would always be a disadvantage for treatment group patients, unless rescue was more efficacious than
experimental treatment.)

As an addition to the core scenario, in which rescue medication is given instead of treatment, we also
investigated a setting where rescue medication is given in addition to the current treatment. This is both
due to the fact that some of the methods actually aim towards this setting, and then it would be interesting
to see their performance, and also due to the fact that it is often seen in practice, that patients will have
some medication in addition to the experimental treatment. Of course this setting will only impact the
mean outcome in the treatment group, since there are no differences for the control group. With this
addition implemented, the values y;;,j > j* are given by

Yiz = Ho + ]/k * Sage + ﬂrescue,jfj* * Qresponse_rescue,i + Setup * ﬁt’l”t,j * Qresponse,i * Az + Tij-

5. Missing data is introduced assuming that patients may withdraw from the study, causing a monotone
missing pattern. The probability to withdraw at visit j, pwithdraew,i;, is modelled to depend on the current
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M, M,

Figure 3.1: Directed acyclic graph (DAG) illustrating the assumed causal structure of the simulated longitudinal
data, with the randomly assigned treatment (A), measured baseline covariate (age), indicator of rescue medica-
tion at visit j (R;), indicator of missingness at visit j (M;), and measurement of the outcome at visit j (y;).

HbAlc value and the rescue medication status R;; € 0,1, with R;; = 1 indicating that rescue was initiated
at or before visit j, via

Pwithdraw,ij
log | ——————=1 ) =
1- Pwithdraw,ij
Bwithdraw,() + (ym - ]-O) * Bwithdraw,y + (age - 60) * 5withdraw,age + Rij * 5withdraw,7‘esc

with core scenario values Buithdraw,0 = 10g(0.02/(1—0.02)), Buwithdraw,y = 108(3), Bwithdraw,age = log(1.02)
and Buwithdraw,rese = log(1.5). Similar to the rescue model, a large value Byithdraw,y = log(150) is considered
in an additional scenario to model close-to violation of positivity. The variable M;; is drawn from a binomial
distribution with probability puwithdraw,:;-

In the core scenario, data are set to missing after the visit of the withdrawal decision, such that data is
missing at random. These core settings result in approximately 5% missing data at the final visit.

illustrates the causal structure for this scenario.

3.1.1 Sample size

For scenarios with different values for the treatment effect §, the sample size is calculated to provide approximate
power 1—/ = 0.8 at a two-sided significance level o = 0.05 under the assumption of no rescue medication allowed
and no missing data using the following equations. First, keeping in mind the analysis models include baseline
HbAlc as covariate, the residual variance adjusted for baseline HbAlc is calculated as o2 4= %% (1—p?). Then
the sample size per group is calculated as n = (21_q/2 + 21-5)% * U?ldj/éfme * 2.

Of note, in the sample size calculation of an actual trial, the effect of covariates would typically be unknown
and not be taken into account. However, in the simulation study, we aim for a range of power values sufficiently
below 1 in order to clearly observe power differences between the investigated methods.

3.1.2 True treatment effect

As previously described, the true treatment effect can be derived analytically when the targeted estimand follows
a hypothetical strategy. However, this derivation does not apply to estimands based on a treatment policy
strategy. In this setting, the analysis methods aim to estimate a different, and typically smaller, treatment effect
due to the inclusion of intercurrent events.

To quantify this effect, the true treatment effect under the treatment policy strategy is estimated empirically
for each scenario using a simulated data set of size 4 x 107 generated without missing data.
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Table 3.1: Parameter values for the data generating mechanism of the rescue medication scenarios.

Parameter Value in core Comment Further values Comment
scenario
N Mean baseline HbAlc
Ho [%]
o 1 Std. dev. baseline
HbAlc
Correlation between No information across
p 0.5 repeated HbAlc 0 time points
measurements p
5 1 Maximal treatment 0. 0.5 No or weaker treatment
effect . effect.
Rate of increasing
A log(2)/2 treatment effect
Orescue 0.75 Maximal rescue effect
Rate of increasing
Arescue log(2)/1 rescue effect
Brescue,0 log(0.05/(1-0.05)) 255:51110% rescue log(0.2/(1-0.2)) appr. 30% rescue overall
Strong dependence of
Brescue,y log(3) log(150) rescue on HbAlc

BT&SC’U.S,GQG

ﬁwithdraw,o

ﬂwithdraw,y 10g(3)
ﬁwithdraw,age 10g(102)
ﬁwithd'raw,'resc log(15)
setup 0

-log(1.01)
log(0.02/(1-0.02))

appr. 10% missing

Rescue medication is
taken instead of the
treatment

0, log(0.2/(1-0.2))

0, log(150)

0
0

threshold

no missing or appr. 20%
missing

Strong dependence of
withdrawal on HbAlc
threshold

Rescue medication is
taken in addition to the
treatment
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3.2 Analysis methods for the treatment policy strategy

In this section the analysis methods in case of the treatment policy strategy are described, and they are sum-
marised in together with the methods for the hypothetical strategy.

3.2.1 Inverse probability weighting (IPW)

The probability for a patient to have non-missing outcome data at visit j =1, ...,k is estimated from a logistic
regression model with explanatory variables treatment group, age at baseline, HbAlc at visit 7 — 1 and rescue
medication status at visit j — 1. The models are fit using data from all patients still available at visit j. Denote
the estimated probability for the i-th patient to have non-missing data at visit j as 7;;. The inverse probability

weight for a patient that remained in the study is calculated as w; = ﬁ These inverse probability weights
by R

extracted from the final visit are applied to an ANCOVA model that includes only patients with non-missing
primary outcome data at the final visit. The ANCOVA model includes treatment group, baseline HbAlc and
age at baseline as covariates and HbAlc change from baseline as outcome. The weights are estimated using
the ipwtm function from the ipw package in R, with the type = "first" option to compute weights based on
the first occurrence of missingness. Robust HC2 standard errors are used for inference and implemented using
vcovHC(fit, type = "HC2") via coeftest from lmtest. The IPW approach assumes a correctly specified
propensity model and that the missing data satisfies the missing at random assumption.

3.2.2 Mixed model for repeated measures (MMRM)

An MMRM is fit to all the available longitudinal outcome data with predictors treatment group, baseline HbAlc,
age at baseline, visit (as categorical variable) as well as visits by treatment and all visits by baseline covariate
interactions. The model utilises an unstructured covariance matrix. The model is specified as:

Yi; = Bo + Batrt; + ;visity; + 6;(trt; x visity;) + a1yo,i + o (yo,s X Visity;) + mage; + n;(age; x visit;;) + 45,
where:
e Y;; denotes the outcome for subject ¢ at visit j,
e trt; is the treatment indicator,

e visit;; is the categorical visit effect,

Yo,i is the baseline HbAlc value,

age, is the baseline age covariate,
e ¢;; denotes the within-subject residual error.

According to the Guideline on adjustment for baseline covariates in clinical trials (EMA/CHMP/295050/2013),
when the baseline is included as a covariate in a standard linear model, the estimated treatment effects are
identical for both ‘change from baseline’ (on an additive scale) and the ‘raw outcome’ analysis. Consequently if
the appropriate adjustment is done, then the choice of endpoint becomes solely an issue of interpretability.

The within-subject covariance matrix is primarily modelled using an unstructured covariance matrix:
g; ~ N(0,%), where X is fully unstructured across visits.

If the unstructured covariance model fails to converge, a predefined fallback strategy is applied. The covariance
structure is first simplified to compound symmetry and, if necessary, further simplified to a diagonal covariance
structure. The covariance structure used in the final fitted model is recorded.

The model is fitted using the mmrm R package (Bell and Rabe| [2020]) using restricted maximum likelihood (REML)
estimation. Degrees of freedom and confidence intervals are based on Satterthwaite approximations.

To directly estimate the treatment effect at the final visit, the categorical visit factor is parametrised such that
the final visit is the reference level. Under this parametrisation, the main treatment coefficient 3; corresponds
to the treatment comparison at the final scheduled visit.
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Under the treatment policy strategy, all observed post-baseline outcome data is included in the analysis regardless
of rescue medication initiation or treatment discontinuation.

Similar to the assumptions of the IPW, the MMRM also assumes correctly specified models and that the missing
data satisfies the missing at random assumption.

Of note, in comparison to the multiple imputation method discussed below, the MMRM does not include rescue
medication indicators at each visit. This is in line with the Guideline on adjustment for baseline covariates in
clinical trials (EMA/CHMP/295050/2013) where it is stated that a covariate measured after randomisation such
as use of rescue medication should not be included in the primary analysis of a confirmatory trial.

3.2.3 Multiple imputation conditional on rescue medication

Multiple imputation is applied in which the imputation is performed conditional on age, the rescue medication
status, and past outcome values. The R package mice is used. The imputation includes the variables HbAlc and
rescue medication status at each visit to be imputed if missing; observed HbAlc values and rescue medication
status and age at baseline are used as predictors. The restriction that rescue medication is taken continuously
once started is included using the passive imputation specification in mice. The imputation is performed for
each treatment group separately. The imputation model includes:

e baseline HbAlc (yo,),

e baseline age,

e observed longitudinal HbAlc measurements,
e rescue medication indicators at each visit.

HbAlc values are imputed using predictive mean matching (PMM), while rescue medication indicators are
imputed using logistic regression models.

For each post-baseline visit j, the imputation model for HbAlc includes adjacent visit history, such that the
immediately preceding HbAlc measurement (y; ;1) is included as a predictor whenever available.

Rescue medication indicators are included as predictors in the HbAlc imputation models in order to preserve
the association between rescue medication use and subsequent HbAlc trajectories under the treatment policy
estimand. A number of 10 multiple imputations is used. For each imputed dataset, an ANCOVA model for
change from baseline in HbAlc at the final visit is fitted:

AY; = Bo + Bitrt; + Baage; + Bayo,i + €4,

where:
e AY; denotes the change from baseline in HbAlc for subject 4,
e trt; is the treatment indicator,
e age, is age at baseline,
® yo,; is baseline HbAlc,
e ¢, is the residual error term.
Randomness arising from the multiple imputation procedure is controlled using seeds to ensure reproducibility
of the analysis.
3.3 Analysis methods for the hypothetical strategy

In this section the analysis methods in case of the hypothetical strategy is described, and they are summarised
in together with the methods for the treatment policy strategy.
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3.3.1 Inverse probability weighting (IPW)

This approach is similar as described for the treatment policy, with the difference that data after initiation of
rescue medication is set to missing and rescue status is not used as predictor in the missingness model, similar
as described in [Olarte Parra et al. (2025). That is, the probability for a patient to have non-missing outcome
data at visit j = 1,...,k is estimated from a logistic regression model with explanatory variables treatment
group, age at baseline and HbAlc at visit 7 — 1. The models are fit using data from all patients still available
at visit j. Denote the estimated probability for the i-th patient to have non-missing data at visit j as 7.
The inverse probability weight for a patient that remained in the study is calculated as w; = ﬁ The
weights are estimated using the ipwtm function in the ipw package in R. The weights are estimat(]ad using the
ipwtm function from the ipw package in R, with the type = "first" option to compute weights based on
the first occurrence of missingness. Robust HC2 standard errors are used for inference and implemented using
vcovHC(fit, type = "HC2") via coeftest from lmtest.

3.3.2 De-mediation

The considered de-mediation approach was proposed by (Loh et al., [2020) and implemented in (Lasch et al.,
2023; |[Lasch and Guizzarol 2022} |Olarte Parra et al., [2025) for different settings. A structural nested mean model
is defined to model the effect ¢ of a mediator (i.e. rescue medication) on the expected value of the outcome,
conditional on the covariate history and treatment group. Outcomes after rescue medication are then adjusted
by subtracting 7,/; and the adjusted outcome values are compared between groups.

A basic algorithm, assuming only one possible time point for rescue and that both covariates X and treatment
group A are observed before this time point, is as follows:

e Estimate probability for rescue, P(R =1 | X, A) depending on treatment and covariates. To account for
perfect separation, a firth corrected logistic regression is used.

e Fit a regression model for the outcome on covariates, treatment, rescue status and P(R =1 X, A).
e Calculate y* =y — ’(/AJR, where 1& is the regression coefficient for R in above model.
e Calculate the mean difference for y* between the two treatment groups.

For an inherently longitudinal setting as envisaged in the simulation, an extension of this approach based on
sequential application of the algorithm to all visits was described in Section 4.2.3 of (Olarte Parra et al., 2025))
and is used in the simulation study.

The method assumes that no unobserved confounder between treatment and outcome and no unobserved con-
founders between the mediator and the outcome exist.

Missing data after treatment discontinuation is handled by applying multiple imputation prior to the actual
analysis. The imputation is performed equally as presented in Section It is performed conditional on age,
rescue medication status, and past outcome values, and is performed using all available data. The R package mice
is used. The imputation includes the variables HbAlc and rescue medication status at each visit to be imputed
if missing; observed HbAlc values and rescue medication status and age at baseline are used as predictors. The
restriction that rescue medication is taken continuously once started is included using the passive imputation
specification in mice. The imputation is performed for each treatment group separately. HbAlc values are
imputed using predictive mean matching (PMM), while rescue medication indicators are imputed using logistic
regression models. The subsequent analysis is performed for each imputed data set and the results are pooled
according to Rubin’s rule.

3.3.3 G-computation

The idea of g-computation is to model the distribution of dependent variables, that being HbAlc trajectories
and administration of rescue over time, by fitting respective models for data at each visit conditional on data
at the previous visits. A custom function is used that fits a model for HbAlc at each visit (Y;), using data
from all patients still available at that visit. The models utilised in the G-computation are models of the shape:
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Y; = A+ Rj +y;j—1 + age where the HbAlc value at visit j is modelled as a function of treatment group, rescue
medication status at visit j, lagged HbAlc (i.e., HbAlc at visit j — 1), and age.

A restriction is applied on the original data during data pre-processing such that once rescue medication is
initiated (i.e., R;;j—1 = 1), it remains active (R;; = 1) for all subsequent visits, reflecting the clinical reality of
continuous rescue use.

The fitted models for HbAlc at each visit j are used to sample for each treatment group a number of trajectories
equal to the number of patients originally included, starting from baseline covariate values and treatment group,
albeit under the assumption that rescue medication is not possible. The sampled data set does not contain
missing values. The mean difference of the outcome between groups is estimated from the sampled data.

Bootstrap is applied to the whole procedure (fitting the models, g-computation under the assumption of no
rescue medication allowed and calculation of the mean difference). The number of bootstrap samples is set to
200. Bootstrap 95% confidence intervals for the mean difference are calculated using the percentile method.
The null hypothesis of no treatment effect is considered rejected if the confidence interval does not contain the
value 0. A one-sided bootstrap-based p-value is computed to test the alternative hypothesis that the treatment
effect is less than zero (i.e., the experimental treatment reduces HbAlc). The one-sided p-value is calculated
as the proportion of the null distribution that is greater than or equal to zero following Rousselet et al.| (2021)).
The null distribution of the treatment effect is constructed by centering the bootstrap estimates under the null
hypothesis (i.e., subtracting the mean of the bootstrap samples from each bootstrap estimate).

Two approaches are supported through the setup argument. For setup = 1, treatment is kept as assigned in the
observed data. For setup = 0, treatment is recoded to control from the time rescue starts. This recoding is done
only once on the observed post-rescue data. During counterfactual simulation, rescue status is deterministically
set to 0 for all individuals and visits so the treatments remain as randomised.

3.3.4 Mixed model for repeated measures (MMRM) as comparator method

For the MMRM, data after initiation of rescue medication is set to missing. The MMRM is subsequently applied
in the same way as described for the treatment policy approach.

3.3.5 Multiple imputation as comparator method

Multiple imputation is used as further comparator method. As with MMRM, data after initiation of rescue
medication is set to missing and multiple imputation is applied to obtain outcome values under the assumption
that rescue was not available. For this reason rescue medication indicators at each visit are not included anymore
in the imputation model. The HbAlc measurement obtained at the rescue visit itself (i.e. j = r;) is retained in
the analysis. HbAlc at each visit is imputed if missing, based on observed HbAlc values and age at baseline.
The imputation is performed for each treatment group separately. HbAlc values are imputed using predictive
mean matching (PMM). The imputation model includes:

e baseline HbAlc (yo,),
e baseline age,
e immediately preceding HbAlc visit history.

For each post-baseline visit j, the imputation model for HbAlc includes the immediately preceding HbAlc
measurement (Y; ;_1) whenever available. Under the hypothetical strategy, rescue medication indicators are
not included as predictors in the HbAlc imputation models, in order to avoid conditioning on post-rescue
information. The multiple imputation and ANCOVA are subsequently applied in the same way as described for
the treatment policy approach.
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Table 3.2: Summarising the methods used, along with a short description of each, the summary measure they
report and how it is planned to implement them in the software.

Method Description Summary measure Implementation

Treatment policy strategy
Inverse probability weighting ~ANCOVA model with

(IPW) weights from TPW Difference in means Im, ipw::ipwtm
Visit by baseline

Mixed model for repeated interactions and Difference in means -

measures (MMRM) unstructured covariance h
matrix

Multiple imputation Comparator method Difference in means mice::mice

Hypothetical strategy
Inverse probability weighting ~ANCOVA model with

(IPW) weights from TPW Difference in means Im, ipw::ipwtm
Subtracting the effect of custom
De-mediation the mediator through Difference in means implementation using
modelling logistf, glm, Im, mice
custom
. Modelli 11 5 . . . . .
G-computation odelling all nodes in Difference in means implementation using
the DAG
Im
Visit by baseline
Mixed model for repeated interactions and . .
. Difference in means mmrm::mmrm
measures (MMRM) unstructured covariance
matrix
Multiple imputation Comparator method Difference in means mice::mice

3.4 Deviations from the study protocol
3.4.1 Data generation

A scenario in which the effect of rescue medication was added on top of the treatment as opposed to be given
instead of treatment, was added.

A subsection on calculation of the true treatment effect is added, to accommodate the fact that using two
different strategies to account for intercurrent event aims towards two different true values.

Through simulations, it was encountered that the missingness did not behave as intended, hence for the scenario
with increased missingness the parameter value of Byithdraw,o is changed from log(0.04/(1—0.04)) to log(0.2/(1—
0.2)).

3.4.2 Analysis methods for treatment policy strategy

IPW: Added the use of the type = ”first” option in the ipwtm function, which computes weights based on the
first time a patient becomes missing (or is censored). Added details on the implementation of robust standard
errors. This implementation is consistent with the protocol’s intent even so it was not explicitly pre-specified.

MMRM: The MMRM can “fit” but with non-invertible Hessian, returns coefficients with NA / unstable SE give
invalid df and return numbers that look fine but are actually numerically unreliable. This is why defensive checks
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for coefficient existence / failed fits together with fallback covariance matrices were introduced. The primary
covariance structure is unstructured (US). If model fitting fails due to convergence issues, simpler structures
are considered sequentially like Compound symmetry (CS) and Diagonal (independence). This fallback mecha-
nism ensures numerical stability in simulation settings while preserving the primary modelling intent whenever
possible.

MI: The mice package lead a lot of “logged events” warning messages. To make the procedure more robust
the following was implemented: HbAlc outcomes were imputed using predictive mean matching (PMM) im-
plemented via the mice package. Imputation was performed separately within treatment groups. A monotone
sequential predictor structure was used in which each HbAlc visit was imputed using baseline HbAlc, age, and
the immediately preceding HbAlc measurement. Under the treatment-policy estimand, rescue indicators were
additionally included as predictors. Rescue indicators themselves were imputed using logistic regression when
applicable. Imputations used 5 PMM donor draws, ridge stabilization, and 10 MICE iterations. Randomness
arising from the imputation procedure is controlled using withr::with_seed (), ensuring reproducibility of im-
putations without modifying the global random number generator state. This avoids unintended interference
with simulation-based data generation across replicates.

3.4.3 Analysis methods for the hypothetical strategy

IPW: Added the use of the type = "first” option in the ipwtm function, which computes weights based on the
first time a patient becomes missing (or is censored). Added details on the implementation of robust standard
errors. This implementation is consistent with the protocol’s intent even so it was not explicitly pre-specified.

Demediation: To account for perfect separation the firth corrected logistic regression is implemented, with the
use of the logistf package in R.

G-computation: During initial testing, the runtime of the gformula_continuous_eof function from the
gfoRmula package was found to be prohibitively high, presumably due to its internal handling of time-varying
covariates, complex model specification, and repeated refitting across bootstrap samples. To ensure computa-
tional feasibility, a custom implementation was developed. Key differences between the custom function and
gformula_continuous_eof include:

e Simplified model structure: The custom function fits visit-specific models only for HbAlc and the final out-
come, omitting a separate rescue model in the simulation step. Since the intervention is a fixed "no-rescue”
scenario, the simulation does not require a stochastic rescue model. Instead, rescue is deterministically
set to 0 in all post-baseline visits. This omission of the rescue model is a simplification specific to this
no-rescue intervention and would not be appropriate for natural-course simulations or alternative rescue
interventions.

e Manual simulation loop: Instead of relying on the package’s internal simulation engine, the counterfactual
trajectories are simulated iteratively using a loop over time points, allowing full control over the intervention
(e.g., setting R = 0) and avoiding redundant model evaluations.

e Efficient data handling: The data are reshaped once at the start, and model fitting and simulation are
performed directly on the long-format data without intermediate object conversions.

e Bootstrap integration: The entire procedure (resampling, refitting, simulation, estimation) is wrapped in
a single bootstrap loop, minimising overhead and enabling faster execution.

The model for the outcome was adjusted to include the HbAlc value at baseline as a predictor because this
aligns more closely with the data generating mechanism.

A restriction is applied on the original data during data pre-processing such that once rescue medication is
initiated (i.e., R;j—1 = 1), it remains active (R;; = 1) for all subsequent visits, reflecting the clinical reality of
continuous rescue use. No explicit restriction is implemented for the counterfactual estimation under the no
rescue intervention because such a restriction is trivially satisfied as rescue is fixed to 0 at all visits.

The number of bootstrap samples was set to 200 because 500 samples were unfeasible in terms of computation
time. Contrary to the protocol, a bootstrap-based one-sided p-value is computed.
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A setup parameter was added to allow to accommodate the added scenario in which the effect of rescue medication
is added on top of the treatment as opposed to be given instead of treatment. The parameter only influences
the data pre-processing step but does not change the analysis function.

MMRM: Same as for the treatment policy strategy.

MI: Same as for the treatment policy strategy except that under the hypothetical estimand, rescue indicators
were excluded to avoid conditioning on post-rescue information.

3.5 Results

In the naming of the specific data generation scenarios are presented together with the specification
that deviated from the core scenario. For the parameter values for the core scenario, see the second column of
[Table 3.1] [Table B 1| provides an overview of the simulation settings, including sample size, proportion of patients
receiving rescue medication, the degree of missingness, together with the true treatment effect under treatment
policy strategy. Across scenarios, sample sizes were approximately balanced between treatment groups. The
proportion of rescue medication ranged from approximately 6% to 39%, while missingness varied from 0% (NM
scenario) to approximately 17% (HM scenario).

Table 3.3: Scenario-specific deviations from the core scenario

Scenario  Change from Core Scenario

CS No change (core scenario)

NC p =0 (no correlation)

RTE d = 0.5 (reduced treatment effect)

MR Increased rescue probability (resco)

PV Strong HbAlc effect on rescue (resc, = log(150))
ROT setup = 1 (rescue added on top of treatment)
NM No missing data

HM Higher missingness probability

Figures [3.2 summarise the performance of the investigated methods across the considered simulation sce-
narios for both the treatment policy and hypothetical estimands. The results are evaluated in terms of bias,
RMSE, confidence interval (CI) coverage and width, type I error, and power. The shown error bars are normal
approximated confidence intervals for the point estimates. In Tables the values for the assessed param-
eters are shown. Hypothesis tests are performed at the one-sided 2.5% significance level and confidence intervals
are calculated as two-sided 95% confidence intervals. The tested one-sided null hypothesis is that HbAlc values
do not decrease due to treatment.

3.5.1 Treatment policy estimand

In the following figures, the results from the analyses targeting the treatment policy estimand are presented.
Figures [3.2a] [3.2b] [3.3a] [3.3bl [3.4a] and [3.4b| summarise the performance (bias, RMSE, CI width, CI
coverage, type I error rate, power) of the considered methods (IPW, multiple imputation (MI), and MMRM)
under the treatment policy estimand for all 16 scenarios. For explanation of the naming see As the
true treatment effect under the treatment policy strategy is not analytically extractable, it is calculated as part
of the simulation in large data sets separately for each scenario. The simulated true treatment policy effect can
be found in the last column of [Table B.1l

The bias plot shows that all considered methods yield estimates close to zero bias across most scenarios, indicating
that the estimators are generally unbiased under the treatment policy estimand. Slight deviations from zero can
be observed in more extreme scenarios, such as those involving strong rescue effects, missingness, or positivity
violations. These deviations suggest increased sensitivity of the methods to violations of underlying assumptions.
In these settings, multiple imputation (MI) tends to exhibit the largest deviations, followed by inverse probability
weighting (IPW), whereas the mixed model for repeated measures (MMRM) generally shows the smallest bias.
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(a) The bias of the methods. (b) The root mean squared error of the methods.

Figure 3.2: The bias and RMSE of the methods used for the treatment policy strategy, along with the confidence
interval as error bars.

In scenarios without missingness (NM), all methods perform nearly identically and also with the missingness
mechanism of the core scenario there is almost no difference. Considering the high missingness scenario (HM)
MI has the largest bias, then IPW and the least bias is achieved with MMRM. The bias is markedly positive for
the high missingness scenario which would lead to an underestimation of the treatment effect and conservative
effect estimates. Overall, the results suggest that MMRM is slightly more robust to increased missingness, while
all methods behave similarly when assumptions such as missing at random are well satisfied. For the exact

values of the bias, see

presents the root mean squared error (RMSE) of the treatment effect estimates. Consistent with
the bias results, all methods show similar RMSE across most scenarios, indicating comparable overall accuracy.
Differences in RMSE are primarily driven by the data-generating scenario rather than by the choice of method. In
particular, scenarios with reduced treatment effects (RTE) exhibit smaller RMSE due to larger effective sample
sizes, whereas more complex scenarios (e.g. high missingness (HM) or increased rescue probability (MR)) are
associated with increased RMSE. No method consistently dominates the others with respect to RMSE. Again,
the largest differences are seen in the high missingness scenario where the MMRM outperforms IPW and MI.

For the exact values of the RMSE, see

In the width of the confidence interval is presented together with the confidence interval coverage
probability. Confidence interval widths are largely similar across methods, indicating comparable efficiency.
Variations in precision are mainly driven by the scenario rather than the analytical approach. For example,
scenarios with reduced treatment effect (RTE) exhibit narrower intervals due to larger required sample sizes.

All the methods generally retain the coverage probability of 95%, as seen in [Figure 3.3bl For the exact coverage
probabilities see[Table B.4l One large difference between methods is seen for the high missingness scenario (HM)
where IPW and MMRM retain the 95% coverage probability whereas MI has a slightly lower than 95% coverage
probability.

Type I error is well controlled for all methods, with rejection rates under the null scenarios remaining close to
the nominal significance level, see A slight increase is observed under the PV scenario where there
is a strong HbAlc effect on rescue. Power in is also comparable across scenarios, with expected
reductions with increased rescue probability (MR) and increased missingness (HM). There seems to be a slight
power gain for the PV scenario (Strong HbAlc effect on initiation of rescue medication) and the ROT scenario
(rescue medication is added on top of treatment). The MMRM has consistently slightly higher power than IPW
and MI which perform approximately similar for all considered scenarios. For the exact values of the type I
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Figure 3.3: Confidence interval width and coverage of the methods used for the treatment policy strategy, along

with the confidence interval as error bars.
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error and power, see [Table B.5| and [Table B.6]

Overall, under the treatment policy estimand all investigated methods perform robustly and similarly across
most scenarios. In case of high missingness, the MMRM did perform slightly better than the other two methods
concerning both bias and power. The results suggest that, provided assumptions such as missing at random
(MAR) are approximately satisfied, method choice is less critical, and differences in performance are relatively
minor compared to the impact of the underlying data-generating mechanism.

3.5.2 Hypothetical estimand

Figures and present the corresponding results (bias, RMSE, CI coverage and width, type I error
rate, and power) for the hypothetical estimand, including the methods de-mediation (DM) and g-computation
(GCOM), alongside IPW, MI, and MMRM, as only applicable to a hypothetical estimand. In contrast to the
treatment policy setting, performance varies more substantially across methods. The hypothetical estimand
requires stronger assumptions (e.g., correct modelling of the post-rescue counterfactual trajectory), and this is
reflected in increased variability of bias, coverage, and power across scenarios.
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Figure 3.5: The bias and RMSE of the methods used for the hypothetical strategy, along with the confidence
interval as error bars.

Under the hypothetical estimand 7 variability in bias is more pronounced. Among the considered
methods, MMRM generally exhibits the smallest bias across most scenarios, however, the bias is often in the
negative direction, especially with increased rescue probability (MR), leading to anti-conservative behaviour. For
high missingness (HM) the bias of DM is high and similar to the bias of MI. DM often has the highest bias except
when there is a strong HbAlc effect on rescue (PV) and rescue added on top of treatment (ROT), for the latter
DM is even the best performing method. IPW shows a moderate positive bias in most scenarios. GCOM often
has a similar or slightly less positive bias compared to MI except for rescue added on top of treatment (ROT).
In settings with no correlation (NC), where model assumptions are less compatible with the data-generating
mechanism, all methods except DM have a negative bias. For the exact values of the bias, see

Interestingly, DM shows a markedly large positive bias for increased rescue probability (MR). This performance
can be explained by conflicts between the data generating mechanism and the analysis method. Whenever
patients is in need of rescue medication they will be taken off the experimental treatment and receive rescue
medication instead. In this scenario we turned up the amount of rescue medication used, which implies that pa-
tients initiate rescue earlier than in the core scenario, and as a result, patients have less time on the experimental
treatment. This is an issue for the de-mediation method, since it consider the final outcome and then for every
visit where rescue medication is used, the estimated visit specific effect is subtracted. This leaves us with only
the effect of the experimental treatment, as intended, but this will be lower than expected, since the treatment
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was not administered for the full trial period. With these considerations, this is maybe not deemed the most
reasonable mechanism to implement for rescue medication as an intercurrent event. These considerations also
tell, that applying de-mediation in a setting where the treatment is not administered for the full trial period is
not appropriate.

presents the root mean squared error (RMSE) of the estimators. Consistent with the bias results,
RMSE varies considerably across methods and scenarios for the hypothetical estimand. Like for the treatment
policy estimand the expected lower RMSE is observed for the reduced treatment effect scenario with a higher
sample size. However, the increased rescue probability scenarios (MR and MR null) show a substantial increase
in RMSE. Under the null hypothesis, DM obtains the lowest RMSE with increased rescue probability (MR _null).
Concerning differences between methods, RMSE seems highest for MI except for the strong HbAlc effect on
rescue (PV and PV _null) where DM performs worst. For high missingness, MI and DM have similar but slightly
higher RMSE than GCOM, IPW and MMRM. In most scenarios MMRM is among the methods with the lowest
RMSE. MMRM, GCOM and IPW tend to achieve lower RMSE in many scenarios, reflecting a balance between
bias and variance. DM shows competitive performance only in some settings, particularly where the mediator
modelling is well aligned with the data-generating mechanism. For the exact values of the RMSE, see
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Figure 3.6: Confidence interval width and coverage of the methods used for the hypothetical strategy, along
with the confidence interval as error bars.

displays the confidence interval widths and coverage probabilities. Compared to the treatment policy
setting, greater variability in both interval width and coverage is observed across methods. In particular, IPW
tends to produce wider intervals compared to the other methods consistent across scenarios. The CI width is
markedly lower for the reduced treatment effect scenario (RTE) across all methods due to the higher sample
size. DM has a markedly lower CI width than the other methods for the increased rescue probability scenario
(MR) and has consistently the lowest CI width across scenarios. MI has wider CIs than MMRM and GCOM.
GCOM has the lowest CI width after DM except for the scenario with increased rescue probability (MR) where
it is outperformed by MMRM.

Confidence interval coverage in remains close to nominal 95% levels, especially for IPW and MMRM,
which perform markedly better than DM, GCOM, and MI with almost always lower than the nominal coverage
probability. DM often has the lowest coverage probability which is particularly low for the scenario with increased
rescue probability (MR and MR _null). But also for high missingness (HM) and a reduced treatment effect (RTE)
the coverage probability is particularly low for DM and GCOM. This is consistent with the low CI width observed
for DM and GCOM where the low width comes at the cost of a low coverage probability. DM has a substantial
drop in coverage probability for the increased rescue probability scenario (MR) consistent with the high observed

bias. For the exact values of the coverage, see

83



0.100 - 1.00
0.075+ 0.75-
L; z L}
i e wr ' ] b
g s
£ ooso- g
§ } { 5 050+ F1L)
o095 LTb bt hg h {I i) i ﬁ} {T}
52 11t + T T T 025
0.000 -
T ! 0.00+
&° & & & & & & & & © & & & & & &
Scenario Scenario
Method —e— DM —e- GCOM —e- IPW —e— MI MMRM Method —e— DM —e— GCOM —e— IPW —e— MI MMRM
(a) The type I error rate of the methods. (b) The power of the methods.

Figure 3.7: The type I error rate and power of the methods used for the hypothetical strategy, along with the
confidence interval as error bars.

presents the empirical type I error rates and power. shows that there are mostly only
slight increases in type I error rate. The inflation in type I error is highest for the increased rescue probability

scenario (MR_null) but below 0.04 (see [Table B.5) and generally lower for MMRM and IPW than for MI, DM
or GCOM. DM and GCOM are slightly inflated across scenarios. IPW performs best in controlling type I error
rate across scenarios while under increased rescue medication (MR) there also is an inflation for MMRM. For

the exact values of the type I error rate, see

Power is depicted in The methods perform very similar concerning power with MMRM having a
slight but consistent advantage over all scenarios. Only in the rescue on top (ROT) scenario MMRM is slightly
outperformed by DM. The higher power of MMRM is most pronounced in the scenarios with increased rescue
probability (MR) and high missingness (HM) where the other methods display considerably decreased power.

For the exact values of the power, see

Considering only the methods applied for both the treatment policy estimand and the hypothetical estimand,
modelling assumptions, such as missing at random (MAR), are more prone to violation under the hypothetical
estimand. This is due to the fact that the missingness is higher since outcomes after initiation are set to
missing as well. This is the general pattern, since data for the treatment policy estimand always contains less
than or equal amount of missingness compared to the data for the hypothetical scenario. However, in cases
with high missingness, model assumptions are also of concern when applying the treatment policy estimand.
This discussion also highlights the fact that the missingness due to the intercurrent event of receiving rescue
medication and the actual missingness due to withdrawal are pooled and treated as one single censoring process.

The DM can provide improved bias or power properties for rescue on top scenarios (ROT) and strong HbAlc
effect on rescue scenarios (PV) when correctly specified, but may be more sensitive to misspecification. When
the proportion of intercurrent events is moderate and the underlying assumptions are approximately satisfied,
MMRM and IPW may provide adequate estimates, with results broadly comparable to those obtained using
more complex causal inference approaches.

The findings from this part of our study can be compared to the results presented in the paper Estimating hypo-
thetical estimands with causal inference and missing data estimators in a diabetes trial case study by |Olarte Parra
et al. (2025). A key finding of |Olarte Parra et al.| (2025) is that the different estimators (MMRM, MI, IPTW,
G-formula, and G-estimation) yielded broadly similar treatment effect estimates and standard errors across
methods. This is consistent with the results observed in the present simulation study, where all methods show
very similar performance in terms of bias, coverage, and type I error, indicating robustness when assumptions
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Table 3.4: This table shows the messages received through the simulation run with 10,000 iterations, presented

by their frequency.

Scenario | logistf | non convergence | separation | logged events
CS 2 3 1018 20000
NC 0 0 635 19995
RTE 0 0 0 17000
MR 0 4 540 18804
PV 3 4 870 20000
ROT 0 1 1075 19999
NM 0 0 7 20000
HM 1 0 68 20000
CSnull 0 1 668 19998
NC_null 0 0 272 19982
RTE_ null 0 0 0 15973
MR _null 0 2 393 18102
PV_null 8 3 580 20000
ROT null 0 1 655 20000
NM_null 0 0 1 19998
HM _null 0 0 20000

are approximately satisfied. In the edge cases of the assumptions, for instance in the MR, PV and HM scenario,
the performance of the methods are less robust, producing unbiased estimates and have increased RMSE. In
Olarte Parra et al.| (2025)), IPTW produces estimates similar to MI and MMRM but with slightly larger standard
errors due to the variability introduced by weighting. This pattern is also observed in our simulation results,
where IPTW tends to show increased variability. However, in our simulation study, greater differences between
methods are observed under the hypothetical estimand. While |Olarte Parra et al.| (2025) also report some
variability across estimators, particularly for certain implementations of the G-formula, the overall agreement
in their case study is stronger. This difference may be explained by the relatively low proportion of intercurrent
events and missing data in their trial dataset, limiting the impact of modelling assumptions.

3.5.3 Warning messages encountered during the simulation run.

Even though it was aimed to eliminate warnings by introducing fallback options for example, we still received
some messages from the simulation run. [Table 3.4] reports the frequency of messages encountered during the
simulation runs, most notably those related to model fitting procedures.

The most pronounced message received during the simulation run is the message categorised as logged events in
and this is a message from the mice package. Whenever an imputation model is used, and two of the
predictors are collinear, it collects this in the logged events. It is not surprising, that this occurs a lot of times,
given that for every data set the multiple imputation by chained equations is performed 3 times.

The second most pronounced message is categorised as separation in[Table 3.4] and it reads: glm.fit: fitted
probabilities numerically O or 1 occurred. This occurs in the IPW implementation, but an investigation
of this warning showed that this is only the case for non-observed individuals. That is, the weights that are
carried to the analysis does not explode due to this message.

The other warnings occur less than 10 times in 10000 iterations, and are hence not of a concern. Furthermore,
other warnings, such as non-convergence of models or issues arising in penalised regression procedures (i.e.
Firth logistic regression fits), occurred only rarely and were not systematic across scenarios. Overall, the low
frequency of these warnings indicates that the implemented estimation procedures are numerically stable in the
vast majority of cases, although care is required in scenarios approaching positivity violations.
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Table 3.5: Descriptive table with visit specific rescue medication use and missingness

Treatment | Visit | n | Mean HbAlc | Rescue in % | Missingness in %
0 0] 51 8.14 0.00 0.00
0 1151 8.18 0.00 1.96
0 2|51 8.11 2.00 1.96
0 3|51 8.26 4.00 1.96
0 4 | 51 8.39 4.00 1.96
0 5| 51 8.22 4.00 1.96
0 6 | 51 8.51 8.00 1.96
0 7|51 8.34 8.00 1.96
0 8 | 51 8.44 10.00 1.96
0 9151 8.23 10.20 3.92
0 10 | 51 8.20 12.24 3.92
0 11 | 51 8.54 14.58 5.88
0 12 | 51 8.37 14.58 5.88
1 0 | 47 8.08 0.00 0.00
1 1| 47 7.99 2.13 0.00
1 2 | 47 7.91 2.13 0.00
1 3| 47 7.87 4.25 0.00
1 4147 7.87 4.25 0.00
1 5 | 47 7.82 4.25 0.00
1 6 | 47 7.71 6.38 0.00
1 7|47 7.98 6.38 0.00
1 8 | 47 7.92 8.70 2.13
1 9| 47 7.81 8.70 2.13
1 10 | 47 7.99 8.89 4.25
1 11 | 47 7.86 13.33 4.25
1 12 | 47 7.89 13.33 4.25

3.6 Case study

Below is a presentation of one instance of the data generating mechanism under the core scenario and the
application of the presented analysis methods. Data is generated with the parameters from the core scenario.
Summary of visit specific variables grouped by visit and treatment received, such as the proportion of patients
receiving rescue medication, the proportion of missing observations, and the mean of the outcome variable, can

be found in [Table 3.5

By the final visit, the cumulative amount of rescue medication use reaches approximately 14%. Similarly, the
proportion of missing data increases gradually over time and remains moderate, reaching approximately 5% at
the final visit. From the table it is clear to see the monotone mechanisms in both use of rescue medication and
missingness.

The groups are fairly equal measured on the randomisation, with 51 control group patients and 47 treatment
group patients. For a visual insight in how the mean HbAlc progress over time, see This figure also
contains all the individual trajectories of the patients. It is clear to see that there is a lot of variation in the
individual paths, which is of course also something that the models are required to handle. This would not be
expected in a real conducted diabetes trial, due to the natue of the HbAlc biomarker, which can be interpreted
as the mean level of blood sugar over the last three months. However, since this is just a trial with a continuous
endpoint, and one can imagine a more versatile endpoint, this is not impossible in practice.

In the results of the methods are presented. The code for the analysis functions can be found
in the public project repository at https://github.com/CI-RCT-Sim/CI.RCT.Sim, in the files named anal-
yse_diabetes XX.R, where XX is the analysis method.
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Figure 3.8: Trajectories for the patients in the treatment and control group respectively.

Table 3.6: Table with analysis output for each method

method Estimate | Standard error | 95% CI lower | 95% CI upper | p-value
ipwtp -0.485 0.183 -0.848 -0.121 0.005
mmrmtp -0.483 0.179 -0.839 -0.127 0.008
mitp -0.465 0.181 -0.825 -0.106 0.006
ipwhyp -0.553 0.200 -0.951 -0.155 0.004
dmhyp -0.573 0.178 -0.923 -0.224 0.001
gcomhyp 20.568 0.206 20.948 0.122 | 0.010
mmrmhyp -0.580 0.191 -0.959 -0.200 0.003
mihyp -0.511 0.200 -0.913 -0.109 0.007

The true treatment effect in the treatment policy setting is -0.442 in the core scenario, as can be seen in[Table B 1]
and the true hypothetical treatment effect is -0.492. What is seen in this illustrative data set is, that all estimates
are more negative than the simulated effect. They are quite similar in standard error. It is not surprising that
the more negative estimates of the true treatment effect in this case also leads to rejection of the null hypothesis
by all the analysis methods, as well as none of the confidence intervals contains an estimate of 0. From the
trajectories in it is also clear to see that the two groups split quite early. One could maybe imagine
two groups that are more similar, and then the treatment effect could be harder to detect.

3.7 Discussion

Taken together, the results indicate that under the treatment policy estimand, all investigated methods provide
approximately unbiased and comparably precise estimates for moderate missingness. In contrast, under the
hypothetical estimand, both bias and variability increase and differ more strongly between methods. Perfor-
mance deteriorates particularly in scenarios with high missingness (HM) for both estimands or increased rescue
probability (MR) for the hypothetical estimand. The results suggest that MMRM is slightly more robust in
these scenarios than the other methods. These results are aligned to what was observed in |Siddiqui (2011)) for
missing data, where the MMRM approach appears to be a better choice in maintaining statistical properties of
a test (e.g. type I error rate, power) as compared to the MI approach in dealing with ignorable missing data of
clinical trials.
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For both estimands it was observed that the methods struggle more and hence show more varying performance
in the scenarios with higher missingness. An investigation showed that the 5% missingness that was aimed for
was reached, as one could also tell from[Table B.1] But this investigation also showed that the distribution across
arms was similar, ranging from 20-45% more prevalent in the control group compared to the treatment group,
both when it comes to missing data and rescue medication initiation. When the impact is similar in the two
groups, the adjustment and modelling has little relevance, which could possibly explain the lack of differentiation
in the performance of the methods.

Type I error rate control seems adequate for all methods for the treatment policy estimand and for MMRM,
MI and IPW for the hypothetical estimand except under the increased rescue probability (MR) scenario where
only IPW achieves adequate control. For the hypothetical estimand DM and GCOM seem consistently slightly
inflated. Methods perform very similar concerning power. For the hypothetical estimand DM has a slight
advantage in the rescue on top scenario (ROT), else the MMRM method achieves highest power and IPW
performs second best in most scenarios.

The findings of this simulation study can be contrasted with the results reported by |Olarte Parra et al.| (2025)),
who investigated estimation methods for a hypothetical estimand in a diabetes trial case study. Similar to our
findings they observed that the different estimators (MMRM, MI, IPTW, G-formula, and G-estimation) yielded
broadly similar treatment effect estimates and standard errors across methods. However, in our simulation study,
greater differences between methods are observed for the hypothetical estimand. Parra et al. concluded that MI
or causal methods are generally preferable when time varying covariates matter, however, without proof in their
simulations (e.g. higher power). In our simulations the MMRM always performs better, even with high rescue,
which could be explained by the sparse data generating mechanism, that did not include many time varying
covariates except for the outcome under investigation. The specification of the data generating mechanism can
influence the interpretation as well, since the functional forms of the models were inspired by the data generating
mechanism and vice versa. As previously mentioned, one should be aware that the results of this simulation study
should be interpreted within the context of the specific estimands and data-generating mechanisms considered.
They are not intended to generalise to other settings where the causal structure, intercurrent events and handling
strategies, or modelling assumptions differ.

Especially in the rescue on top (ROT) scenario DM is performing very well with almost no bias and the highest
power. This is in agreement with findings in [Lasch et al,| (2023]). However, the overall and general conclusion
from this study which often favours MMRM is not in agreement with this source. Differences between the present
results and previous studies should be interpreted in light of differences in estimand definitions, data-generating
assumptions, and modelling strategies, rather than as contradictions.

In summary, the results of this simulation shows the similarity of estimator performance under favourable
conditions, especially for the treatment policy estimand. For the hypothetical estimand, MMRM often has
smaller bias and higher power, while IPW has better type I error control in the increased rescue probability
scenario. Therefore, IPW might be preferable when type I error control under increased rescue probability is
prioritized; MMRM is competitive for bias, RSME, and power in many scenarios.
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4 Scenario 3: Preventive vaccine efficacy trial, principal stratum
strategy, binary endpoint

In this scenario class, we consider a randomised, placebo-controlled preventive vaccine efficacy trial for a seasonal
infection. The vaccination regimen consists of two doses administered 14 days apart (a prime-boost schedule).

In this setting we consider the impact of the intercurrent event that some participants may not complete the two-
dose regimen for various reasons (e.g. due to reactogenicity following the first dose). This results in a mixture of
participants receiving only dose 1 versus participants completing the full regimen. We allow for partial vaccine
efficacy after dose 1 and a larger full-regimen vaccine efficacy after dose 2. The focus of the simulation is
on evaluating causal inference methods that target an effect among participants who would complete the two-
dose regimen irrespective of randomised assignment, while allowing for realistic dependence between regimen
completion and outcomes through the ICE process.

We limit our investigation to a setting in which the force of infection is effectively zero during the first two weeks
after dose 1, to avoid additional complications from pre-dose 2 infections and to isolate the impact of compliance
effects; this corresponds, for example, to a trial initiated in a pre-season period when infection pressure is
negligible, with the force of infection increasing to a low but non-zero level after day 14 for the remainder of
follow-up.

Estimand: The considered estimand has the following relevant attributes:

Endpoint: Indicator of whether infection occurred during trial follow-up.

Treatments: Vaccination versus placebo.

e Summary measure: Vaccine efficacy (VE), defined as 1 minus the risk ratio.

Population: Participants who would complete the two-dose regimen under either treatment assignment
(the principal stratum of always compliers).

Intercurrent event: Non-completion of the vaccination regimen due to failure to receive dose 2 by day 14
(e.g., following an AE).

Intercurrent event strategy: Principal stratum strategy, targeting the effect among those who would com-
plete the two-dose regimen under either treatment assignment.

The following causal inference methods are applied in the simulation:
e Instrumental variable (IV) approach using a two-stage Poisson regression (Bowden et al., 2021)).

e Principal score weighting (Jo and Stuart, [2009), in two variants: with and without inclusion of the principal-
score covariates in the outcome model.

As comparator method we estimate vaccine efficacy using a binomial model (Nauta, |2020) restricted to the
(observed) study population of participants that fully adhere to the vaccine schedule. In practice, this is what
is frequently used as a primary analysis to estimate the biologic effect (Beckers et al.l |2025]) as suggested in the
Guideline on the Clinical Evaluation of vaccines (European Medicines Agency (EMA)| 2023)). In line with [Horne
et al.| (2000), we refer to this analysis as per-protocol analysis, acknowledging that in practice other deviations
(e.g. use of protocol prohibited medication) may occur that might warrant a different approach than simple
exclusion from the analysis set (Beckers et al.l 2025).

Principal strata and interpretation: Regimen completion is defined as receipt of the second dose at day 14.
The principal strata are defined in terms of potential regimen completion status under both treatment assign-
ments:

e Always compliers: individuals who would complete the two-dose regimen under both vaccine and placebo.
e Vaccine compliers: individuals who would complete the regimen under vaccine but not under placebo.

e Placebo compliers: individuals who would complete the regimen under placebo but not under vaccine.
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Figure 4.1: Assumed causal structure linking the randomly allocated treatment (A), confounders (V, W),
compliance variable (C'), and the binary outcome (Y).

e Never compliers: individuals who would fail to complete the regimen regardless of assignment.

The estimand of primary interest targets always compliers, as this is the group for whom the causal effect of
completing the full two-dose regimen is most directly interpretable.

In the data-generating model, the force of infection is set to zero up to day 14, so infections do not occur before
the regimen completion decision is made. This avoids additional complications arising from early infections prior
to the second dose.

Identification and assumptions: Membership in the principal strata is not directly observable, since each
participant’s regimen completion status is only observed under the assigned treatment. Identification of vac-
cine efficacy within the always complier stratum therefore relies on assumptions implied by the specified data-
generating model and the chosen parameter values. Compliance is modelled dependent on baseline marker
status and treatment assignment (e.g. imagining some marker related AE as a trigger of the intercurrent event
of non-compliance). In the simulation, this marker-dependent compliance mechanism is the primary source
of information available to analytically distinguish the principal strata and to estimate the targeted principal
stratum estimand using the proposed methods (e.g. via principal score modelling and IV-type approaches), con-
ditional on the selected parameter values. In addition, we assume in the main scenarios that infection status is
ascertained without diagnostic misclassification (i.e. perfect sensitivity and specificity of case detection). While
outcome misclassification can be relevant in vaccine trials, it is not considered in the present simulation study.

Missing data: In this simulation scenario, we do not model missing primary endpoint data (e.g., loss to
follow-up or withdrawal of consent) and assume complete ascertainment of infection status at the end of follow-
up. This choice is made to maintain focus on the study objective—quantifying the impact of (informative)
non-compliance with the two-dose regimen and comparing estimators for the corresponding principal stratum
estimand—without introducing additional mechanisms that would require separate parametrisation and could
confound interpretation of compliance-related effects.

4.1 Data generation

For data generation in this scenario, we consider a simple vaccine trial set-up with a binary primary endpoint
(infection by end of follow-up), derived from an underlying time-to-event process, and the intercurrent event of
not receiving the second dose. The corresponding causal structure is illustrated in Figure 4.1

We assume that participants ¢ = 1,...,n are randomised between a vaccine and a control treatment. Treatment
assignment is indicated as A; € {0,1}, with A; = 1 indicating vaccine treatment and A; = 0 indicating control.

Dose 1 is administered at time ¢ = 0. The second dose is scheduled 14 days later, i.e. at t = 14 days. Participants
are followed until administrative end of study at time 7 (e.g., 7 = 180 days), or until infection occurs.
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Confounders

The simulation includes two binary baseline markers V;, W; € {0, 1}, which may act as a prognostic factor and/or
an effect modifier. We generate

Vi ~ Bernoulli(py), W, ~ Bernoulli(pw ),
independently.

We consider V; to potentially be prognostic for both intercurrent event and infection risk and W; to, additionally,
have effect modification potential. To evaluate method performance under various situations of observed and
unobserved confounding and/or effect modifying variables, we consider scenarios where either V;, W;, or both
are observed.

Force of infection

The force of infection (i.e. baseline incidence rate) is represented through a baseline hazard that is zero in the
first two weeks and constant thereafter. We define

0, 0<t<I14,
Ao(t) =
)\post7 U<t

where Apost is chosen to reflect realistic incidence scenarios (e.g., corresponding to 1 in 500, 1 in 1000, or 1 in
2000 patient-years).

Compliance

Compliance with the vaccination schedule is defined as taking both doses, i.e. receiving dose 2 at day 14. Let
C; € {0,1} denote compliance, where C; = 1 indicates that participant ¢ receives dose 2 and C; = 0 indicates non-
compliance. Conceptually, non-compliance can be viewed as being triggered by some event occurring between
dose 1 and dose 2 (e.g. reactogenicity or other adverse events), but for data generation we model compliance
directly as a binary outcome.

We model compliance as a deterministic function of the potential treatment condition a € {0, 1}, the baseline
covariates (V;, W;), and a participant-specific latent variable U;. Specifically, let p(a, V, W) be a compliance-
propensity function taking values in [0, 1] and C(p,U) a compliance function taking values in {0,1}, and write

pi(a) := p(a, Vi, Wy), Ci(a) := C(pi(a), U;),

where higher propensities imply a higher probability to comply. We refer to C;(a) as potential compliance under
a (possibly counterfactual) treatment status a € {0,1}. The propensity function is specified by the logistic
model

logit{p;(a)} = vo + yw Wi + WwVi + vaa + yawaW,. (1)

Note that the compliance propensity is deterministic and can be evaluated for either potential treatment con-
dition a for each individual given their covariate information. The parameters v, vyw, Yv, and yaw allow
compliance propensities to differ between treatment groups, marker status, and risk class, respectively; for
simplicity we only include an interaction between potential treatment condition a and W;.

As an example interpretation, V; may represent membership in a specific risk group (e.g. healthcare workers)
which may be associated with higher infection risk but also higher willingness to comply with the vaccination
schedule (modelled through ~y > 0). W; may represent an (unobserved) immune-responsiveness (reactogenic-
ity propensity) trait, where W; = 1 indicates higher reactogenicity (reducing compliance in vaccinated, e.g.,
yw = 0 and yaw < 0) and potentially stronger vaccine-induced protection (effect modification). While such
immune-responsiveness may typically be unobserved, in practice it could be approximated by observed base-
line characteristics that are associated with both reactogenicity and immune response, for example sex (and/or
younger age group).
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Coupled generation of potential compliance outcomes. We generate potential compliance outcomes
using a participant-specific latent threshold variable

U; ~ Uniform(0, 1),

generated once per participant and held fixed across potential outcomes. Potential compliance is then generated
as

Ci(a) = 1{U; < pi(a)}, a € {0,1}. (2)
This construction ensures that, conditional on (V;,W;), C;(a) ~ Bernoulli{p;(a)} marginally over U; (i.e.
Pr(Ci(a) = 1 | a,W;,V;) = pi(a)), while the pair (C;(0),C;(1)) is coupled through the common U;. The
observed compliance indicator is

This ensures that for p;(0) > p;(1) the corresponding potential compliance outcomes satisfy C;(0) > C;(1) (and
vice versa), which under appropriate parameter settings induces monotonicity (e.g. assuming that participants
who would comply under treatment would also comply under control).

Infection hazard

The individual infection hazard \;(t) is specified via a proportional hazards model driven by Ag(t). The baseline
hazard Ag(t) is modelled as a piece-wise constant function with Ag(¢) = 0 for ¢ < 14 and Ao(t) = Aposs > 0 for
t > 14. Vaccine protection is allowed to differ depending on whether only dose 1 is received or the full two-dose
schedule is completed. Let C; denote compliance with dose 2 (i.e. receipt of dose 2 at day 14). We write

Ai(t) = Ao(t) exp (BVVi + BwWs + A; 9i<t))a (3)
0;(t) = 6 (W;) + 1(t > 14) ci{9<2>(wi) _ 9(1)(Wi)}, (4)
0Dy =85 + 850 Wi, def1,2) (5)

Here, 89 (W;) denotes the dose-specific treatment effect on the log-hazard scale for subjects with baseline marker
value W;, allowing the main vaccine effect to differ after dose 1 versus after dose 2 through 61(41) and ﬂf). Effect

modification by the marker is governed by the interaction parameter 6%21,. For simplicity we consider only two

types of scenarios where either 51(41) = S‘ZV =0 and 5,(423[/ = Baw, indicating that only subjects receiving both
doses achieve some protection, or 61(41) < 0 and 61(413[, = 1(4231, = Baw, assuming that effect modification does

not depend on dose status. In particular, for dose status d € {1,2} we have #(?(0) = ﬁ;d) for marker-negative

subjects and (9 (1) = ff) + Baw for marker-positive subjects.

The time-varying term 6;(t) equals (1) (W;) prior to day 14 and switches to #()(W;) from day 14 onwards
only for participants who receive dose 2 (C; = 1); otherwise it remains (1) (WW;). The parameters fy and By
represent prognostic effects of V; and W;, respectively; if these prognostic effects are not required they are set
to zero.

Event-time generation and observed endpoint

Event times for infection and the intercurrent event are generated using inverse-CDF sampling under the models
specified above.

For each participant, we simulate baseline markers V; and W;. Compliance with dose 2 C; is then generated
according to the logistic model above and the infection time T; under the corresponding infection hazard \;(t).

The observed binary infection endpoint is defined as
Yi = ]]-(Tz S T)v

i.e. Y; = 1 if infection occurs before administrative end of follow-up at time 7, and Y; = 0 otherwise.
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4.1.1 Sample size
The per-group sample size was chosen to provide approximately 80% power for the super-superiority test of
VEac > 30%, assuming a true vaccine efficacy of 70% after the second dose, under the post-day-14 incidence
rate Apost. At incidence levels of 1/500, 1/1000, and 1/2000 per patient-month, this resulted in 3815, 7639, and
15287 participants per treatment group, respectively.
4.1.2 True treatment effect
Define the principal stratum of always-compliers as
Sac ={C(0) =1, C(1) = 1}.
Under the coupled compliance generation C'(a) = 1{U < p(a | V,W)} with U ~ Unif(0, 1), where
logit {p(a | v,w)} = 70 + yww + v + yaa + yawaw,

we have

Pr(Sac | v,w) = m(v, w), m(v,w) := min{p(0 | v,w), p(1 | v,w)}.
Hence, using Pr(V = 1) = py, Pr(W = 1) = py and independence of V' and W, the stratum distribution is

Pr(V =v)Pr(W = w) m(v, w)

EU’E{O,I} Zw’e{o,l} PI‘(V = UI) PI‘(W = wl) m(v’, w/) .

Pr(v,w | Sac) =

Let A =7 — 14. Because A\g(t) = 0 for ¢ < 14 and Ag(t) = Apost for 14 < t < 7, the infection risk by 7 for the
control group a = 0 is given by

mo(v,w) :=Pr{Y(0) =1 | v,w,Sac} =1 — exp( — Apost A eﬁ"”+ﬂww).

For a = 1 (vaccine), always-compliers satisfy C(1) = 1 and therefore receive the dose-2 effect from day 14
onward, i.e. 0 (w) = f) + Bf‘sz, yielding

m(v,w) =Pr{Y (1) =1]|v,w,8sc}=1-— exp( — Apost A eBV”+BW’”+9(2)(“’)>.

The true principal-stratum risks are obtained by standardisation over (V, W) within Sac:
Pr{Y(a) =1[Sac= > > ma(v,w)Pr(v,w|Sac), ac{0,1}.
ve{0,1} we{0,1}
The true relative risk (RR) in always-compliers is then

_ Pr{Y(1) =1]8ac}
RRAC = 5 (0 = 1 [Saa)”

and the corresponding vaccine efficacy is computed as VEpc = 1 — RRac.

4.1.3 Simulation scenarios and parameter ranges

We organise simulations into a small number of scenario classes that vary key features affecting identifiability and
robustness, while avoiding an exhaustive factorial combination of all parameter values. The parameter values
shown in Table should be viewed as interpretable suggestions; where needed, they were calibrated within
the implemented data-generating models to achieve realistic target quantities such as overall compliance and
cumulative incidence. Where informative, we also expanded the parameter ranges in Table beyond the pri-
mary, realistic settings to construct “stress-test” scenarios expected to challenge assumptions and induce method
failure. The parameter values actually used in each scenario class are reported in the corresponding subsection of
the results ; the full set of investigated configurations, including additional scenarios not shown
there, is provided as supplemental spreadsheets (results_vaccine_scenarios_[scenarioname] .x1sx).
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e Scenario Al: Benchmark (no heterogeneity; compliance independent of treatment). Baseline
markers are inactive and compliance is generated to be similar across randomised arms. This scenario
provides a reference setting where reference analysis methods are expected to perform well, and operating
characteristics are primarily driven by the incidence and efficacy settings.

e Scenario A2: Compliance driven by vaccination (treatment-dependent compliance, no base-
line confounding). Baseline markers remain inactive, but compliance differs by randomised assign-
ment, e.g. representing intercurrent events that occur primarily in the vaccine arm. This scenario isolates
the impact of treatment-dependent compliance on estimation and testing, without introducing baseline
covariate—driven confounding.

e Scenario B: Prognostic-only baseline heterogeneity via V. V is active as a prognostic factor for
infection risk and may also influence compliance, while W remains inactive. This scenario class evalu-
ates method performance under baseline risk heterogeneity that is not intrinsically related to differential
compliance or vaccine benefit. A realistic motivating example is a subgroup with higher exposure and
infection risk but also higher compliance (e.g., healthcare workers), which can be represented by allowing
V to increase.

e Scenario C: Predictive-only heterogeneity via W (effect modification without baseline prog-
nostic impact). W is active only through heterogeneity in vaccine protection and may impact compliance
in vaccinated individuals, but is assumed not to affect baseline infection risk and compliance. This reflects
settings where a baseline factor is predictive of vaccine benefit and potentially compliance under vaccina-
tion, while not being prognostic for infection in the absence of vaccination. This scenario can be motivated
by a subset with higher propensity for adverse events (e.g., reactogenicity) that reduces dose-2 compliance,
while simultaneously being predictive of stronger vaccine-induced protection (i.e., higher vaccine efficacy
in that subset).

e Scenario D: Combined V+W scenario (concurrent prognostic and predictive heterogeneity).
A targeted combined scenario was included where V drives baseline risk and compliance heterogeneity
and W drives protection and compliance heterogeneity. This scenario was intended as a representative
stress-test and was not implemented across the full combination of all parameter options.

¢ Additional complex and stress-test scenarios. Additional scenarios were analysed outside the main
A-D structure to evaluate robustness under more challenging or less central conditions. These include
lower infection incidence, near-positivity violations due to very high or very low compliance in marker-
defined subgroups, stronger treatment-dependent non-compliance, stronger dose-one protection among
non-compliers, and combinations of unobserved prognostic and predictive markers.

e Observed-data variants. Robustness to limited covariate availability was assessed by reanalysing the
same simulated datasets under different observed covariate sets (e.g., observing both markers, only one,
or neither). This induces residual confounding and/or effect-modification, without requiring separate data
generation.

Across these scenario classes, incidence and efficacy settings (and, where applicable, compliance patterns) were
varied in a small number of interpretable configurations, using Table as a starting point and calibrating as
needed to maintain realistic operating characteristics consistent with the causal data-generating assumptions in
Figure [{1] Scenarios B and C are used to develop case studies for illustration, as described in Section 6.2 in
Ristl et al.| (2026).

4.2 Analysis methods

Let Sac denote the principal stratum of always compliers. The vaccine efficacy in this stratum is

Pr{Y(1) = 1| Sac}

VEpc =1-— .
AC Pr{Y(0) = 1| Sac}

This estimand represents the causal proportionate reduction in infection probability among those who would
comply with the vaccination schedule under either assignment.
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Table 4.1: Simulation parameters for the preventive vaccine trial data-generating model.

Parameter  Short description Scenario values
Chosen to provide ~ 80% power to demonstrate
n Total sample size > 30% VE assuming a vaccine efficacy of 70%
under given incidence rate Apost
pv Prevalence of baseline marker V; (0, 0.10, 0.30)
PW Prevalence of baseline marker W; (0, 0.10, 0.30)
. Chosen to match incidence (patient-month) level:
Apost Baseline hazard after day 14 (1/500, 1/1000, 1/2000)
Bv E;;fi?s(ﬁfg?gg; of V" on infection log(1.5) = 0.405, or 0 for no prognostic effects.
Bw E;fo(?s(ﬁfg?g;c)t of W on infection log(1.2) = 0.182, or 0 for no prognostic effects.
@) le;’HfszZ Zi;fﬁfefgﬁ(cgiaf;er Y Ghosen to yield VE of (0%, 50%, 70%, 90%).
. Chosen to yield (never-complier) VE of
One-dose vaccine efficacy (pre-day ) 2)
1) 14§ i (0%, 30%, 50%, 60%) for corresponding 3", or
A or all; post-day 14 for : )
non-compliers) 0% throughout for scenarios assuming no effect of
Dose 1
Baw Ecﬁrf)(;z gl(;)silzi;::;ll(:)l by W (common log(0.8) = —0.223, or 0 for no effect modification.
Baseline compliance Chosen to achieve typical two-dose completion
o p (=~ 95% overall), given the remaining + parameters.
Treatment effect on compliance —0.357 (Odds Ratio ~ 0.7) or 0 for no treatment
74 (log-odds) effect on compliance.
Effect of V' on compliance 0.5 (Odds Ratio ~ 1.65), or 0 for no impact on
v (log-odds) compliance.
Effect of W on compliance —0.8 (Odds Ratio = 0.45), or 0 for no impact on
w (log-odds) compliance.
N Interaction of treatment and W on  —0.3 (Odds Ratio a 0.74), or 0 for effect
AW

compliance (log-odds)

modification.
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For all methods, the analysis is restricted to information actually available in a given scenario: when a marker
is treated as unobserved, it is not included in any analysis model. Scenarios with different observed/unobserved
configurations are analysed in analogy.

Testing procedure (super-superiority test). All three methods test the super-superiority hypothesis
Hy: VEAc <0.3 versus Hp:VEac > 0.3

on the log relative-risk scale, one-sided at the 2.5% significance level. The 0.3 threshold matches the addition
of VE = 30% to the parameter grid (see [subsubsection 4.1.3). Empirical type I error is therefore evaluated
under scenarios with true VE5¢ = 0.3, and empirical power under scenarios with VEAc > 0.3. Note that, as
a consequence, scenarios with true VEa¢ < 0.3 (including VEA¢ = 0) are expected to yield empirical rejection
rates well below the nominal level.

4.2.1 Instrumental variable (IV)

The instrumental variable approach uses randomised treatment allocation as the instrument for actual receipt
of the full vaccination regimen. This approach identifies principal stratum effects under the assumptions of
relevance, randomisation, the exclusion restriction, and monotonicity, and does not rely on no unmeasured
confounding (Bowden et al., [2021; [Angrist et al., [1996; |Jiang and Ding} [2021; [Frangakis and Rubin 2002).

Let T; = 1(A4; = 1,C; = 1) denote the endogenous treatment variable indicating receipt of the full two-dose
regimen, with A; used as the instrument. Where available, the observed baseline markers V; and W; enter the
analysis as exogenous covariates.

In the protocol, a linear two-stage IV estimator using ivreg::ivreg was proposed. In preparatory runs this
estimator was found to be systematically biased for the risk-ratio target on which vaccine efficacy is defined,
suspected to be due to using a linear model for a binary outcome on the risk-ratio scale. The estimator was
therefore replaced by a custom two-stage implementation with a Poisson outcome model in the second stage
(Mullahy}, (1997)). Specifically:

1. Stage 1. A linear regression (via 1lm.fit) of T; on the instrument A; and the included exogenous covariates
yields fitted values T;. The intercept and the exogenous covariates are passed through stage 1 unchanged
(i.e. they enter stage 2 as themselves).

2. Stage 2. A Poisson regression with log link of Y; on ﬁ and the same exogenous covariates is fitted.
Vaccine efficacy is estimated by contrasting the marginal predicted risks at 7; = 1 and T; = 0, obtained
via emmeans: : emmeans on the response (risk-ratio) scale.

The point estimate is \//TEIV =1 —/R/—\F\{I\h and confidence interval limits are obtained by transforming the
asymptotic confidence limits for log RRpy returned by emmeans. The super-superiority test is performed by
emmeans with null= log(1l — 0.3) on the log-RR scale, one-sided.

4.2.2 Principal score weighting

The principal score approach (Jo and Stuart), [2009) approximates the causal effect among always compliers by
reweighting observed compliers in the control arm. The approach relies on principal ignorability (stratum mem-
bership independent of potential outcomes conditional on the observed covariates) and monotonicity. Following
Jo and Stuart| (2009), monotonicity is imposed in the direction of no vaccine compliers: vaccination does not in-
duce regimen completion in anyone who would not also complete under control, i.e. C;(1) < C;(0), corresponding
to Y4 +7vawW; < 0 in the data-generating model. Under this assumption the treated compliers (4; =1, C; = 1)
are exactly the always compliers, whereas the control compliers (4; = 0, C; = 1) are a mixture of always com-
pliers and placebo compliers. The always-complier effect is therefore identified by taking the treated compliers
as observed and reweighting the control compliers to the always-complier covariate distribution.

The principal score model is a logistic regression of compliance C; on the observed baseline markers, fit using
treated participants only (in whom C; corresponds to C;(1)):

logit{Pr(C; = 1| X;)} = o + 8" X,
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where X, contains the observed subset of {V;, W;}. An intercept-only model is used when neither marker is
observed. The fitted model predicts p; = f’\r(Cl(l) = 1| X;) — under the assumed monotonicity, the probability
of always compliance — and the corresponding principal-score odds 0; = p;/(1 —p;) for all participants. Weights
are assigned as

1, Ai=1,0 =1,

07 Al = 17 CZ = Oa
w; =

0, A;=0, C;=0,

0;, A;=0,C;=1.

Two variants of the outcome model are considered, both fit as weighted logistic regressions of Y; on A; with
weights w;:

1. Unadjusted outcome model. The outcome model contains only the intercept and A;. This is the
procedure as originally specified in the protocol.

2. Adjusted outcome model. The outcome model additionally contains the same observed baseline mark-
ers as the principal-score model. This variant was added during implementation and follows the spirit of
doubly-robust weighted-regression approaches (Bang and Robins, [2005]).

Marginal predicted infection risks under A = 0 and A = 1 are obtained from the weighted outcome model using
emmeans, with the contrast taken on the log scale to give the estimated risk ratio RRPS Vaccine efficacy is
VEPS =1- RRPS Confidence intervals are obtained by transforming the asymptotic limits for log RRps, and
the super-superiority test is performed on the log-RR scale as in the IV analysis.

4.2.3 Per-protocol analysis

In practice, the primary analysis for vaccine efficacy is usually based on the per-protocol set (Horne et al., [2000;
Baden et al} 2021} [Polack et al.,|2020)). As comparator method, we, therefore, estimate vaccine efficacy restricted
to participants who adhere to vaccination according to their observed compliance status, using a Poisson model
for the risk-ratio. Such an analysis, limited to “observed compliers”, can be considered a “pragmatic” approach
to approximate the principal stratum estimand implied by the ”biological effect” (Beckers et al., 2025} Michiels
et al., 2022; |[Fay et al., [2026). Considering, it is subject to selection bias unless restrictive and implausible
assumptions apply (e.g. assuming that participants who received the two doses in one arm would have done
so in other arm). Evaluating the potential bias of such an analysis under various scenarios of non-compliance
therefore represents a practically relevant objective.

4.3 Deviations from the study protocol

The implemented simulation deviates from the originally proposed parameter grid in three respects. First, the
protocol proposed VE values of 0%, 50%, 70% and 90%. A value of 30% was added, since this is the VE at
the margin of the super-superiority hypothesis being tested (see . Second, the grid of parameter
values was expanded such that all VE values were investigated for all considered combinations of the remaining
parameters. Third, an additional scenario with lower overall compliance of 50% was included.

For the comparator method an analysis with a Poisson model was used instead of the exact binomial model
proposed in [Nauta| (2020). The latter is an exact binomial test for the probability of an infected participant
belonging to the treatment group conditional on the total number of events. Confidence bounds and hypotheses
tests are performed using the exact Clopper-Pearson method. Preference was given to the Poisson model as it
corresponds to the second stage of the IV regression. Vaccine efficacy was estimated with emmeans as one minus
the marginal mean risk ratio.

The model for the second stage of the instrumental variable regression was changed to a Poisson regression
model after strong bias was observed for the initially proposed linear-probability model in early simulations.
The implementation was subsequently changed from using the package ivreg to a manual implementation. (See

Appendix
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Table 4.2: Analysis methods, with a short description, the summary measure reported, the label used in the
results figures, and the software implementation.

Method Label Description fnir;lsrlrllf;y Implementation
Allocated treatment as . stats::lm.fit (st.age b
Instrumental . . . Vaccine + stats: :glm (Poisson,
. iv instrument for full-regimen
variable (IV) . : efficacy stage 2),
recelpt; two-stage estimator
emmeans: : emmeans
Weights from stats: :glm (logistic score
Principal score principal-score model (Jo . U8 &
e . 1. Vaccine and weighted outcome
weighting, adjusted  ps_cov and Stuart| |2009); outcome officac model)
outcome model model additionally includes Y emmean’S' . emmeans
the baseline markers o
Prl.n(npal score As above, but the outcome . stats X glm (logistic score
weighting, . Vaccine and weighted outcome
. ps-nocov  model contains only the
unadjusted outcome . efficacy model),
intercept and treatment
model emmeans: :emmeans
Per-protocol Co.m parator method.; Vaccine stats::glm,
. PP Poisson model, restricted to
analysis efficacy emmeans: : emmeans

observed compliers

For both the IV and the principal-score methods, point estimates, confidence intervals, and the super-superiority
test are obtained from emmeans applied to the fitted second-stage / outcome model. This is a deviation from
the protocol, which specified “robust variance covariance matrix estimates” and “delta-method” inference since
emmeans uses the model-based variance covariance estimates per default. Furthermore emmeans returns one-
sided confidence intervals when using a one-sided test which led to one-sided 95% confidence intervals being
calculated instead of two-sided 95% confidence intervals. The implications for empirical coverage and rejection
probabilities are discussed in

The labelling of the scenario classes in this report differs slightly from the protocol: the protocol’s classes A0
and A1 are referred to as A1 and A2 here. In addition, scenario classes B, C, and D appear as B1, C1, and D1
in some figures and parameter tables, reflecting the labels used when generating the parameter configurations
and carried through to plot generation; the trailing “1” carries no further meaning.

The additional stress-test scenarios (subsubsection 4.4.5) are single parameter perturbations of the category
D baseline scenario: the direction of an individual compliance, prognostic, or predictive effect is reversed, the
dose-one effect is switched off (so that dose 1 confers no protection, against a protective dose-one effect in the
baseline), or overall completion is reduced to 50%. The magnitudes of the marker effects on compliance, infection
risk, and vaccine efficacy were not themselves varied beyond the values used in the main scenarios.

4.4 Results

Results are presented graphically by scenario category. Within each category, scenarios are identified on the
x-axis by their parameter configuration. Numerical summaries for all scenarios and methods are provided as a
supplementary table.

The four analysis methods ofsubsection 4.2|are referred to throughout by short labels: iv (instrumental variable),
pp (per-protocol), and the two principal-score weighting variants ps_cov (adjusted outcome model, additionally
including the baseline markers) and ps_nocov (unadjusted outcome model). All target the always-complier

vaccine efficacy VE ¢ defined in [subsection 4.2f this is the quantity reported as V Epg (principal-stratum
vaccine efficacy) in the parameter tables, the two notations being equivalent.
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4.4.1 Scenario category A

Scenario category A assessed estimator behaviour under benchmark conditions (Al) and under treatment-
dependent compliance (A2), without baseline marker-driven compliance, prognosis or effect modification. Fig-
ures [L.2H4.3] present the operating characteristics for both scenario classes.

Bias, Scenario Group Al Root Mean Squared Error, Scenario Group Al
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Figure 4.2: Operating characteristics for scenario category Al (benchmark). Bias (top left), RMSE (top right),
rejection probability including power and type I error (bottom left), and 95% CI coverage (bottom right).
Reference lines denote zero bias, nominal 2.5% type I error, and nominal 95% coverage respectively.

Scenarios Al: Under benchmark conditions (A1), the causal structure did not include marker-driven selection
into compliance, and no subjects are V- or W-positive in any of the scenarios. The identifying assumptions of
all estimators therefore hold, and specifications that include covariate effects reduce to intercept-only models.
Performance consequently shows no dependence on observation status, as expected, so we report only the results
in which all covariates are treated as observed.

This is the only scenario class where we show results from scenarios assuming different incidence rates. The
scenario label I:n indicates the baseline monthly incidence after day 14, i.e. 1 infection per n subjects per month.
We limit presentation to values of S42 € {0.3,0.5,0.7} (i.e. full-dose hypothetical vaccine efficacy) to keep
presentation compact.
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Figure 4.3: Operating characteristics for scenario category A2 (treatment-dependent compliance). Bias (top

left), RMSE (top right), rejection probability including power and type I error (bottom left), and 95% CI
coverage (bottom right).
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Table summarises the parameter configurations included in the results for scenario group Al. Each row
corresponds to one scenario, identified by its label in the first column. The incidence column gives the baseline
infection rate expressed as the number of subjects per infection per month. Parameters that vary across scenarios
within the group are shown in bold; fixed parameters are shown for reference. The final column gives the true
principal stratum vaccine efficacy V Epg for each scenario configuration.

Table 4.3: Parameter configurations for scenario group Al.

Scenario Incidence 42 (VE Scale) C 01 Y4 W w Yaw Bv Bw Baw pv pw VEpg
VE:0.3_1:1000 1000 0.3 095 T O 0 0 0 0 0 0 0 0 0.299
VE:0.3_1:2000 2000 0.3 095 T 0 0 0 0 0 0 0 0 0 0.300
VE:0.3_1:500 500 0.3 095 T 0 0 0 0 0 0 0 0 0 0.299
VE:0.5_1:1000 1000 0.5 095 T 0 0 0 0 0 0 0 0 0 0.499
VE:0.5_1:2000 2000 0.5 095 T 0 0 0 0 0 0 0 0 0 0.500
VE:0.51:500 500 0.5 095 T 0 0 0 0 0 0 0 0 0 0.499
VE:0.71:1000 1000 0.7 095 T 0 0 0 0 0 0 0 0 0 0.699
VE:0.7_1:2000 2000 0.7 095 T O 0 0 0 0 0 0 0 0 0.700
VE:0.7_1:500 500 0.7 095 T O 0 0 0 0 0 0 0 0 0.699

Bias: Bias on the VE scale was modest but noticeably different from zero for all methods. Bias is negative
indicating underestimation of true principal stratum vaccine efficacy. It is decreasing in size with increasing
vaccine efficacy. The largest absolute bias is around negative 3% in settings with zero vaccine efficacy (not
shown). Around the null hypothesis (842 = 0.3) the bias is around -2 to -1.5 percentage points VE for all
approaches. The extent of (absolute) bias decreases with increasing VE. Baseline incidence does not have a
noticable impact on bias.

The instrumental variable approach iv appears to have a slightly smaller (absolute) bias if VE is larger than zero.
This is noticeable for vaccine efficacies above 0.3. Principal scoring approaches ps_cov (which uses covariates in
the outcome model) and ps_nocov which uses covariates only for estimating the principal score, perform almost
identical to the per-protocol estimator pp.

RMSE: RMSE decreases with increasing VE with minimally larger values for the instrumental variable approach
for vaccine efficacies up to 0.5 after which RMSE appears numerically smaller. This aligns with the close to zero
bias of this method for scenarios with vaccine efficacy 0.7. The other methods, per-protocol estimator, principal
score estimator - with and without covariates in the main model - appear to perform identical in terms of RMSE.
Observed status of covariates has no noticable impact on method performance in terms of RMSE (not shown).

Rejection rates: In terms of power there is little difference between the per protocol estimator, and the instru-
mental variable approach with a slight numerical advantage for the latter. Both provide about 80% power for the
scenario with vaccine efficacy of 0.7. Which is in line with planning assumptions. The principal score methods
have a noticable power advantage (around 7% point increase). For scenarios close to the null hypotheses (see
limitations) instrumental variable and per-protocol estimators control the rejection rate at or just below nominal
a = 0.025. The principal score methods show rejection rates above 4% indicating a sizable Type I error inflation.

Coverage probability: The instrumental variable approach appears to provide close to nominal coverage with
deviations from 95% within simulation error. The per protocol estimator appears to provide conservative cov-
erage in excess of the 95% nominal level especially for larger vaccine efficacies. The principal score methods do
not appear to control coverage probabilities with simulated coverage significantly below the nominal level. For
the scenarios close to the null (see limitations) non-coverage is around 8% points which would approximately
correspond to a 4% Type I error inflation for a corresponding 2.5% level one-sided test in this setting, which
aligns with results shown for Type I error.

Scenarios A2: The treatment-dependent compliance scenarios (A2) isolated the effect of randomisation-group
differences in compliance on estimation of the always-complier estimand.

In this scenario we show results for all investigated vaccine efficacy settings, i.e. S42 € {0.0,0.3,0.5,0.7,0.9}.

101



Again, we omit results for settings with only partially or completely unobserved covariates V' and W. We only
show scenarios assuming a baseline incidence rate of 1 infection per 1000 subjects per month, due to the finding
that this parameter has little impact on performance.

The scenario configurations for scenario group A2 are summarised in Table [£.4] with varying parameters shown
in bold and the true principal stratum vaccine efficacy V Epg given in the final column.

Table 4.4: Parameter configurations for scenario group A2.

Scenario Incidence 42 (VE Scale) C 01 YA Ywv Yw Yaw Bv  Bw  Baw pv pw VEps
VE:0.3_gA:-0.36 1000 0.3 095 T -0.36 O 0 0 0 0 0 0 0 0.299
VE:0.3_gA:0 1000 0.3 095 T O 0 0 0 0 0 0 0 0 0.299
VE:0.5_gA:-0.36 1000 0.5 095 T -0.36 O 0 0 0 0 0 0 0 0.499
VE:0.5_gA:0 1000 0.5 095 T O 0 0 0 0 0 0 0 0 0.499
VE:0.7_gA:-0.36 1000 0.7 095 T -0.36 0 0 0 0 0 0 0 0 0.699
VE:0.7_gA:0 1000 0.7 095 T O 0 0 0 0 0 0 0 0 0.699
VE:0.9.gA:-0.36 1000 0.9 095 T -0.36 0 0 0 0 0 0 0 0 0.900
VE:0.9_gA:0 1000 0.9 095 T O 0 0 0 0 0 0 0 0 0.900
VE:0_gA:-0.36 1000 0 095 T -0.36 0 0 0 0 0 0 0 0 0.000
VE:0_gA:0 1000 0 095 T O 0 0 0 0 0 0 0 0 0.000

Treatment related compliance does not have a substantial impact on operating characteristics compared to
scenarios with unrelated compliance. For Bias, RMSE, Type I error, and Power only minor differences within
the range of simulation error are observed between comparable scenarios with and without treatment related
non-compliance.

4.4.2 Scenario category B

Scenario category B assessed prognostic heterogeneity through marker V', which affected baseline infection risk
treatment compliance and regimen completion. Marker W was inactive.

All scenarios shown include treatment-dependent compliance (y4 # 0) and an active marker V, in one of three
configurations: V affecting both infection risk and compliance, only infection risk (a prognostic effect alone),
or only compliance. Covariate-observation variants are shown for the principal-score methods, while IV and
per-protocol results are shown for the fully observed setting; the baseline incidence is fixed at 1 in 1000 per
month and the VE values are limited to 0.3, 0.5, and 0.7. The remaining configurations are reported in the full
results table provided as a supplement.

The scenario configurations are summarised in Table with varying parameters shown in bold and the true
principal stratum vaccine efficacy V Epg given in the final column.

Table 4.5: Parameter configurations for scenario group B1.

Scenario Incidence /3,42 (VE Scale) C 51 YA 1047 YW YAW /))v ﬁw BAW v Pw VEPS
VE:0.3_gV:0.5.bV:0 1000 0.3 095 T -036 0.5 0 0 0 0 0 03 0 0.299
VE:0.3_gV:0.5_bV:0.41 1000 0.3 095 T -036 0.5 0 0 0.41 O 0 03 0 0.299
VE:0.3_gV:0_bV:0.41 1000 0.3 095 T -036 O 0 0 0.41 0 0 03 0 0.299
VE:0.5_gV:0.5.bV:0 1000 0.5 09 T -036 0.5 0 0 0 0 0 03 0 0.499
VE:0.5_gV:0.5_bV:0.41 1000 0.5 095 T -036 0.5 0 0 0.41 O 0 03 0 0.499
VE:0.5_gV:0_bV:0.41 1000 0.5 095 T -036 O 0 0 0.41 O 0 03 0 0.499
VE:0.7_gV:0.5.bV:0 1000 0.7 09 T -036 0.5 0 0 0 0 0 03 0 0.699
VE:0.7_gV:0.5_bV:0.41 1000 0.7 095 T -036 0.5 0 0 0.41 O 0 03 0 0.699
VE:0.7_gV:0_bV:0.41 1000 0.7 095 T -036 O 0 0 0.41 0 0 03 0 0.699

Bias: For the per-protocol estimator pp, the instrumental variable approach iv, and the principal score method
ps—_cov that uses covariates both in the score and outcome model patterns are similar to the benchmark scenario
Al. The instrumental variable approach has slightly reduced absolute bias, which, however, is slightly positive
(overestimation of VE) for settings with VE above 0.7. The per-protocol estimator and principal score method
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Bias, Scenario Group B1

Root Mean Squared Error, Scenario Group B1
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Figure 4.4: Operating characteristics for scenario category B (prognostic heterogeneity through V). Bias (top
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coverage (bottom right).
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perform almost identically. Observation status of covariates (i.e. whether either V', W, or both were available
to the model) has no noticeable impact - results differ in the 5th digit behind the comma which is not visible in
the figures. Consequently, only settings where both covariates are observed are shown for these methods to keep
presentation compact. Overall the extent of bias seems to be slightly reduced compared to scenarios A1 and A2
but still different to zero taking into account simulation error. Numerically the instrumental variable approach
appears to reduce the bias best for scenarios where V has an impact on both compliance and infection risk -
though this result within simulation error and observed best in the VE 0.3 and VE 0.5 settings.

The PS method that does not include covariates in the outcome performs noticeably worse if either both covari-
ates or only V were observed and V has an impact on both compliance and infection risk. The bias becomes
anti-conservative at a comparable absolute scale. Whereas all other methods underestimate vaccine efficacy by
about 1% point, ps_nocov overestimates it by about 2% points in the setting with vaccine efficacy close to the
null of 0.3. This might be expected as in this case the outcome model is misspecified and omits active covariates
in the outcome model, while using them in the score model. In scenarios where V only affects compliance bias
is numerically increased (within simulation error) which is surprising and warrants further inspection.

RMSE: RMSE follows similar patterns as in the reference scenarios Al for all methods beside ps_nocov. The
latter appears to have slightly reduced RMSE in settings where V' affects both compliance and infection risk
and V is observed, but larger RMSE where V' only affects compliance. iv has again slightly larger RMSE for
scenarios up to VE 0.5 and smaller RMSE above.

Rejection: Again iv and pp have similar power, close to the planned 80% around VE of 0.7. ps_cov has noticably
larger power regardless of covariate observation status.ps_nocov has similar power to the principal score method
with covariates in the outcome model. However, in scenarios where V affects both compliance and infection
risk power is noticeably increased, potentially reflecting the positive bias observed in these scenarios. A similar
pattern is observed for scenarios close to the null, where pp and iv reject close to nominal levels. As in the
reference scenarios A1, the principal score methods are far from nominal levels, with worst results for ps_nocov
reaching around 7% if both V affects both compliance and infection risk and is observed.

Coverage: Same pattern as above. pp provides conservative coverage in excess of the nominal levels. iv has
close to nominal coverage with slight undercoverage in some scenarios which might be due to simulation error
but follows the pattern observed for bias regarding observation status of V. Principal score methods generally
do not provide adequate coverage with worst results for settings with misspecified outcome model (ps_nocov
when V' affects both compliance and infection risk).

4.4.3 Scenario category C

Scenario category C assessed predictive heterogeneity through marker W, which modified vaccine efficacy and
compliance under vaccination. Marker V' was inactive.

As for the preceding categories, covariate-observation variants are shown only for the principal-score methods,
the baseline incidence is fixed at 1 in 1000 per month, and the VE values of 0 and 0.9 are omitted. We also
leave out scenarios in which a marker acts only through an interaction term, affecting compliance or infection
risk without a corresponding main (prognostic) effect, these are reported in the full results table provided as a
supplement. Together these choices keep the presentation compact. The scenario configurations are summarised
in Table with varying parameters shown in bold and the true principal stratum vaccine efficacy V Epg given
in the final column.

Bias and RMSE: Almost identical pattern to the scenario above. For ps_nocov the bias is now increased in the
negative direction when W is observed, with a correspondingly increased RMSE in these settings. This reflects
that an observed W enters the score model, and hence the weights, while being omitted from the outcome model
(see corresponding discussion on sensitivity to model specification . We have not investigated
scenarios where W only affects compliance but not infection risk, or vice versa, and only show settings where
W affects compliance or treatment effect through the corresponding interaction terms yaw and Baw with
treatment.

Rejection rates: Rejection rates in settings close to the null are now above a = 0.025 unless for per-protocol and
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Figure 4.5: Operating characteristics for scenario category C (predictive heterogeneity through W). Bias (top

left), RMSE (top right), rejection probability including power and type I error (bottom left), and 95% CI

coverage (bottom right).
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Table 4.6: Parameter configurations for scenario group C1.

Scenario Incidence fB42 (VE Scale) C 01 A w yw  vaw Bv Bw  Baw pv pw VEps
VE:0.3_gAW:-0.3_bAW:-0.22 1000 0.3 095 T -0.36 O -0.8 -0.3 0 0.18 -0.22 0 0.3 0.344
VE:0.3_gAW:-0.3_bAW:0 1000 0.3 095 T -0.36 0 -08 -0.3 0 0.18 0 0 0.3 0.299
VE:0.3_gAW:0_bAW:-0.22 1000 0.3 095 T -036 O -08 0 0 0.18 -0.22 0 0.3 0.345
VE:0.5_gAW:-0.3_bAW:-0.22 1000 0.5 095 T -036 O -0.8 -0.3 0 0.18 -0.22 0 0.3 0.531
VE:0.5_gAW:-0.3_.bAW:0 1000 0.5 095 T -0.36 O -0.8 -0.3 0 0.18 0 0 0.3 0.499
VE:0.5_gAW:0_bAW:-0.22 1000 0.5 095 T -036 O -08 0 0 0.18 -0.22 0 0.3 0.532
VE:0.7_gAW:-0.3_bAW:-0.22 1000 0.7 095 T -036 O -0.8 -0.3 0 0.18 -0.22 0 0.3 0.719
VE:0.7_gAW:-0.3_.bAW:0 1000 0.7 095 T -0.36 0O -0.8 -0.3 0 0.18 0 0 0.3 0.699
VE:0.7_gAW:0_bAW:-0.22 1000 0.7 095 T -036 O -08 0 0 0.18 -0.22 0 0.3 0.719

instrumental variable estimators in the setting without treatment effect modification. This is not surprising as
treatment effect modification increases the true principal score vaccine efficacy substantially above 0.3.

Coverage: Coverage is therefore the more relevant metric, which shows close to nominal levels for pp and iv in
settings close to the null. For VE around 0.5 confidence intervals for iv indicate slight undercoverage. Principal
scoring methods, provide coverage substantially below the nominal 95% level (up to 9% non-coverage). If W
is observed the ps_nocov method has slightly better coverage than the other principal scoring approach, which
might reflect the large negative bias (underestimation of VE) observed for these settings.

4.4.4 Scenario category D

Scenario category D combined prognostic heterogeneity through V and predictive heterogeneity through W,
representing the most complex main scenario class.

The scenario configurations are summarised in Table with varying parameters shown in bold and the true
principal stratum vaccine efficacy V Epg given in the final column.

Table 4.7: Parameter configurations for scenario group D1.

Scenario Incidence 342 (VE Scale) C 01 YA W w  vaw Bv Bw  Baw pv pw VEpg
VE:0.3_.gAW:-0.3_.bV:0.41_bAW:-0.22 1000 0.3 09 T -036 05 -08 -0.3 0.41 0.18 -0.22 0.3 0.3 0.344
VE:0.3_gAW:-0.3_.bV:0.41_bAW:0 1000 0.3 09 T -036 05 -08 -0.3 0.41 018 0 03 03 0.299
VE:0.3_gAW:-0.3_.bV:0_bAW:-0.22 1000 0.3 095 T -036 05 -08 -03 O 0.18 -0.22 03 03 0.344
VE:0.3_gAW:0_bV:0.41_bAW:-0.22 1000 0.3 095 T -036 05 -08 0 0.41 0.18 -0.22 03 0.3 0.345
VE:0.5.gAW:-0.3_.bV:0.41_bAW:-0.22 1000 0.5 095 T -036 05 -08 -0.3 0.41 0.18 -0.22 0.3 0.3 0.531
VE:0.5.gAW:-0.3_bV:0.41_bAW:0 1000 0.5 09 T -036 05 -08 -0.3 0.41 018 0 03 03 0.499
VE:0.5_gAW:-0.3_bV:0_bAW:-0.22 1000 0.5 095 T -036 05 -08 -03 O 0.18 -0.22 0.3 0.3 0.531
VE:0.5.gAW:0_bV:0.41_bAW:-0.22 1000 0.5 095 T -036 05 -08 O 0.41 0.18 -0.22 03 0.3 0.532
VE:0.7_gAW:-0.3_bV:0.41_bAW:-0.22 1000 0.7 09 T -036 05 -08 -0.3 0.41 0.18 -0.22 0.3 0.3 0.719
VE:0.7_gAW:-0.3_bV:0.41_bAW:0 1000 0.7 09 T -036 05 -08 -0.3 0.41 018 0 0.3 03 0.699
VE:0.7_gAW:-0.3_bV:0_bAW:-0.22 1000 0.7 09 T -036 05 -08 -03 O 0.18 -0.22 0.3 03 0.719
VE:0.7_gAW:0_bV:0.41_bAW:-0.22 1000 0.7 095 T -036 05 -08 O 0.41 0.18 -0.22 03 03 0.719

Results for scenario category D are presented for baseline incidence of 1 in 1000 per month and vaccine efficacy
values of 0.3, 0.5, and 0.7. Covariate observation variants are shown for principal score methods only; IV and
per-protocol results are shown for the fully observed covariate setting. Scenarios where an interaction effect
on compliance or infection risk is present without the corresponding main effect are excluded, as are scenarios
without treatment-dependent compliance. The full numerical results across all parameter configurations are
provided in the supplementary table. The scenario configurations are summarised in Table [I.7] with varying
parameters shown in bold and the true principal stratum vaccine efficacy V Epg given in the final column.

Bias: The per-protocol and instrumental variable estimators follow the same pattern as in the simpler scenarios,
with iv showing the smallest bias (close to zero across all settings). When the markers are observed, ps_cov
performs comparably to per protocol estimator. ps_nocov is far more variable, and its bias is governed by
three things: the compliance interaction vy, the effect modification B4y, and which markers are observed.
With both markers observed, bias is close to zero only when there is no compliance interaction (yaw = 0).
A compliance interaction (yaw = —0.3) introduces a negative bias that is further exacerbated when the same
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Root Mean Squared Error, Scenario Group D1

+
& %
g
+

i
il
i

1

g%

%

-0:MVA TY'OAD €0-"MVYB L0:3A

-22°0-:MVA 0:AA"E0-MVYB 203N

M -2Z°0-:MVA TY'O'Ad 0:MVYB 203N

J,W -220-:MVA TV O'AY £'0-MVE 2 '0:3A

‘¥
& %

&

i

ki

£ 8 § §

FO:MYT TE'OAD €0-MVYB §'0:3A

-22°0-:MV0 0:AQ E'0-MVB G0 3A

-2Z°0-:MV0 TY'O:Ad 0:MVYB §0:3A

-220-:MV0 TV O:AT £'0-MVE §0:3A

FO:MYT TE'OAD €0-MVB €°0:3A

-2Z°0-:MV0 0:AQ"E'0-MVYB €°0:3A

-22°0-:MV0 TY'O:Ad 0:MVB E'0:3A

-22°0-:MV0 TV O:AY £'0-MVB €0:3A

s © o o
[3A] Jouig parenbs uea|y 100y

Bias, Scenario Group D1

o X
ax
n

o

+

X0
@ik QoK

o Xg
aplx
i

P
e

3
+

¢
T
Gk gor ok

k
¢
*

I

¢

¢

)

X
i Gk

+

¢t

+

+

¢

+

+

FO:MYA TEOAD €0-MVYB 2'0:3A

220 MV0 0:AA"E'0-MVB L'0:3A

-220—MV0 TYO:Ad 0:MVYB ™ 2°0:3A

+-220-MV0 TV O:Ad €0-MVE 2'0:3A

FO:MYA TE'OAD €0-MVYB G0 3A

-22°0-MV0 0:Ad"E0-MVYB G0 3N

-2Z0-MV0 TVO:Ad 0:MVB G0 3A

-220-MV0 TrO:Ad €0-MVE §0:3A

FO:MYT TE'OAD €0-MVB €°0:3A

-ZZ0-:MV0 0:AQ"E'0-MVB €°0:3A

-2Z0-MV0 TY'O:Ad 0:MVB €0:3A

-Z20-:MV0 TVO:Ad €0-MVE €0:3A

2
.00

0.0;
0.01
-0.02

[3A] seig

-0.04

Method: ¢ iv  pp ¢ ps_cov @ ps_nocov

Method: @ iv & pp & ps_cov @ ps_nocov

Variables Unobserved: © none + v X w % ww

Variables Unobserved: O none + v X w % ww

ClI Coverage, Scenario Group D1

Rejection, Scenario Group D1

+
f

+ dHt dhox
*

$
ok
b

¢

¢

O:MVA THO:AD £0-MVB2'0:3A

TT0-:MVA O:AG €0-"MVB L'0:3A

2T0-:MVA TY'O:Ad 0:MVB 2°0:3A

2T0-:MVA TY'OAd £0-:MVB 2'0:3A

O:MVA THO:AD £0--MVE §0:3A

22°0-:MVA O:AG€0-"MVB §'0:3A

220-MVA TY'OAD 0:MYB G0:3A

2Z0-:MVA TY'OAd €0-MVDB G0:3A

0:MVY TVOAA €0-:MVD €0:3A

* o -
A@% 22°0- MV AT E0- MV £0:3A
e o
* e _ _ _
s = o 22°0-MVA TY0:AD 0:MVE €'0:3A
=
S > B B _
=+ == 220-MVI Tr'OAG €0~ MVB €0:3A
o
© ¥ N o o ©
& § & § & 8
S

o [S) o [S] o >
(papis—auo) abeianod | %56

0:MVA TV O:AD £0--MVE €'0:3A

220-:MVA O:AD €0-MVB €°0:3A

2Z0-:MVA TY'O:Ad 0:MVB €°0:3A

22°0-"MVT TVOAA €0-:MVD €0:3A

>*

E i

= 5

54

s o

©

5 S °

8l

g - WLw

5

5 &

| >«

B o xe

&

> H
= S
o o

Power

T g

¥,
x m%,r -
X &AT%

0:MVY TVOAA €0-MVD 2'0:3A
2Z°0-:MVA O:AQ €0-"MVB £'0:3A
2T0-:MVA TYOAD 0:MYB 2°0:3A

2Z0-:MVA TY'OAd E0-:MVB 2'0:3A

X — — —
GWAT@ O:MVA TY'O:Ad €0-"MVB G 0:3A

22°0-MVT OAD €'0-MVB G0:3A
TT0-:MVA TY'O:Ad 0:MYB G0 3A

2Z0-:MVA TY'OAd €0-:MVB G0:3A

S L] © <
s 8 & 3
%Gz = 0 Je uojosfoy

Method: # iv & pp & ps_cov & ps_nocov

Method: * iv & pp ¢ pscov @ ps_nocov

Variables Unobserved: O none + v X w % ww

Variables Unobserved: © none + v X w % ww
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marker also modifies infection risk (84w # 0). Leaving a single marker unobserved worsens bias in opposite
directions: overestimation of VE when W is unobserved, and underestimation when V' is unobserved. With
neither marker observed ps_nocov reduces to the same model as ps_cov and matches its (and the per-protocol)
performance.

These differences are not driven by the score model, which is fit in treated participants only and is correctly
specified across all settings; they arise because ps_nocov uses the observed markers in the score model but omits
them from the outcome model, so the two models carry different explanatory variables (unlike ps_cov, which
uses the same set in both). ps_nocov is therefore highly sensitive to outcome-model specification: its bias is
removed only when all active markers are also included in the outcome model, at which point performance is
no better than per protocol. The precise drivers of the residual pattern are not fully resolved and would require
dedicated scenarios isolating each form of misspecification.

RMSE: Same pattern as above and in other scenarios. Positive bias increases RMSE, negative decreases it
compared to other methods.

Rejection: Again power advantage for principal score methods according to bias direction. Rejection rates in
excess of nominal levels for all methods if treatment effect modification is part of the data generating process.
Rates for principal scoring approaches, however, far from nominal levels (up to 15%). Reported ” Type I Error”
results are difficult to interpret as the true principal-stratum VE exceeds 0.3, so these are not genuine null
settings. Coverage therefore the more relevant metric.

Coverage: Close to nominal coverage for iv with a tendency for slight undercoverage. pp provides coverage
close to but in excess of nominal level. Principal scoring with at times substantial undercoverage. For settings
where large negative bias was observed coverage is closer. Note that since one-sided coverage was evaluated this
needs to be interpreted with caution. Interestingly scenarios where ps_nocov showed negligible bias coverage is
substantially below nominal levels and worse than for related methods with larger bias.

4.4.5 Additional complex and stress-test scenarios

The additional stress-test scenarios were designed to evaluate estimator robustness under conditions that deviate
from the assumptions underlying the main scenario categories. Starting from a baseline configuration (Base)
corresponding to the full category D setting: treatment-reducing compliance (v4 < 0), negative compliance
effects of both V and W on completion, prognostic effects of both markers on infection risk, a positive effect
modification of vaccine efficacy by W, and a protective dose-one effect.

Each stress-test scenario modifies a single aspect of the data-generating mechanism. Specifically, the scenarios
consider reduced overall compliance (OC50), reversed direction of the compliance effect of the predictive marker
W (CW+), reversed direction of the compliance effect of the prognostic marker V' (CV-), treatment-increasing
rather than treatment-reducing compliance (CA+), reversed direction of the compliance interaction between
treatment and W (CAW+), reversed direction of the prognostic effect of V' on infection risk (PV+), reversed
direction of the prognostic effect of W on infection risk (PW+), and absence of a dose-one effect (DI1F'). The
scenario CA+ is of particular interest as it violates the monotonicity assumption underlying the instrumental
variable estimator, since treatment assignment increases rather than decreases the probability of non-completion.
The remaining scenarios represent perturbations that challenge the principal score and per-protocol estimators
through unexpected directions of covariate effects on compliance and infection risk.

The scenario configurations are summarised in Table with varying parameters shown in bold. For extra
scenarios we only highlight individual cells where the specific scenario deviates from the base scenario and the
true principal stratum vaccine efficacy V Epg given in the final column.

Bias: Overall bias remains moderate around absolute levels of 1% points and generally below 2.5% points. No-
table exceptions are scenario 0C50 where the instrumental variable approach appears to break down introducing
extreme positive bias (overestimation of VE) of around 15% points. Interestingly, in the scenario where receiv-
ing only one dose of vaccine does not confer any protective effect results in a moderate negative bias (~ —2.5%
points) in estimates based on the instrumental variable approach. This is notable as in all other settings in this
group, iv tends to slightly overestimate vaccine efficacy, which is in line with results from D1. Finally, scenario
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Bias, Scenario Group extra
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Figure 4.7: Operating characteristics for the additional stress-test scenarios. Bias (top left), RMSE (top right),
rejection probability including power and type I error (bottom left), and 95% CI coverage (bottom right).
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Table 4.8: Parameter configurations for scenario group extra.

Scenario Incidence a2 (VE Scale) C 01 va Y Yw  vaw  Bv Bw Baw pv pw VEpg
Base 1000 0.7 095 T -0.36 0.5 -0.8 -0.3 0.41 0.18 -0.22 0.3 0.3 0.719
CA+ 1000 0.7 095 T 0.36 0.5 -0.8 -0.3 0.41 0.18 -0.22 0.3 0.3 0.719
CAW+ 1000 0.7 095 T -0.36 0.5 -0.8 0.3 0.41 0.18 -0.22 0.3 0.3 0.719
CV- 1000 0.7 095 T -0.36 -0.5 -0.8 -0.3 0.41 0.18 -0.22 0.3 0.3 0.718
CW+ 1000 0.7 095 T -0.36 0.5 0.8 -0.3 0.41 0.18 -0.22 0.3 0.3 0.720
D1F 1000 0.7 095 F -0.36 0.5 -0.8 -0.3 0.41 0.18 -0.22 0.3 0.3 0.719
0OC50 1000 0.7 0.5 T -0.36 0.5 -0.8 -0.3 0.41 0.18 -0.22 0.3 03 0.712
PV+ 1000 0.7 095 T -0.36 0.5 -0.8 -0.3 -0.41 0.18 -0.22 0.3 0.3 0.719
PW+ 1000 0.7 095 T -0.36 0.5 -0.8 -0.3 0.41 -0.18 -0.22 0.3 0.3 0.714

CA+ does not appear to affect performance even though identification assumptions (no Vaccine compliers) are
violated.

RMSE: Increasing non-compliance to extreme levels of 50% increases RMSE substantially for all methods and
most for the instrumental variable approach. Scenarios PV+, PW+, and D1F also appear to increase RMSE
compared to the base scenario, if to a lesser extent.

Rejection: Power is around or above 90% for most scenarios in line with D1 (target is 80% not taking into account
effect modification). Extreme non-compliance 0C50 to about 60% for most methods beside the instrumental
variable approach, reflecting the large positive bias observed for this method. Further, power in scenarios PV+,
PW+, and D1F appears noticeably lower compared to the base scenario from D1.

Coverage: Except for the setting with extreme non-compliance coverage is within the range observed in scenario
groups above. In scenario 0C50 coverage of the instrumental variable approach becomes extremely liberal
providing levels of only about 50% compared to the nominal 95%, whereas the other methods appear to provide
coverage larger than the nominal level.

Limitations of Vaccine Trial Simulations Standard error estimation: A notable limitation of the present
implementation concerns the variance estimation for the IV and principal-score methods. As described in
both methods use emmeans for inference on the second-stage / outcome model, which by default
extracts the model-based variance—covariance matrix of the fitted model rather than a robust (sandwich) esti-
mator (as originally assumed during development). For the principal score and instrumental variable approaches
this means that uncertainty arising from the first-stage or principal score estimation is not propagated into the
standard error of principal stratum estimates. The protocol intended robust variance—covariance estimation with
delta-method inference.

Re-running the simulation with corrected variance estimators was not feasible within the timeframe of the report.
As a consequence, empirical confidence interval coverage and rejection probabilities for these two methods should
be interpreted with this caveat in mind. A limited test comparing model based with sandwich estimators across
scenarios in category A2 (based on 2000 replications), indicates that robust estimates have little impact on
the performance (esp. coverage) for the instrumental variable approaches, while principal score methods saw
substantial improvement bringing simulated coverage closer to nominal coverage. However, it appears that power
advantages observed for principal score methods using model based standard errors may no longer apply to the
same extent, either. Preliminary results, however, have the principal score methods still slightly below desired
levels in some scenarios and more liberal than all other methods in respective settings. Bias is not influenced by
changing the variance estimate. Power and Type I error rate are driven by both bias and the variance estimate.
The estimates of power and Type I error rate for the effected methods are to be interpreted with caution, but
the impact of the variance estimation is not easily separated from the impact of bias.

Our simulation results nevertheless show, the IV procedure performs broadly well in terms of bias, rejection
and coverage related operating characteristics across the scenarios considered. The principal-score procedure, by
contrast, shows substantial deviations in the majority of investigated settings. We tentatively attribute part of
this behaviour to the variance estimation issue described above; a definitive assessment would require re-running
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the affected analyses with appropriate variance estimators (e.g. sandwich or bootstrap).

Finite-sample bias on the VE scale: The modest negative bias common to all four methods (see e.g. Benchmark
Scenarios |subsubsection 4.4.1[) can be explained by a finite-sample bias of the transformation VE = 1 — exp(/3)
(as all models estimate a quantity on the log scale). Because the back-transform is convex, an asymptotically

unbiased log-scale estimator maps to an upward-biased ratio and hence a downward-biased VE, with E[VE] —
VE ~ —(1—-VE) v/2, where v is the variance of the log-effect estimator and is governed primarily by the number
of events (Greenland, [2000; [Lyles et al. 2012). This accounts for the bias being negative, largest near the null
and decreasing in magnitude as VE increases (through the (1 — VE) factor), and largely insensitive to baseline
incidence, since sample sizes were calibrated to approximately constant power with approximately constant
event counts. The bias could be removed on the reporting scale by a mean-bias correction (Lyles et al., [2012)
we did not apply such a correction here. Due to the low baseline incidence, the bias is of similar magnitude
for the different outcome-model link functions (logistic for the principal score estimators, and Poisson for the
per-protocol and instrumental variable estimators).

However, this implies that the slightly smaller absolute bias of the instrumental variable approach could reflect
a fortuitous cancellation of biases acting in opposite directions rather than improved estimation. Similarly, ob-
served improvements of bias in other scenarios need to be interpreted with caution. Finally, non-collapsibility of
models in combination with covariate adjustment, weights- and two-stage estimation could introduce additional
bias with respect to the marginal estimand.

Model specification: On inspection of results we noticed that the outcome, score, and instrument model specifi-
cations included only main effects of covariates, not interaction terms. The principal-score model is fit in treated
participants only, where the treatment-by-W interaction vy is absorbed into the W main effect; it is therefore
correctly specified even under treatment-dependent compliance interactions. The outcome models and the IV
second stage, however, include treatment alongside the markers and omit the treatment-by-marker interaction
Baw, so they are misspecified in settings with effect modification (the bay=—0.22 scenarios in C1 and D1).
This is reflected in the performance differences between principal-score methods in these scenarios, supporting
our conclusion that these methods are particularly sensitive to outcome-model misspecification. Considering the
subpar performance of principal-score methods even where the models were correctly specified (e.g. B1), our
conclusion that these methods should be treated with caution remains supported.

Confidence intervals: In contrast to other Scenarios, simulations in the preventive vaccine efficacy setting re-
turned one-sided 95% and 97.5% confidence intervals due to an oversight when coding the one-sided super-
superiority tests. Above we present results for the 95% confidence intervals. Consequently, coverage needs to
be interpreted with caution. While reported figures are faithful with respect to control statements of one-sided
coverage and importantly Type I error control (see also below), the same conclusions may not fully apply to
coverage of associated two-sided confidence intervals especially in settings with negatively biased estimates.

Type I error control: We considered the null hypothesis of at least 30% principal stratum vaccine efficacy.
However, scenarios intended to represent settings under the null hypothesis (with hypothetical full-dose effi-
cacy Ba2 = 0.3) resulted in true principal stratum vaccine efficacies above or below the target value of 30%.
Consequently, interpretation of rejection rates in terms of Type I error in respective scenarios is not entirely
appropriate and at best indicative. Scenarios with beneficial treatment effect modification removes principal
stratum vaccine efficacy even further away from null levels. To this end, evaluation of one-sided confidence
interval coverage is considered more appropriate as it corresponds to the Type I error rate of a super-superiority
test under a null hypotheses corresponding to the true principal stratum vaccine efficacy in each scenario.
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4.5 Case study

As a case study a scenario where prognostic heterogeneity through V' and predictive heterogeneity through
W were present was chosen (First scenario from scenario category D). The dataset was simulated under the
alternative with a VE of 70% after the second dose and a VE in the principal stratum of 71.8%. The simulated
study included 7639 participants in each arm. The observed number of infection events was 54, 44 of which
occured in the control arm and 10 in the treatment arm. There were 320 non-compliers in the control arm and
552 non-compliers in the treatment arm. (See Table for descriptive statistics.)

The analysis methods described in subsection were applied to the simulated dataset. All calculations were
done by calculating auxiliary variables and application of standard linear and generalized linear regression
functions available in R. The emmeans package was then used to derive marginal estimates from the models and
to test the super-superiority null hypothesis of a VE of less than 30%. Appendix |C|includes exemplary R code
to fit the according analysis models.

For the principal score weighting, weights were estimated by fitting a logistic regression model with compliance
as the dependent variable and V and W as independent variables in only the treated participants and then
estimating the weights used in the outcomes model according to the formula given in subsection [£.2]

For the IV regression, T was calculated as T; = 1(4; = 1,C; = 1). The first stage was a linear regression of
T on the randomised allocation A (the instrument) and the covariates V' and W, yielding fitted values T. The
second stage was a Poisson regression of the infection indicator on T together with V and W. The estimate
based on the per-protocol set was calcualted as a Poisson regression of the occurrence of an infection on V' and
W in only the compliant participants.

The results of the individual analyses are shown in Table All methods over-estimated the true principal
stratum VE of 71.8% but all Cls covered the true value. All methods clearly rejected the null-hypothesis. See
Table 4.10] for the individual estimates.

Table 4.9: Case study: Descriptive statistics by treatment group. Values are absolute (relative) frequencies.

Variable Control (n=7639) Treatment (n=7639)
% 2271 (29.7%) 2264 (29.6%)
W 2273 (29.8%) 2314 (30.3%)
Non-Compliance 320 ( 4.2%) 552 ( 7.2%)
Infection 44 ( 0.576%) 10 ( 0.131%)

Table 4.10: Case study: Estimated vaccine efficace VE, one-sided 95% lower confidence limit and p-value for
the super-superiority null hypothesis.

Method VE lower CI p
Principal score weighting with covariates in outcomes model 77.9% 61.7% 0.00029
Principal score weighting without covariates in outcomes model  78.1% 62.0% 0.00026
Instrumental variable regression 79.8%  62.3%  0.00051
Per-protocol analysis 77.8%  59.4%  0.00087

4.6 Discussion

The per-protocol estimator provides robust operational performance across all investigated scenarios. Different
specifications of the data-generating model with respect to the causal structure appears to have little to no
impact on bias, RMSE, power, and coverage. It provides moderate negative bias, to the extent of ~ 1% point
underestimation of true principal stratum vaccine efficacy in settings around 30% VE improving with higher
VE levels. RMSE is broadly in line with comparator methods. Power is close to targeted values. Importantly,
one-sided coverage probabilities provide close to but at least nominal coverage across all investigated scenarios
(including Scenario Group extra), indicating also good performance in terms of Type I error control.
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Performance of the instrumental variable approach is broadly robust across scenarios, with notable deviations
only in settings with extreme levels of non-compliance (0C50) and interestingly if single-dose hypothetical efficacy
is 0. The instrumental variable approach achieves modest bias reduction compared to the per-protocol estimator
with a tendency for slight overestimation if vaccine efficacy is larger than 50%. It provides moderately better
power than per protocol estimation with coverage closer to nominal levels with slight undercoverage in scenarios
with larger vaccine efficacy.

Performance of principal score methods using observed covariates in both the score and outcome models shows a
consistent performance profile across scenarios. Bias is close to the bias observed for the per protocol estimator,
with little impact of covariate observation status or data generating model. Similar results are observed for
RMSE. Power is substantially larger than with per protocol or instrumental variable methods to the extent of
up to around 10% points in some settings with a target power of 80%. Coverage probabilities, however, are
substantially below nominal levels, indicating severe Type I error inflation and unreliable interval estimates.
Preliminary results indicate that using robust estimates of the standard error may alleviate these issues to some
extent. However, it appears that power advantages observed for principal score methods using model based
standard errors may no longer apply to the same extent.

Principal score methods that use covariates only in the score model show the largest heterogeneity in terms
of performance across scenarios. In cases where active covariates are observed and therefore only accounted in
the score model bias, coverage and in consequence Type I error are severely affected. In scenarios where only
V or W are active issues observed with other principal score approaches are consistently exacerbated and the
extent depends on whether one or both models are misspecified and use different explanatory variables due to
observation status. Some improvements in terms of bias are observed in scenario group D1. The exact pattern of
misspecification that drives these deviations is not entirely clear and would require further investigation designing
specific scenarios. In general, however, this method introduces the largest bias and provides the worst control
of one-sided coverage probability (and hence Type I error) across the majority of investigated scenarios, with
only a few settings where bias is effectively removed and even fewer where bias reduction is noticeably better
compared to the instrumental variable approach. Further, improvements in bias are only observed where all
covariates are active and observed. Considering that in practice the true data generation model is unknown,
potential improvements cannot be guaranteed without strong untestable assumptions while deviations can result
in substantial exacerbation of bias.

Finally, the simulation results need to be interpreted within the scope of the data-generating mechanism and
estimand considered here. Across the scenarios studied, bias on the VE scale remained modest for all methods
(largest absolute values around 3%), with the per-protocol and adjusted principal-score (ps_cov) estimators
performing near-identically and the instrumental variable estimator showing the smallest absolute bias once
VE exceeded zero. These patterns, however, were observed under high compliance (= 95%) and the specific
marker and effect-modification structures imposed; they need not carry over to other settings, as illustrated
by the breakdown of the instrumental variable estimator under heavy non-compliance (OC50). As for several
of the methods in this study, more than one defensible implementation exists without clear guidance on the
preferred choice. The principal-score weights used here follow the odds form of |Jo and Stuart| (2009)); whether
an alternative such as ratio weighting would be more efficient remains open. Likewise, fully doubly-robust
estimators that combine weighting with an outcome regression, of which the adjusted variant (ps_cov) is a
partial form, could offer further robustness or efficiency. Whether they would improve on the per-protocol or
instrumental variable approaches warrants further investigation.
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5 Scenario class 4: Chronic disease with safety endpoint, while on
treatment strategy

In the fourth scenario we consider trials in chronic diseases where a safety endpoint needs to be taken into
account (Unkel et al., [2019). An estimand with a while-on-treatment strategy is considered to assess the safety
impact of the medication. A relevant example is the study by (Singh et al., 2006)), where erythropoietin was
studied as therapy for anaemia and major cardiac adverse event (MACE) was a relevant safety endpoint.

In the simulation we assume that the effect of the medication persists for a certain time after discontinuation.
In the estimation of the while-on-treatment estimand we include a buffer time window after discontinuation in
which adverse events are still counted.

We further assume that some patients may discontinue the study immediately after treatment discontinuation,
such that they are not monitored in the buffer window and potential adverse events in the buffer window may
be obscured. We use inverse probability of censoring weighting to account for study withdrawals that preclude
the observation of events in the buffer window.

The aim of the analysis in clinical terms, is to assess whether the risk for an adverse event is decreased while
the patient is under the effect of the experimental treatment compared to the control treatment.

Estimand
The considered estimand has the following relevant attributes:

e Endpoint: Time till the defined adverse event (e.g. MACE)

e Treatments: Experimental treatment versus control, administered in regular intervals
e Summary measure: Hazard ratio

e Population: Anaemic patients eligible for the considered treatments

e Intercurrent event strategy: While-on-treatment strategy to account for treatment discontinuation, esti-
mating the effect of treatment on the endpoint while treatment is received plus a predefined buffer time
window.

Assumptions

The IPW approach requires a correctly specified propensity model with no unobserved confounders. We will
study violations of this assumption by including an unobserved covariate with increasing effect on the propensity
to leave the study after treatment discontinuation.

The comparator Cox model without weights assumes that premature study discontinuation is independent of the
time to adverse event. The simulation will include scenarios where this assumption is met as well as scenarios
where it is violated.

For all analysis approaches, the applied buffer window length may impact the analysis result. We will explore
deviations of the analysis-specific buffer length from the true time window of pertained effect in both directions,
including scenarios with too short, correctly specified and too long analysis windows.

Missing data handling: Data that is missing in the buffer window, which follows after treatment discontinuation,
will be accounted for by inverse probability weighting of observed patients.

5.1 Data generation

As general study design we assume a 1:1 randomised trial to compare an experimental treatment for anaemia
to a control treatment. We assume that this study includes the time to occurrence of a major cardiac adverse
events (MACE) as a safety endpoint, see e.g. (Singh et al.| [2006).

We denote, for individual ¢, Tqce,i, the time to the MACE event, potentially censored, and e;,qcc,i, the indicator
function of a MACE event occurring at Tygce,;- In the simulation, the time to discontinuation Tg;sc,; is also
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considered, potentially censored, with the indicator function egisc;. After discontinuation, a patient has a
probability P(withdraw;) to withdraw from the study

The assigned treatment is noted A; € {0,1}, with 0 representing the reference treatment and 1 representing
the experimental treatment, sampled from a Bernoulli distribution, with probability 0.5. As outlined per the
protocol, each individual has observed covariates X; and Z; and a confounding covariate L;, all sampled from
independent standard normal distributions.

Given the causal dependencies between the variables, the covariates and treatment allocation are first sampled,
then used to sample the time to discontinuation and the probability to withdraw, and eventually all variables
are used to sample the time to MACE.

First, the time to discontinuation is simulated according to a constant baseline hazard model, characterizing
Ndisc,i, for individual é:
Ndisc,i = €XP(Bdisc,0 + (0.5 — Ai) X Baisc,trt + Xi X Bdise,x + Zi X Baise,z + Li X Baise,L)
6t0t,disc,i = Bdisc,O + (05 - Al) X ﬂdisc,trt + Xz X ﬁdisc,X + Zz X ﬁdisc,Z + Lz X 5disc,L

with Bg;sc,0 the baseline hazard of discontinuation, of approximately 50% after one year, Bgisc,tri the treatment
effect on discontinuation, Baisc,x, Bdisc,z, Bdise,r, the covariate effects on the discontinuation, and Biot,disc,i the
total discontinuation hazard.

To simulate a time to discontinuation Ty;sc ;, we sample u; from a uniform distribution and report the following:

— log(u;)
eXp(ﬂtOt,disc)

Tdisc,i -

Next, we simulate the time to a MACE event according to a constant baseline hazard model:

NDmace.i = €XP(Bmace,0 + (0.5 — A;) X Bmacetrtto(t) + Xi X Bmace,x + Zi X Bmace,z + Li X Bmace,L)
Bfized,mace,i = Bmace,0 + Xi X Bmace,x + Zi X Bmace,z + Li X Bmace,L
Btot,trt,mace,i(t) = (0.5 — A;) X Bace,trt,to(t)
Btot,mace,i(t) = Bfized,mace,i + Btot,trt,mace,i(t)

with Brace,0 the baseline hazard of MACE event, at approximately 10% after one year, Bmaqce,trt,t0(t) the time-
varying treatment effect, Bpnace, X s Bmace,z: Bmace, . the covariate effects on the MACE events, and Biot,mace,i the
total MACE hazard.

As outlined by the protocol, the treatment effect changes depending on the discontinuation status. In fact, we
define:

Btot,mace,i (t) = Bfia:ed,mace,i + (05 - Az) X ﬁmace,trt = Btot,mace,wot,i if ¢ < Tdisc,i
= Bfimed,mace,i + (05 - Az) X Bmace,trt,buffer = Btot,mace,buffer,i if Tdisc,i <t< Tdisc,i + buffer
= ﬂfia:ed,mace,i + (05 - Az) X ﬂmace,tTt,after = ﬁtot,mace,after,i if ¢t > Tdisc,i + buffer

with Btot,mace,wot,i the total hazard of MACE while on treatment, Biormace,buf feri the total hazard of MACE
after discontinuation and within the buffer period buf fer, and Biotmace,after,i the the total hazard of MACE
after discontinuation and the buffer window.

To simulate a time to MACE T),4ce,; With a time-varying treatment effect, we sample v/ from a uniform dis-
tribution and report the following, by noting to,; = Tyisc,i, t1,i = Laisci + buffer, ho, = exp(Biot,mace,wot,i)s
hl,i - exp(ﬁtot,mace,buffer,i), hQ,i = exp(ﬂtot,mace,after,i)v and F; = — IOg(Ug)
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Trace,i 5 if £; <toho,
0,2
FE; —toh .
=1g+ ! hlo 0,4 if tOhO,i < FE; < tohoﬂ' + (tl — tO)hl,i
Ji
E; —tohoi — (t1 — to)h1
=t + : 0705 ( ! O) L¢ if B; > tohoﬂ' + (tl — tO)hl,i

ha i

Finally, we simulate the withdrawal status after discontinuation, from a logistic model:

logit(P(withdraw;)) = Bwa,o + Xi X Bwa,x + Zi X Pwa,z + Li X Bua,L

with B,q,0 the baseline probability of withdrawal, at approximately 50% and Buwq x, Bwd, z, Bwd,r the covariate
effects on the withdrawal probability.
Censoring

After data generation, if the time to MACE is shorted than the time to treatment discontinuation, there is no
censoring. However, MACE events are censored if they happen after a discontinuation event and if the patient
withdrew from the study. Additionally, all events are censored administratively after one year.

Sample size

The sample size is chosen to provide approximately 80% power under the alternative. The number of events
€mace 18 determined by Schoenfeld’s formula (Schoenfeld) [1981]) as:

2
emace = 4 X Floa/2 + “A-p
log(H Rassumed)

with z, is the v quantile of the standard normal distribution. For all simulations, the nominal two-sided
significance level is @ = 0.05, the aimed for power is 1 - § = 0.8. For scenarios under the alternative hypothesis,
the log-hazard ratio assumed for planning log(HRassumed) is chosen to be equal to the simulated treatment
effect Bqce tre, such that the actual power is in the range of 80%. For scenarios under the null hypothesis,
log(HRassumed) = log(1.5) and log(HRassumed) = log(2) is considered such that a scenario with large sample
size and a scenario with smaller sample size are respectively included.

The number of subjects to be included is calculated as:

€mace

"= 1- eXp(_ exp(ﬁmace,o))

where the denominator corresponds approximately to the marginal proportion of patients with an event within
one year.

To summarise the data generating mechanisms, [Figure 5.1] visualises a simplified version of the assumed structure
and dependencies among the variables.
5.1.1 True treatment effect

The true treatment effect is defined in terms of the expected value of the estimate of a Cox model with covariates,
in a setting without study withdrawals. We use a Cox model of the time to MACE event, including treatment
allocation and observed covariates at baseline (X and Z). This value is determined by calculating the estimate
from an independently simulated data set with 1 000 000 patients.
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Figure 5.1: Directed acyclic graph (DAG) illustrating the assumed causal structure linking the randomly as-
signed treatment (A), measured covariates (X, Z), unmeasured covariates (L), the indicator for censoring due
to withdrawal (C') and the outcome (Y).

5.1.2 Simulation scenarios

The simulation scenarios are defined as a combination of the parameters values used to simulate the data,
as outlined in The simulation scenarios are based on the core parameters defined in the table,
and by changing one parameter value at a time, with the exception of some parameters which are changed
together, such as parameters related to the covariate effects of X and Z, the while-one-treatment effect Sp,qce,tre
and the treatment effect within the buffer window Bmace,trtbuffer. Also, for the type 1 error assessment,
scenarios are assessed with two sample sizes. Three type 1 error assessment were added, with the addition of a
confounding covariate effect on respectively the discontinuation, withdrawal and MACE event. The description
of the simulation scenarios can be found in

5.2 Analysis methods

Time to event will be defined as time from treatment initiation to occurrence of the adverse event. Follow-up
times will be censored at the end of a predefined buffer period after treatment discontinuation or after withdrawal,
or at the end of follow-up for the patient, whichever comes first.

A Cox proportional hazard model is used to estimate the treatment effect, with or without the X and Z
covariates.

A model with inverse probability weighting (IPW) is also used to estimate the treatment effect, with or without
the X and Z covariates. The goal here is to weigh patients by the inverse probability of not being censored
until the observed time. Since withdrawal is defined conditionally on discontinuation, time-varying weights are
considered. Before discontinuation, the probability of being missing is 0, and, if the patient 7 has discontinued,
the probability of being missing is P(withdraw;). Therefore, the following time-varying weights can be defined
as follows for individual ¢ at time ¢;;:

1 if tij < Tdisc,i

IPW (ti;) = { ,
TPwitharawy I tii = Tuise,

(6)

For the implementation, a logistic model will be fit on patients who have discontinued, to estimate the probability
of withdrawal, separately per treatment group, with X and Z as covariates. Then, the logistic model can be
used to calculate individual IPW weights.

To summarise, we use time-varying weights for the IPW model. If a patient has a MACE event without any
discontinuation, they are assigned a weight of one. If a patient experiences a discontinuation, they are assigned a
weight of 1 until treatment discontinuation. Then, if they have not withdrawn from the study, they are assigned
the inverse probability of not withdrawing, only during the buffer window.
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Table 5.1: Parameter values for the data generating model in the safety/while-on-treatment scenarios.

Parameter Value in core Comment Further values Comment
scenario
MACE
10% marginal
Bmace,0 log(-log(1-0.1))  one-year probability log(-log(1-0.3)) Higher event rate
for MACE
Moderate treatment No (null hypothesis), or
Pmace,rt log(1.5) effect 0, log(2) strosnger treatment iffect
Trea.tme.nt effect No or reduced treatment
Bmace.trtbuf fer log(1.5) pe.rs1sts in buffer 0, log(1.25) offect in buffer window
window
Bmace,trt,after 0
Bmace, X log(2) 0 Combinations of
Bmace,z log(2) 0 presence and absence of
3 0 No unobserved log(2) effects of X,Z, and L
mace,L confounders & will be explored
Discontinuation
50% marginal
Bui log(-log(1-0.5)) one-year log(-log(1-0.2)) Smaller discontinuation
disc,0 lrogl discontinuation gl-og\ -0 probability
probability
6disc,trt 10g(2)
Bdise,x log(2) 0 Combinations of
Bdise,z log(2) 0 presence and absence of
No unobserved effects of X,Z, and L
Paise, 1 0 confounders log(2) will be explored
Withdrawal
B log(0.5/(1-0.5))  \pprox. 50% 1og(0.75/(1-0.75))  Higher withdrawal rate
wd,0 s ' withdrawal s &
Buwd, x log(2) 0 Combinations of
Buwd,z log(2) 0 presence and absence of
Buwd,L 0 log(2) effects of X,Z, and L
will be explored
Buffer window
True window 1/12
[years]
Assumed Assumed window
1/12 Match true window 0, 2/12 shorter or longer than

window [years]

true window
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Table 5.2: Description of the simulation scenarios, TE: Treatment Effect, CE: Covariate Effect, BH: Baseline
Hazard, Disc: Discontinuation, Withd: Withdrawal, Null: type 1 error assessment

Scenario Change from Core Scenario

Baseline No change (core scenario)

MACE - Higher BH Bmace,0 = log(—log(1 —0.3))

MACE - No CE Bmace,X = ﬂmace,Z =0

MACE - Confounding CE Bmace,. = log(2)

Disc - Lower BH Baise,o = log(—log(1 —0.2))

Disc - No CE Bdisc,X = ﬂdisc,Z =0

Disc - Confounding CE Bdise,. = log(2)

Withd - Higher BH Buwithd,o0 = 10g(0.75/(1 — 0.75))

Withd - No CE Buwithd,x = Buwithd,z = 0

Withd - Confounding CE Buwithd, . = log(2)

Assumed window - Lower 0

Assumed window - Higher 2/12 year

TE - ngher ﬂmace,trt = 1Og(2)

TE - No TE buffer Bmace,trt,buffer =0

TE - Lower TE buffer Bmace,trt,buf fer = 10g(1.25)

Null - ngh Sample Size /Bmace,trt = ﬁmace,t?‘t,buffer =0 and HRgssumea = 1.5
Null - Low Sample Size Bmace,trt = ﬂmace,trt,buffer =0 and HRgssumed = 2

Null - Confounding CE MACE ﬁmace,trt = 5mace,trt,buffer =0 and ﬁmace,L = log(?)
Null - Confounding CE Disc ﬁmace,trt = ﬁmace,trt,buffer =0 and Bdisc,L = 10g(2)
Null - Confounding CE Withd Bmace,trt = ﬁmace,tr@buffer =0 and Bwithd7L = 10g(2)

The TPW model is explored with and without covariates. Covariates are always used for the IPW weights.
However, the IPW model without covariates refers to a model without covariates on the time to MACE.

Inference from weighted Cox models will be based on robust standard error.

5.3 Deviations from the study protocol

In the data generation, there was a deviation in the definition of the true treatment effect, where it is now
defined by simulating and estimating with covariate effects, to align with the estimation in the data analysis.

In the data analysis, there is one deviation from the protocol is the formula for the IPW weights. For individual
i, observed at time j, the probability of not being censored was characterised as P(Tyisc,i > tmace,;) X (1 —
P(withdraw;)). However, this didn’t account for the fact that withdrawal is defined conditionally on the
discontinuation status. Therefore, if we consider discontinuation status a time-varying covariate, we get that the
probability of not being censored at time ¢ is 1 if discontinuation has not happened at time ¢, and only depends
on the probability of withdrawal otherwise.

5.4 Results

In the following tables, the naming of the specific data generation scenarios are presented. For the parameter
values for the core scenario, see the second column of

Figures [5.2] summarise the performance of the investigated methods across the scenarios for the Cox model
and IPW model. The results are evaluated in terms of bias of the estimated treatment effect and Hazard Ratio,
Root Mean Squared Error (RMSE), Confidence Interval (CI) coverage and width, type 1 error and power. The
table containing all values is provided in the supplementary file mace_results_table.xlsx.

shows the bias of all MACE scenarios. This graphs show that when not adjusting for covariates,
the bias on the treatment effect is high (> 0.1) for both the Cox model and the IPW model in all scenarios
(except without covariate effects on MACE parameters). For the IPW model with covariates, the bias is low in
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all scenarios (except with an assumed buffer window longer than the value used in the data generating process,
underestimating the treatment effect). Finally, for the Cox model with covariates, the bias is low in all scenarios,
except for three scenarios: TE - Higher ; TE - Lower TE buffer ; TE - No TE buffer, i.e. when the treatment
effect changes in the buffer window (overestimating the treatment effect with a negative bias, since the estimated
treatment effect is negative). shows the RMSE of the treatment effect in all MACE scenarios, and
the results are consistent with the bias on the treatment effect.

In [Figure 5.4] we see the mean width of the confidence interval on the Hazard Ratio, as well as the coverage
rate of this confidence interval. We can see that the Cox model with covariates always has the lowest mean
width of the CI, closely followed by the Cox model without covariates and the IPW model with covariates, then
followed by the IPW model without covariates. We also see that for all models, their scenarios simulated under
Hj have a larger CI width than their scenarios simulated under H;. For the coverage rate, we see that the Cox
model and IPW model with covariates have a value very close to 95% in all scenarios, but the models without
covariates have a consistently lower coverage rate.

In we see the type 1 error rate and the power of the models for all scenarios. First, we can see that for
the models without covariates, the type 1 error is significantly lower than 2.5%. For the models with covariates,
the type 1 error rate is controlled for all models and scenarios, except for the IPW model with low sample size.
For the power we see that, for all scenarios, the models without covariates have a lower power than the models
with covariates (except for the scenario with no covariates on the MACE parameters). For all scenarios, we see
that the model with the highest power is consistently the Cox model with covariates, ranging from 0.74 to 0.87.
We also see that with covariates, the power of the Cox model is higher than the IPW model in most scenarios,
except with lower assumed window or without covariate effects on the discontinuation.
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5.5 Case study

For scenario 4, data simulated according to the core data generating model was used, analysed with the Cox
and IPW models, with and without covariates.

In we see the Kaplan-Meier curve of a simulated replicate with a sample size of 1910 patients, with
the description of the data in

In we see the results of the parameter estimation for the Cox and IPW models, with and without
covariates. For a true treatment effect of —0.4, we see that without covariates, the Cox and IPW model have
similar outputs in terms of estimation (—0.36) and uncertainty, yielding very similar p-values. With covariates,
we see that the Cox model estimates a more extreme treatment effect than the IPW model, and with lower
uncertainty, translating to a lower p-value.
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Figure 5.6: Kaplan-Meier plot

Disc. =0 Disc. =1
MACE =0 MACE =1
MACE =0 | MACE =1 |+ : : :
Withd. =0 | Withd. =1 | Withd. =0 | Withd. =1
A=0 345 96 228 312 2 -
A=1 483 77 161 206 0 -
Table 5.3: Table of events in the simulated case study

Model ‘ estimated treatment effect ‘ SE ‘ HR ‘ HR - lower CI ‘ HR - upper CI ‘ p-value ‘ true treatment effect
Cox model

without covariates | -0.355 0.152 | 0.701 | 0.519 0.945 0.019 -0.405

with covariates -0.557 0.155 | 0.572 | 0.422 0.777 0.0003 -0.405
TPW model

without covariates | -0.358 0.153 | 0.699 | 0.517 0.944 0.019 -0.405

with covariates -0.504 0.159 | 0.604 | 0.442 0.825 0.0015 -0.405

Table 5.4: Table of estimated parameters with the Cox and IPW models with and without covariates

5.6 Discussion

As for the other scenario classes, simulation results should be interpreted within the context of the assumed
data-generating mechanisms and estimand.
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In the results section we saw that the models without covariates had higher bias, lower coverage, lower type 1
error and lower power than the models with covariates, except when data was simulated without covariate effects
on the MACE probability. The significant reduction in the type 1 error can be explained by the fact that since
the treatment effect is negative, a positive bias in treatment effect (underestimating the effect) would result in
a lower probability of the estimated treatment effect to be different from 0.

When comparing the performance of the Cox model and IPW model with covariates, in most scenarios, the Cox
model outperformed the IPW model in terms of power. However, we also saw that the IPW model was less
biased than the Cox model in scenarios where the treatment effect was different while-on-treatment and during
the buffer window after discontinuation. There are also some scenarios where the two models have similar power,
namely when the assumed window is shorter. This is because, with an assumed window of 0, the Cox model
and IPW models are equivalent (since the weights of the IPW model only change after discontinuation). The
performance of the two models is also very close (in terms of bias and power) in the case where withdrawal
is simulated without a covariate effect, which could be explained by the fact that in that case, the censoring
becomes non-informative.

With a time-varying treatment effect, a bias is observed with the standard Cox model and not with the IPW
model, even though the true treatment effect accounts for the discontinuation. In fact, the true treatment effect
only accounts for discontinuation and not withdrawal (inducing a missing buffer window). In the case where
the treatment effect is the same while on treatment and during the buffer window, maybe a low bias is observed
because the model can still estimate the treatment effect while-on treatment. However, if the treatment effect
changes in the buffer window, observations are needed in the buffer window to estimate the effect. However,
buffer windows can be missing due to withdrawal, which could induce a bias in the estimation of the treatment
effect. The IPW model corrects the estimation by giving more weight to the observations in the buffer window.

The models without covariates have larger bias than their counterpart with covariates. This could be due to the
non-collapsibility of hazard ratios, since the true treatment effect was estimated from a Cox model with observed
covariates, and it is thus defined as a conditional effect, rather than a marginal one. On the other hand, covariates
also inform the probability of discontinuation and withdrawal, making the censoring informative, which could
also cause the bias in the estimation of the treatment effect without covariates.

Taken together, these results indicate that, in the context of the use of a while on treatment strategy for a
chronic disease with a safety endpoint, a standard Cox model was the most powerful approach in all scenarios,
while controlling the type 1 error rate. However, this study also show that, the Cox model is more biased
when the treatment effect changes after discontinuation. In this work, the IPW model was shown to be less
powerful than the Cox model in most scenarios, most likely due to the higher estimated standard error of the
treatment effect compared to the Cox model. It can also be explained by the fact that, while the IPW model
correctly re-weights patients after discontinuation, the rate of MACE event is low (10% after one year), and the
buffer window is short (1 month), so it is very unlikely for a MACE event to happen during the buffer window.
Therefore, the performance of the IPW model could also be investigated with other trial settings, such as higher
baseline hazard for MACE events, longer true buffer window, higher covariate effects on MACE, discontinuation
and withdrawal (for more informative censoring).
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6 Conclusions

In the first scenario class, we investigated causal inference methods for estimation and inference under a hy-
pothetical estimand strategy to address the intercurrent event of treatment switching. The studied methods
included inverse probability weigthing (IPW), the rank-preserving structural failure time model (RPSFTM),
the simplified two stage estimation (TSE), a g-formula approach and, as comparator, a Cox model in which
event times were censored at switching. Additionally, extensions of the methods to accommodate the analysis to
random censoring by additional inverse probability of censoring weights were explored. The simulations across
scenarios with different variations of the data generating mechanism showed that the studied causal inference
methods are in principle applicable to account for treatment switching under a hypothetical estimand strategy.
However, all studied methods were sensitive with respect to their inherent assumptions. Violations of assump-
tions frequently led to increased bias of estimates and deviations of type I error rates and confidence interval
coverage from their nominal levels, which, depending on the combination of methods and scenarios, could lead
to too liberal or too conservative procedures.

Among the studied methods, IPW, and the censoring comparator consistently had more power than the other
methods, closely followed by TSE. RPSFTM was found to overall provide inferior power and to be particularly
susceptible to violations of its key assumption of a common treatment effect. G-formula was observed to be
slightly more biased than other methods. We perceive that challenges with g-formula in an actual application
may be to accustom its implementation to a definite study setting, to properly prespecify its internal models
to match the true (and unknown) data generating mechanism, and to keep a necessary balance between model
complexity and a typically limited amount of data to support the estimation of the underlying models.

The causal inference methods, more so than the censoring comparator, were found to be affected by small sample
sizes. It should thus also be kept in mind that these methods may either need some additional small sample
adjustments, e.g. when estimating the robust variance for IPW, or should in general be applied to sufficiently
large data sets.

For certain patterns of unobserved confounding, specific causal inference methods were found to be particularly
more useful than the censoring comparator. In detail, there were three scenarios, in which the the comparator
Cox model resulted in biased estimates and accompanying deviations from the nominal type I error rate while
specific causal inference methods allowed for negligible bias and type I error control: ”Progression - unobserved
confounding with death”, ”switch - unobserved confounding with death” and ”death - unobserved confounding
with progr. and switch”. The first case, unobserved confounding between progression and death affects the
comparator method. However, for IPW and TSE, this setup does not correspond to unobserved confounding
as their models are conditional on having observed progression. In particular IPW was unbiased in this case
with sufficiently large sample size. In the second and third case, unobserved confounding of switching and death
affected the comparator, IPW and TSE alike. However, in all three scenarios, the assumption of a constant
treatment effect for RPSFTM was met and this method thus also had low or negligible bias. As discussed,
though, the power of RPSFTM was in general low, and violation of its assumption, if it occurred, resulted in
strong bias, such that this method may nonetheless not be the first choice for inference in a randomized trial.

In the second scenario we considered the exemplary setup of a diabetes trial with a continuous endpoint, where
the intercurrent events consisted of initiation of rescue medication and treatment discontinuation and outcome
data was potentially affected by missing values. The strategies for handling the intercurrent events were the
treatment policy strategy and the hypothetical strategy, making this scenario consist of two different estimands.
The three analysis models investigated under the treatment policy strategy, IPW, MMRM, and MI, performed
quite equal, and were approximately unbiased in scenarios with a moderate amount of missingness. Under the
hypothetical estimand two additional methods were investigated, de-mediation and g-computation. For the
hypothetical estimand strategy, method performance depended more strongly on modelling assumptions and
scenario characteristics than for the treatment policy strategy. Consequently, method choice was found to be
more critical when targeting the hypothetical estimand.

In summary, the results of this simulation showed the similarity of estimator performance under favourable
conditions, especially for the treatment policy estimand. For the hypothetical estimand, MMRM often had
smaller bias and higher power, while IPW had better type I error control in the increased rescue probability
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scenario. Therefore, IPW might be preferable when type I error control under increased rescue probability is
prioritized, whereas MMRM is competitive for bias, RMSE, and power in many scenarios.

The third scenario investigated causal inference methods for a preventive vaccine efficacy trial with a binary
infection endpoint, where the intercurrent event was non-completion of a two-dose regimen and a principal
stratum strategy was used to target vaccine efficacy among always compliers. The studied methods were an
instrumental variable (IV) approach using randomised allocation as the instrument and principal score weighting
in two variants (with and without the baseline markers in the outcome model), with a per-protocol analysis
restricted to observed compliers as a pragmatic comparator. The per-protocol estimator was notably robust
across all data-generating configurations, with only a modest negative bias (around one percentage point of VE
near the null, decreasing at higher efficacy), near-target power, and one-sided confidence interval coverage at or
slightly above the nominal level. The IV approach was likewise broadly robust and achieved the smallest bias
in the more complex scenarios, at the cost of slight overestimation at high efficacy. However, a clear breakdown
of performance under extreme non-compliance, and a notable negative bias when single-dose efficacy was absent
were noted. The principal score methods were more problematic. With the baseline markers included in both the
score and outcome models, bias was comparable to the per-protocol estimator, but confidence interval coverage
was consistently below nominal, indicating inflated type I error and unreliable interval estimates. The variant
omitting the markers from the outcome model was highly sensitive to model misspecification and showed the
largest bias and worst coverage in the majority of settings. Part of this behaviour is attributable to a variance-
estimation issue (model-based rather than robust standard errors), and preliminary checks suggest that corrected
variances would bring coverage closer to nominal while reducing the apparent power advantage.

In summary, the pragmatic per-protocol analysis and the IV approach emerged as the more dependable choices
for this estimand across investigated settings. With the small sample bias due to back transformation of log-
scale metrics a comparison of bias is challenging. This notwithstanding, instrumental variables showed some
improvement compared to the pragmatic per-protocol approach with respect to bias. In a setting where all
assumptions of the principal scoring method were met and all corresponding covariates were observed, it appeared
to remove most of the bias. However, that was very unstable and resulted in poor performance once deviations
from assumptions where introduced in the data generating model. Importantly deviations due to unobserved
covariates in the data generating model had substantial impact which would be difficult to address in practice.

The principal score methods should be applied with caution given their sensitivity to outcome-model specification
and the difficulty of verifying the underlying assumptions in practice. As in the other scenarios, correct estimation
was achievable under appropriate assumptions, but these are largely untestable. Refinements such as robust or
bootstrap variance estimation and doubly-robust extensions are promising directions for future work.

The fourth scenario aimed to investigate analysis methods for the analysis of a safety endpoint for a chronic
disease with a while on treatment strategy. The goal was to account for a buffer window after treatment
discontinuation to record extra events. While, in this context, a standard Cox proportional hazard model was
the most powerful approach, the estimation of the treatment effect was biased in the case where the treatment
effect changes after discontinuation. On the other hand, while the IPW model was less biased in that case (with
correct specification of the withdrawal model), it was also less powerful than the standard Cox model in all
scenarios, most likely due to a higher uncertainty in the estimation of the treatment effect. In summary, this
fourth scenario highlighted that causal inference approaches such as inverse probability weighting could be used
in lieu of ’standard’ approaches in the case where there is reason to believe that the treatment effect would
change after treatment discontinuation in order to obtain more reliable estimation of the treatment effect, if the
assumptions made on the censoring mechanism are correct, in particular the duration of the buffer window.

The interpretation of these simulation findings requires careful consideration of (i) the estimand definition, (ii)
the underlying data-generating mechanism, and (iii) the plausibility of identifying assumptions. As an overall
finding across the considered scenario classes and estimand strategies, the simulation results showed that the
studied causal inference methods are sensitive with respect to their specific model assumptions. Violations of
these assumptions can lead to poor performance in terms of power and bias, incorrect inference, and misleading
conclusions. In many scenarios, more simple covariate adjusted regression models resulted in similar or superior
performance compared to the dedicated causal inference methods, which may limit the potential use of these
methods. Furthermore, the methods are based on complex estimation procedures, which involve the estimation
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of additional model parameters or weights compared to simpler comparator methods. The estimation of these
additional parameters may lead to increased variance of estimates for the treatment effect, which may result in
slightly reduced power and reduced robustness in small sample settings.

In conclusion, while correct estimation of different estimands in randomised trials via causal inference methods
was found to be possible under appropriate assumptions, it will remain challenging to ensure that, mostly
untestable, assumptions are met in an actual application. Future research may focus on developing sensitivity
analysis to support the application of the studied methods.
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Appendices

A Case study for treatment switching - example code

Read case study data

The Rdata file trt_switch_case_studies.Rdata includes the data set for both case treatment switching case studies
as well as the function analyse_oncology_gformula_returndata(), which contains the implementation of the g-

formula approach.

load("trt_switch_case_studies.Rdata")
#select case study
data<-data_case_study_1

#or uncomment
#data<-data_case_study_2

Inverse probability weighting (IPW)

library (survival)

#Set of control patients with progression

set<-data$trt == 0 & data$prog_ev == 1

#Fit logistic regression to estimate probability of

#switching at the time of progression, depending on covariates X and W

#the time of progression (secondary baselin)

wmod <- glm(switch ~ X_2BL + W_2BL, family = binomial, data = data, subset = set)

pred <- predict(wmod, type = "response")
#Allocate weights
pred_a <- ifelse(data$switch[set] == 1, pred, 1 - pred)

data$w <- 1
data$wlset] <- 1 / pred_a

#Bring data to a start-stop layout. Date for patients with progression
#is split in two lines, weights are applied to the second line
sdat <- tmerge(datal = data, data2 = data, id = id, tstop = event_time)

sdat <- tmerge(datal = sdat, data2 = data, id = id, death_event = event(event_time,
sdat <- tmerge(datal = sdat, data2 = data, id = id, PD = tdc(prog_time))
sdat$wlsdat$PD == 0 | sdat$trt == 1] <- 1

#Switchers are censored at the time of switching

remo<-sdat$trt == 0 & sdat$PD == 1 & sdat$switch == 1

dat_a<-sdat[!remo,]

#Fit a Cox model with IPW. Use robust variance for inference.

mod_ipw<-coxph(Surv(time=tstart,time2=tstop,event=death_event)~trt+X_0+W_O,
data=dat_a,weights=w,robust=TRUE,id=id)

summary (mod_ipw)

Rank-preserving structural failure time model (RPSFTM)

#For RPSFTM the data needs to contain an information regarding

#the relative time in treatment. This is added here:

prep_data_RPSFTM_fun <- function(data) {
data$time_on_trt <- O
data$time_on_trt[data$trt == 1] <- data$event_time[data$trt == 1]
set_sw <- data$trt == 0 & data$switch == 1
data$time_on_trt[set_sw] <- data$event_time[set_sw] - data$prog_time[set_sw]
data$time_on_trt_relative <- data$time_on_trt / data$event_time
data$max_FU <- data$calendar_end_of_study - data$calendar_start_time
set_admin_cens <- data$max_FU < data$event_time
data$max_FU[set_admin_cens] <- data$event_time[set_admin_cens]
data

}

data_rpsftm <- prep_data_RPSFTM_fun(data)

#The actual analysis is performed using the rpsftm function

#in the trtswitch package
library (trtswitch)
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RPS <- rpsftm(
data = data_rpsftm, id = "id", time = "event_time", event = "ev
base_cov = c("X_0", "W_0"),
rx = "time_on_trt_relative",
psi_test = "phreg",
alpha = 0.05,
censor _time = "max_FU",
autoswitch = TRUE,
recensor = FALSE,
gridsearch = FALSE,
root_finding = "bisection",
boot = TRUE,
n_boot = 1000,
nthreads = 1,
seed = 851

", treat = "trt",

)
data.frame (HR = RPS$hr,SElogHR = sd(log(RPS$hr_boots) ,na.rm=TRUE),low = RPS$hr_CI[1],up =
RPS$hr _CI[2] ,p = RPS$pvalue)

Simplified two-stage estimation (TSE)

#For TSE the data needs to contain an information regarding
#the relative time in treatment, similar to RPSFTM.
data_rpsftm <- prep_data_RPSFTM_fun(data)
#The actual analysis is performed using the tsesimp function
#in the trtswitch package. The data set needs to contain covariate
#values at secondary baseline, which is already included in the case
#study data.
TSE <- tsesimp(

data = data_rpsftm,

idq = "id",

time = "event_time",

event = "ev",

treat = "trt",

censor _time = "max_FU",

pd = "prog_ev",

pd_time = "prog_time",

swtrt = "switch",

swtrt_time = "prog_time",

base_cov = c("X_0", "W_0"),

base2_cov = c("X_2BL", "W_2BL"),

aft_dist = "weibull",

alpha = 0.05,

recensor = FALSE,

swtrt_control_only = TRUE,

offset = 0,

boot = TRUE,

n_boot = 1000,

nthreads = 1,

seed = 761
)
data.frame (HR = TSE$hr,SElogHR = sd(log(TSE$hr_boots) ,na.rm=TRUE),low = TSE$hr_CI[1],up =

TSE$hr_CI[2],p = TSE$pvalue)

Non-parametric g-formula

The g-formula approach requires relatively complex code to perform all steps as described in Section XXX.
Furthermore, the code is less general but my need adaptations for specific data structures or assumptions
regarding the associations between observed variables. It is therefore not displayed in full length here, but
exemplary analysis by the function analyse_oncology_gformula_returndata() is shown here. The code of this
function is included in the Rdata file trt_switch_case_studies.Rdata together with the case study data sets. Note
that this function, as opposed to the function applied in the simulation, returns a two-sided p-value.

set.seed (741)

#Note that this function may take substantial computation time when used with

#B=1000 bootstrap samples.
gform<-analyse_oncology_gformula_returndata(B=1000,reps=10,n_ev_cutoff_no_bootstrap=2000,
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return_data=TRUE) (condition=1ist (k=10,max_duration=7) ,data)
; as.data.frame (gform[1:5])

Censoring event times after switching

data_cens<-data

> set_cens <- data$trt == 0 & data$switch == 1
3 data_cens$event_time[set_cens] <- data$prog_timel[set_cens]

data_cens$ev[set_cens] <- 0

5 mod_cens <- coxph(Surv(time = event_time, event = ev) ~ trt + X_0 + W_O,
data = data_cens)

7 summary (mod_cens)

B Tables from diabetes scenario

Tables and summarise the characteristics of the simulated datasets and the perfor-

mance of the investigated estimators across scenarios.

Table B.1: For each scenario the number of patients, number of patients in each treatment group, proportion
of patients who received rescue medication, proportion of patients with missing data are shown, and the true
treatment effect under the treatment policy strategy.

Scenario n n trt n ctrl | Rescue in % | Missingness in % | True tp effect
CS 98 | 48.8822 | 49.1178 0.1009418 0.0494398 -0.4416098
NC 130 | 64.9802 | 65.0198 0.1056477 0.0497938 -0.4391157
RTE 388 | 193.9519 | 194.0481 0.1084278 0.0531062 -0.2147860
MR 98 | 49.0555 | 48.9445 0.3432561 0.0523306 -0.3204601
PV 98 | 49.0696 | 48.9304 0.0611449 0.0494153 -0.4601917
ROT 98 | 48.9506 | 49.0494 0.1010051 0.0488847 -0.4789763
NM 98 | 49.0130 | 48.9870 0.1061459 0.0000000 -0.4410794
HM 98 | 49.0247 | 48.9753 0.0806806 0.1311051 -0.4417916
CS_null 98 | 48.9804 | 49.0196 0.1181735 0.0579541 0.0000000
NC_null 130 | 65.0511 | 64.9489 0.1245331 0.0594462 0.0000000
RTE.null | 388 | 194.2919 | 193.7081 0.1183598 0.0581515 0.0000000
MR_null 98 | 49.0301 | 48.9699 0.3890929 0.0595857 0.0000000
PV_null 98 | 48.9808 | 49.0192 0.0833061 0.0589704 0.0000000
ROT.null | 98 | 48.9926 | 49.0074 0.1176602 0.0582469 0.0000000
NM _null 98 | 49.0309 | 48.9691 0.1246224 0.0000000 0.0000000
HM _null 98 | 49.0121 | 48.9879 0.0910092 0.1696622 0.0000000
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Table B.2: For each scenario and for each method the bias is presented. Bias is defined as the average difference
between the estimated treatment effect at the final visit and the true treatment effect at the final visit across

simulations.
Scenario ipwtp mmrmtp mitp ipwhyp dmhyp gcomhyp | mmrmhyp mihyp
CS 0.0006502 | -0.0016925 | 0.0004807 | 0.0047533 | 0.0169440 | 0.0111538 | -0.0027947 | 0.0116192
NC -0.0008941 | -0.0008885 | -0.0012211 | -0.0052149 | 0.0210029 | -0.0053637 | -0.0053040 | -0.0038430
RTE 0.0011141 | 0.0001451 | 0.0012313 | 0.0038295 | 0.0223919 | 0.0084660 | 0.0001640 | 0.0064983
MR 0.0032206 | 0.0009799 | 0.0013502 | 0.0145732 | 0.1248019 | 0.0277584 | -0.0081529 | 0.0378065
PV -0.0016425 | -0.0031288 | -0.0016856 | 0.0158128 | 0.0066908 | 0.0284722 | -0.0039473 | 0.0285220
ROT 0.0023803 | 0.0008065 | 0.0034767 | 0.0050526 | 0.0010487 | 0.0182732 | -0.0029841 | 0.0124535
NM -0.0017520 | -0.0017520 | -0.0017520 | 0.0028942 | 0.0141991 | 0.0079547 | -0.0037271 | 0.0083724
HM 0.0279325 | 0.0147959 | 0.0355904 | 0.0412961 | 0.0653089 | 0.0554190 | 0.0233721 | 0.0650841
CS_null -0.0032367 | -0.0030869 | -0.0031406 | -0.0025971 | -0.0018671 | -0.0029073 | -0.0023090 | -0.0028334
NC_null -0.0007668 | -0.0008456 | -0.0008103 | 0.0000997 | -0.0003729 | -0.0000057 | 0.0001700 | 0.0008865
RTE.null | 0.0001563 | 0.0000560 | 0.0000478 | -0.0004121 | 0.0000287 | -0.0004598 | -0.0001833 | -0.0006469
MR_null 0.0006187 | 0.0009227 | 0.0005143 | 0.0009779 | 0.0002063 | 0.0016744 | 0.0010304 | 0.0026139
PV_null -0.0012818 | -0.0014263 | -0.0014815 | -0.0014481 | -0.0014616 | -0.0017344 | -0.0015612 | -0.0013153
ROT_null | 0.0030588 | 0.0028168 | 0.0032357 | 0.0037160 | 0.0022363 | 0.0030622 | 0.0027775 | 0.0038298
NM_null 0.0018154 | 0.0018154 | 0.0018154 | 0.0022200 | 0.0026920 | 0.0020908 | 0.0026413 | 0.0023485
HM_null | -0.0023036 | -0.0026282 | -0.0029003 | -0.0021912 | -0.0013864 | -0.0026107 | -0.0027508 | -0.0023443

Table B.3: For each scenario and each method the root mean squared error of the estimates are shown. Root
mean squared error is defined as the square root of the mean squared error, where mean squared error is the
average of the squared differences between the estimated treatment effect at the final visit and the true treatment
effect at the final visit across simulations.

Scenario ipwtp | mmrmtp mitp ipwhyp dmhyp | gcomhyp | mmrmhyp mihyp
CS 0.1876746 | 0.1867252 | 0.1875379 | 0.1988223 | 0.2010368 | 0.2010251 | 0.1964578 | 0.2006226
NC 0.1840961 | 0.1841798 | 0.1841757 | 0.1954471 | 0.1967988 | 0.1946760 | 0.1961591 | 0.1975928
RTE 0.0927408 | 0.0922710 | 0.0926689 | 0.0986366 | 0.0995629 | 0.1001530 | 0.0967920 | 0.0994371
MR 0.1889020 | 0.1880609 | 0.1887357 | 0.2387242 | 0.2406884 | 0.2345766 | 0.2301783 | 0.2467305
PV 0.1857066 | 0.1847242 | 0.1857207 | 0.1920387 | 0.2095927 | 0.1949215 | 0.1908673 | 0.1948671
ROT 0.1861721 | 0.1854089 | 0.1860522 | 0.1979874 | 0.1981909 | 0.1905421 | 0.1950226 | 0.1990834
NM 0.1855557 | 0.1855557 | 0.1855557 | 0.1959526 | 0.1974727 | 0.1985274 | 0.1944962 | 0.1967922
HM 0.1892125 | 0.1867890 | 0.1905767 | 0.2008334 | 0.2098892 | 0.2055599 | 0.1953288 | 0.2104219
CS_null 0.1841909 | 0.1837779 | 0.1843015 | 0.1963476 | 0.1953881 | 0.1967223 | 0.1931410 | 0.1984686
NC_null 0.1817718 | 0.1820279 | 0.1817499 | 0.1940933 | 0.1923399 | 0.1932031 | 0.1950058 | 0.1968291
RTE_null | 0.0919131 | 0.0913392 | 0.0917821 | 0.0982097 | 0.0953776 | 0.0988292 | 0.0965914 | 0.0991133
MR_null | 0.1853933 | 0.1843628 | 0.1853240 | 0.2445464 | 0.2018097 | 0.2381298 | 0.2364746 | 0.2544165
PV _null 0.1823168 | 0.1812118 | 0.1824539 | 0.1913195 | 0.2056231 | 0.1907829 | 0.1910792 | 0.1931071
ROT_null | 0.1835469 | 0.1823894 | 0.1832452 | 0.1966027 | 0.1959879 | 0.1871662 | 0.1935434 | 0.1982457
NM_null | 0.1789837 | 0.1789837 | 0.1789837 | 0.1923704 | 0.1907758 | 0.1939772 | 0.1904131 | 0.1933431
HM_null | 0.1873740 | 0.1863341 | 0.1873972 | 0.1979329 | 0.1983898 | 0.1994605 | 0.1953284 | 0.2035925
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Table B.4: For each scenario and each method the confidence interval coverage is shown. Confidence interval
coverage is defined as the proportion of simulations in which the 95% confidence interval for the treatment effect
at the final visit contained the true treatment effect at the final visit.

Scenario ipwtp | mmrmtp mitp | ipwhyp | dmhyp | gcomhyp | mmrmhyp | mihyp
CS 0.9498 0.9507 | 0.9505 | 0.9498 | 0.9337 0.9351 0.9457 | 0.9426
NC 0.9527 0.9531 | 0.9536 | 0.9518 | 0.9362 0.9424 0.9503 | 0.9481
RTE 0.9459 0.9463 | 0.9464 | 0.9467 | 0.9290 0.9332 0.9441 | 0.9436
MR 0.9484 0.9482 | 0.9478 | 0.9486 | 0.8736 0.9344 0.9416 | 0.9285
PV 0.9510 0.9508 | 0.9516 | 0.9517 | 0.9402 0.9347 0.9507 | 0.9454
ROT 0.9538 0.9526 | 0.9544 | 0.9522 | 0.9361 0.9383 0.9504 | 0.9495
NM 0.9489 0.9494 | 0.9494 | 0.9483 | 0.9354 0.9360 0.9461 | 0.9461
HM 0.9515 0.9514 | 0.9465 | 0.9476 | 0.9249 0.9304 0.9493 | 0.9331
CS_null 0.9497 0.9484 | 0.9498 | 0.9504 | 0.9381 0.9365 0.9493 | 0.9479
NC_null 0.9544 0.9540 | 0.9548 | 0.9528 | 0.9356 0.9391 0.9517 | 0.9483
RTE_null | 0.9465 0.9465 | 0.9467 | 0.9453 | 0.9407 0.9368 0.9454 | 0.9451
MR_null | 0.9498 0.9472 | 0.9488 | 0.9469 | 0.9231 0.9355 0.9360 | 0.9228
PV _null 0.9463 0.9464 | 0.9467 | 0.9488 | 0.9387 0.9360 0.9458 | 0.9460
ROT_null | 0.9507 0.9504 | 0.9504 | 0.9499 | 0.9326 0.9386 0.9472 | 0.9448
NM_null | 0.9472 0.9481 | 0.9481 | 0.9473 | 0.9332 0.9361 0.9458 | 0.9438
HM_null | 0.9492 0.9470 | 0.9492 | 0.9521 | 0.9381 0.9351 0.9465 | 0.9390

Table B.5: For each scenario and each method the type 1 error is shown. Type 1 error is defined as the proportion
of simulations in which the null hypothesis of no treatment effect was rejected at a significance level of 0.025,
among simulations where the true treatment effect was zero.

Scenario ipwtp | mmrmtp mitp | ipwhyp | dmhyp | gcomhyp | mmrmhyp | mihyp
CS_null 0.0244 0.0240 | 0.0235 | 0.0253 | 0.0302 0.0317 0.0257 | 0.0260
NC_null 0.0217 0.0218 | 0.0212 | 0.0232 | 0.0308 0.0294 0.0233 | 0.0257
RTE null | 0.0254 0.0242 | 0.0256 | 0.0256 | 0.0286 0.0287 0.0254 | 0.0256
MRonull | 0.0253 0.0262 | 0.0260 | 0.0268 | 0.0384 0.0329 0.0320 | 0.0390
PV_null 0.0273 0.0281 | 0.0266 | 0.0254 | 0.0326 0.0323 0.0281 | 0.0265
ROT_null | 0.0243 0.0244 | 0.0246 | 0.0253 | 0.0340 0.0313 0.0265 | 0.0285
NMonull | 0.0250 0.0247 | 0.0247 | 0.0261 | 0.0331 0.0315 0.0273 | 0.0275
HM_null | 0.0245 0.0253 | 0.0239 | 0.0237 | 0.0285 0.0326 0.0256 | 0.0296

Table B.6: For each scenario and each method the power is shown. Power is defined as the proportion of
simulations in which the null hypothesis of no treatment effect was rejected at a significance level of 0.025,
among simulations where the true treatment effect was not zero.

Scenario | ipwtp | mmrmtp mitp | ipwhyp | dmhyp | gcomhyp | mmrmhyp | mihyp
CS 0.6373 0.6500 | 0.6393 | 0.6791 | 0.6899 0.6530 0.7068 | 0.6697
NC 0.6445 0.6480 | 0.6481 | 0.7051 | 0.7003 0.7013 0.7047 | 0.6973
RTE 0.6421 0.6510 | 0.6446 | 0.6977 | 0.6644 0.6630 0.7291 | 0.6887
MR 0.3861 0.3953 | 0.3921 | 0.5087 | 0.4976 0.5027 0.6060 | 0.4932
PV 0.6831 0.6927 | 0.6871 | 0.6858 | 0.6662 0.6527 0.7307 | 0.6710
ROT 0.7101 0.7199 | 0.7103 | 0.6802 | 0.7220 0.6811 0.7127 | 0.6647
NM 0.6605 0.6591 | 0.6589 | 0.6984 | 0.7168 0.6757 0.7201 | 0.6913
HM 0.5774 0.6138 | 0.5645 | 0.6094 | 0.5934 0.5768 0.6635 | 0.5739
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C Case study for vaccine scenario - example code

Principal Score Weighting

library (emmeans)

# prepare data
datl <- dat |>

within ({

C <- factor(C, levels=c("0", "1"))

trt <- factor(trt, levels=c("1", "0"))
i)

# propensity score model
mod_ps <- glm(C ~ V + W, subset = (trt==1), data=datl, family=binomial())
# get odds from predicted values on the link (log-odds) scale
odds <- predict(mod_ps, newdata = datl, type="link") |[>
exp ()

# calculate weights
datl <- datl |[|>
dplyr::mutate (
weight = dplyr::case_when(
((trt==1) & (C=="1")) ~ 1,

((trt==0) & (C=="0")) ~ O,
((trt==1) & (C=="0")) ~ O,
((trt==0) & (C=="1")) ~ odds

3 # calculate outcomes model, weighted by score
# version 1, with V and W in the outcomes model
outcome_mod_1 <- glm(evt ~ trt + V + W, weights=weight, family=binomial(), data = datl)

res <- emmeans (outcome_mod_1, ~ trt) |[>
regrid("log") |>
contrast (method="pairwise", type="response") |>
summary (null=1log(1-0.3), side="<", infer=TRUE, level=0.95)

# calculate VE as 1-risk ratio
1-res$ratio

1-res$asymp.UCL

res$p.value

# calculate outcomes model, weighted by score

3 # version 2, without V and W in the outcomes model

outcome_mod_2 <- glm(evt ~ trt, weights=weight, family=binomial(), data = datl)

res <- emmeans (outcome_mod_2, ~ trt) |>
regrid("log") |>
contrast (method="pairwise", type="response") |[>
summary (null=1log(1-0.3), side="<", infer=TRUE, level=0.95)

# calculate VE as 1-risk ratio
1-res$ratio

1-res$asymp.UCL

res$p.value

Instrumental Variable Regression

library (emmeans)

# prepare data
datl <- dat |[|>

within ({
# Indicator 1 if complier in treatment group
T <- factor(ifelse(((trt==1) & (C==1)), 1L, OL), levels=c("1", "0"))
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# recode 0/1 coded variables as factors
V <- factor (V)

W <- factor (W)

trt <- factor(trt)

# recode F/T coded variable to 0/1

evt <- as.integer (evt)

b

; # estimate stage 1 and save to datl

x_stagel <- model.matrix(~ trt + V + W, data=datl)

y_stagel <- model.matrix(~T + V + W, data=datl)

lm_stagel <- 1lm.fit(x=x_stagel, y=y_stagel)

datl[, c("stagel_T", "stagel V", "stagel_W", "stagel_1")] <-
lm_stagel$fitted.values[, c("TO", "Vi", "Wi", "(Intercept)")]

# estimate stage 2

stage2 <- glm(
evt ~ stagel_1 + stagel_T + stagel_V + stagel_W - 1,
data = datl,
family = poisson(link="log")

)

res <- emmeans(stage2, ~ stagel_T, at=list(stagel_T=c(0,1))) |[>
pairs(type="response") |>
summary (null=1log(1-0.3), side="<", infer=TRUE, level=0.95)

# calculate VE as 1-risk ratio
1-res$ratio

1-res$asymp.UCL

res$p.value

Per-Protocol Analysis

library (emmeans)

datl <- dat |>
within ({
# recode as factor
trt <- factor (trt, levels = c("1", "0"))
b

mod_ve <- datl |[|>
subset (C==1) |>
glm(evt ~ trt + V + W, data = _, family=poisson(link="log"))

res <- emmeans (mod_ve, ~ trt) |>
pairs (type="response") |>
summary (null=log(1-0.3), side="<", infer=TRUE, level=0.95)
# calculate VE as 1-risk ratio
1-res$ratio
1-res$asymp.UCL
res$p.value

D Case study for while-on treatment strategy - example code

While-on-treatment strategy - Cox and IPW model

library (survival)

### select patients who discontinue and don’t withdraw
disc_not_withdraw <- data$event_disc==1 & data$withdraw==

### censor MACE events happening after discontinuation + buffer window
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data[disc_not_withdraw,"event_mace"] <-
ifelse(datal[disc_not_withdraw,"t_mace"]-datal[disc_not_withdraw,"t_disc"]<buffer,
dataldisc_not_withdraw,"event_mace"],
0)

dataldisc_not_withdraw,"t_mace"] <-
ifelse(dataldisc_not_withdraw,"t_mace"]-datal[disc_not_withdraw,"t_disc"]<buffer,
datal[disc_not_withdraw,"t_mace"],
pmin(1,dataldisc_not_withdraw,"t_disc"]+buffer))

### Cox model ###
fit_cox_cov <- coxph(Surv(t_mace, event_mace) ~ A+X+Z, data = data, id = ID)

### IPW model ###
### convert dataset into long format with t_disc as a breakpoint

## select patients who discontinue and don’t withdraw
disc_not_withdraw <- data$event_disc==1 & data$withdraw==
data$disc=0

data2 <- datal[disc_not_withdraw,]

## first line per ID -> t_start = O t_stop = t_mace (if t_mace<t_disc) or t_disc or 1

data$t_mace_start <- 0

data$t_mace_stop <-
ifelse(data$event_disc==1,data$t_disc,ifelse(data$event_mace==1,data$t_mace,1))

data$event _mace <- ifelse(data$event_disc==1,0,data$event_mace)

## for patients who discontinued -> second line per ID -> t_start = t_disc t_stop = t_mace or
t_disc + buffer

data2$t_mace_start <- data2$t_disc

data2$t_mace_stop <- data2$t_mace

data2$disc <- 1

## check if buffer window is of length O -> if yes return the original dataset
if (mean(data2$t_mace_start==data2$t_mace_stop)==1) {
data <- data
} else {
data <- (rbind(data,data2)|>arrange(ID,t_mace_start))
}

### select patients who discontinued and fit logistic model on withdrawal seprately
### per treatment arm

dat_withdraw <- data |> filter(event_disc==1,!duplicated(ID))

fit_withdraw_0 <- glm(withdraw~X+Z,data=dat_withdraw|>filter (A==0) ,family = binomial(link =
"logit"))

fit_withdraw_1 <- glm(withdraw~X+Z,data=dat_withdraw|>filter (A==1) ,family = binomial(link =
"logit"))

### predict the probability of not withdrawing from the study after discontinuation

pO0 <- predict(fit_withdraw_0O, newdata = data, type = "response")
pl <- predict(fit_withdraw_1, newdata = data, type = "response')
1p <- c(O)

for (i in 1:dim(data) [1]) {
if (data$disc[il==1) {
if (datal[i,"A"]==0) {
lp <- c(1p,1-p0[il)
}else {
lp <- c(1lp,1-p1[il)
}

} else {
lp <- c(1lp,1)
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}
}

74 ### compute IPW weights
; data$IPW <- 1/1p

~

76

8

### estimate IPW model
(coxph (Surv(t_mace_start ,t_mace_stop,event_mace)~A+X+Z,data=data,id=ID,weights=IPW,robust=T))

E

Attached files

Numeric simulation results for the treatment switching scenarios, corresponding to the presented figures in
Section 2 are included in the files

)

”trt_switch_small_n_H1 _results.xlsx’
7trt_switch_small_n_HO_results.xlsx”
”trt_switch_large n_H1 results.xlsx”
7trt_switch_large n_HO_results.xlsx”

?trt_switch_extra_cens_HO_results.xlsx”

7trt_switch_extra_cens_H1 _results.xlsx”

Data for the case studies for treatment switching and the R function analyse_oncology_gformula_returndata() to
fit the g-formula is included in the Rdata file ”trt_switch_case_studies.Rdata”.

Numeric simulation results for the vaccine scenarios corresponding to the results presented in Section [4] are
provided in the attached files

?results_vaccine_scenarios_A1.xlsx”
?results_vaccine_scenarios_A2.x1sx”
?results_vaccine_scenarios_B1.xlsx”
?results_vaccine_scenarios_C1.xlsx”
?results_vaccine_scenarios_D1.xlsx”

”results_vaccine_scenarios_extra.xlsx”

simulation results for the while-on-treatment scenarios with MACE endpoint corresponding to the results pre-
sented in Section [p| are provided in the attached file ”mace_results_table.xlsx”.
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