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Abstract

In the planned simulation study, the use of causal inference methods in the analysis of randomised
controlled trials in the presence of intercurrent events and missing data under application of the
ICH E9 addendum estimand framework will be investigated. The simulation study will comprise
four scenario classes, covering 1) Scenarios with a time-to-event endpoint, treatment switching as
intercurrent event and a hypothetical strategy, 2) scenarios with a continuous endpoint, adminis-
tration 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 as intercurrent event with an estimand aiming at the
principal stratum of compliers, and 4) scenarios with a safety endpoint in a chronic disease setting,
treatment discontinuation as intercurrent event and a while-on-treatment strategy. Corresponding
causal inference analysis methods will include variations of rank-preserving structural failure time
models, inverse probability weighting, g-computation, g-estimation approaches and instrumental
variable methods. Conventional comparator methods such as mixed models for repeated measures
and proportional hazards Cox models will be included. The data will be simulated using para-
metric data-generating models informed by real example studies, in which the outcome as well as
intercurrent events and potential missing data mechanisms depend on baseline and time-dependent
covariates and may be mutually dependent. Different choices of parameter values allow for sim-
ulations that either meet or violate assumptions of the analysis models in order to explore their
characteristics and robustness. Operating characteristics will be assessed in terms of type I error
rate, power, bias, variance, mean squared error and confidence interval coverage and width.



Chapter 1

Introduction

The simulation study protocol includes the prespecification of the simulation scenarios and infer-
ence methods to be included in the simulation study, including considerations on assumed data
generating mechanisms and according numerical values, the scope and specification of causal infer-
ence and comparator inference methods, as well as planned metrics for the assessment of operating
characteristics of the studied methods.

The simulation study will focus on scenarios for two-armed randomised controlled trials with an
experimental treatment group and a control group, one primary endpoint, one or more baseline
covariates as well as time-dependent covariates, one or more potential intercurrent events and
different mechanisms resulting in missing data.

The simulation will comprise four scenario classes: 1) Scenarios with a time-to-event endpoint,
treatment switching as intercurrent event and a hypothetical strategy, 2) scenarios with a contin-
uous 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, and 4) scenarios with a safety endpoint in a chronic disease setting,
treatment discontinuation as intercurrent event and a while-on-treatment strategy. The data gen-
erating models and analysis methods are informed by example studies identified in the literature
review. An overview on the planned scenarios, estimands and methods is given in

1.1 General considerations for the simulation study

The simulation study will focus on randomised trials comparing an experimental treatment to a
control treatment, with the aim to test the null hypothesis of no treatment effect and provide a
point estimate and a confidence interval for the treatment effect. Within each simulated data set,
data of one patient is sampled independently from data of the other patients. The data generating
models are parametrised via a set of scenario specific parameters (such as regression coefficients in
a true regression model). Further parameters pertain to trial design characteristics such as sample
size and recruitment rates. Scenarios are defined through data generating models from which
individual patient data will be sampled. The choice of parameters and scenario configurations
are guided by findings from the literature review and the review of European Medicines Agency
scientific advices and European public assessment reports. The data-generating mechanisms are
constructed within a structural causal framework, represented through structural causal models
(SCMs) and corresponding directed acyclic graphs (DAGs), ensuring that the temporal ordering
and causal dependencies between variables are respected.

To assess the operating characteristics of the studied inference methods in dependence of underlying



Table 1.1: Scenario classes considered in the simulation study, defined through the combination of
type of endpoint, 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 of ICE and Summary
endpoint measure

Strategy Methods

RPSFTM
IPW

TSE
g-computation

Oncology setting with
switching and time to Hazard ratios Hypothetical
event endpoint

. . . Treatment policy IPW
Diabetes trial with W

. Difference in
rescue medication and H . ..
. . means ypothetical de-mediation
continuous endpoint

g-computation

Vaccine trial with
incomplete vaccination
(lack of tolerability)
and binary endpoint
Safety trial with
?;:;)Eféi};f::;nt?ie to Hazard ratios While on treatment IC}? (rjn\;)fetmg risk

event endpoint

Principal stratum of
Vaccine efficacy compliers with
vaccination regimen

v
Propensity score

data generating mechanisms and trial design options, the simulations will be performed over a set
of parameter values for the same scenario type. In addition, to assess the dependence on choices
within the analysis methods, inferential methods may be applied with different specifications, e.g.
including and excluding certain covariates in analysis models.

The following considerations apply to all scenarios:

Variation of parameter values: For each scenario class, a core scenario is defined via a specific set
of parameter values in the respective data generating model. Variations in parameter values (such
as the effect of covariates or the marginal probability for a given event) are prespecified and these
deviations are designed to resemble different mechanistic assumptions on the data generation or to
resemble meeting/violation of certain assumptions of different analysis methods. In the simulation,
we will explore the core scenarios and mainly further scenarios that deviate from the core scenario
in one parameter at a time.

Type I error rate: In all scenarios, simulations under the null hypothesis will be included. Hypoth-
esis tests will be performed at the one-sided 2.5% significance level and confidence intervals will be
calculated as two-sided 95% confidence intervals.

Sample size: The sample size is chosen such that the power provided by a usual sample size
calculation for the according analysis problem is approximately 80%, given the assumed true effect
size under the alternative. For scenarios under the null hypothesis, effect sizes as for the simulations
under the alternative are assumed for sample size planning, however the subsequent simulation is
performed under the null.

Randomisation: In all simulations we will consider simple randomisation with a 1:1 allocation ratio.

Number of simulation runs: In general, simulations will be based on 10,000 iterations. In case that
this number of simulation results in unfeasibly large computation times for certain scenarios or
analysis methods, a reduced number of iterations, e.g. 2000, may be considered. Notwithstanding



the trade-off between computation time and number of simulation runs, the number of repetitions
and the number of bootstrap samples will be chosen to be large enough to ensure sufficient precision
of the estimated operating characteristics to be informative.

Operating characteristics: All scenarios will be evaluated in terms of common operating character-
istics of the analysis methods, including type I error rate, power, bias, confidence interval coverage

and width, see

This protocol is organised as follows: Chapter 1 contains general considerations for the overall
simulation setup and aim of this project. The scenario classes are presented by their setting and
type of intercurrent event together with the proposed strategy for handling intercurrent events.
Chapters 2, 3, 4, and 5 go through each of the four scenarios in greater detail. They are structured in
similar ways, providing specifications of the data generating mechanisms followed by specifications
of analysis methods and software packages to be used. In Chapter 6, the planned metrics for the
assessment of simulation results are described and the approach towards Case studies is outlined,
which will be used to showcase the studied causal inference methods for specific examples. Chapters
7 provides details regarding the software implementation and programming of the simulation study.



Chapter 2

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

In this set of scenarios, we consider 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., 2016)).

Estimand: The considered estimand has the following relevant attributes:
e Endpoint: Time from randomisation to death from any cause.

e Treatments: Experimental versus control, administered in regular intervals (not further spec-
ified 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.

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

Analysis methods: The following causal inference methods will 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)

G-computation (g-formula) (Al Tawil et al., 2024)

As the comparator method we will use 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 depen-
dent 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 anal-
ysis 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. IPCW 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

As general trial design, we assume event driven studies with a (maximal) recruitment phase of
2 years and a maximal overall study duration of 7 years. The number of events ey, required
to stop the study is determined by Schoenfeld’s formula (Schoenfeld, 1981) as estop = ((21—a/2 +
21-5)/10g(H Ryssumed))? * 4. Here z, is the v quantile of the standard normal distribution. For
all simulations, the nominal two-sided significance level will be a = 0.05, the aimed for power will
be 1 — 8 = 0.8. For scenarios under the alternative hypothesis, the log-hazard ratio assumed for
planning log(H Ryssumed) Will be chosen to be equal to the simulated treatment effect Bgeqtn 4, such
that the actual power will be in the range of 80%. For scenarios under the null hypothesis, the
sample size will be calculated assuming log(H Russumed) = 10g(0.5) and log(H Rassumed) = 10g(0.75)
such that a scenario with a small sample size and a scenario with a larger sample size are included.

The recruitment rate will be chosen as egq, per year, such that with 2 years recruitment 50%
of patients will experience an event within the study. Of note, the median survival times in the
simulation are chosen such that typically the required number of events is not reached before the
end of the recruitment period but is achieved within the remaining five years of follow-up. The
actual number of patients in a single simulation run will be sampled from a Poisson distribution
with rate 2 x es0p. Note that with this approach the average study duration is in the order of
magnitude of the median survival time added half the recruitment interval length.

Starting dates for patients in terms of calender time are sampled from a uniform distribution over
the planned recruitment interval.

In case the required number of events is not reached within the maximal study duration, the
simulated study will be stopped after the maximal study duration. This is mainly intended to
avoid unrealistically large durations, while the simulation parameters are in general chosen such
the maximal duration is not reached in the vast majority of runs.

Treatment switching is assumed to occur at the time of progression with a certain probability. The
probability to switch is assumed to depend on observed covariates only, as it is an active decision
and we assume the variables that inform this decision are collected. Switching is assumed to be
allowed only from the control arm to the treatment arm. (Such that formally, the probability to
switch is always O for patients in the treatment group.) Note that crossing over from control to
experimental treatment is the only intercurrent event included here. In particular, no additional
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medication, such as start of a new anti-cancer therapy, is considered.

A simulated data set will include, for each patient, the randomised treatment assignment, baseline
and time dependent covariates reflecting the disease status measured at regular intervals, the time
to progression, a time dependent indicator of the switching status (which is always 0 for subjects
in the treatment arm), the time to death or last follow-up and the corresponding event indicator.
The detailed data generating mechanisms are described in the following paragraphs. Subscripts ¢
indicate the i-th patient, n denotes the overall sample size.

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.

A continuous baseline covariate X; is sampled from N(0,1).

A time dependent covariate W;(t), t > 0 is modelled as step function with jumps at t =0,1,2,...,k
years. For the simulation, k is chosen larger than the maximal trial duration, k£ = 8 will suffice for
this purpose. Denote the values over the respective time intervals W:} =Wi(t):t€[j,j+1). The
data are sampled as W; = (Wj, ..., W) ~ Np(py, Zw).

A further time dependent covariate, which will be assumed to be unobserved in the analysis,
L;(t),t > 0 modelled as step function with jumps at t =0, 1,2, ...,k years, analogous as described
for W;(t) based on values over the respective time intervals L}, = L;(t) : t € [j,j + 1). The data
are sampled as L = (Ljy,...,L}) ~ Ni(pnp, Xr).

The considered parameter values for the mean vectors py- and iy as well as the covariance matrices
Y and X, are shown in In all scenarios, the covariance matrices are such that the
variances (diagonal values) equal 1. In the core scenario, the mean vector py, is identical for both
treatment groups, whereas in further scenarios it may take different values for the two treatment
groups, see Similarly, the mean vector p; is identical for both treatment groups in the
core scenario and may take different values for the two treatment groups in further scenarios.

Table 2.1: Parameter values for multivariate normal distributions of time-dependent covariates.

Value in core
Parameter . Comment Further values Comment
scenario

Stable disease
state

Uy (0,0,...,0) (1,0.5,0,-1,-1,...,-1) Worsening disease
state  (capped  at
bottom), either in
both groups or only in
control group

Equal correlation

Sw Exchangeable(0.5) between all Toeplitz(0.9,0.8,0.7,...,0,...,0) Decreasing correlation

time-points with time, capped at

zero correlation

Stable disease

ur, (0,0,...,0) state (1,0.5,0,-1,-1,...,-1) Worsening disease
state  (capped  at
bottom), either in
both groups or only in
control group
Equal correlation
b7) Exchangeable(0.5) between all Toeplitz(0.9,0.8,0.7,...,0,...,0) Decreasing correlation

time-points with time, capped at
zero correlation
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A time dependent switching indicator D;(t) € 0,1 is defined, with D; = 0 indicating that the
patient has not switched treatment until time ¢ and D; = 1 indicating that switching has occurred
at or before time t.

The hazard function for time to progression will be defined as 7prog,i(t) = €xXp(Bprog,0 + Xi* Bprog,1 +
Wi(t) * Bprog,2(t) + Li(t) * Bprog,3 + Ai * Bprog,a)

In the control group, the probability to switch at the time of progression is defined via the cor-
responding 10g_0dds as logOddstitch,i = Bswitch,O + X’L * Bswitch,l + W’L(t) * /Bswitch,Z + I(Wz(t) >
w) * Bswitch,S + Lz (t) * 6switch,4-

The term I(W;(t) > w) is an indicator for W;(t) being larger than a threshold w. In the simulation,
w = 0 will be considered, such that a reasonable fraction of patients will meet the threshold
at the time of progression. (The marginal distribution of W;(t) is N(0,1) for all ¢ in the core
scenario, however higher values of W; will reduce the progression rate so that the fraction will
be below 50%.) In the core scenario, Bsyitch,3 = 0. In an additional scenario aimed to explore
data close to the violation of the positivity assumption for the IPW method, Bgyitcn,3 Will be set to
log(0.9/0.1)/4/2/m—log(1.5) = 2.348 (see. Furthermore, in the core scenario Bsyitcha = 0
such that switching only depends on observed covariates. In an additional scenario Bgwitch,a =
log(1.5) will be considered to explore the effect of unobserved confounders in the switching model.
Note that /2/7 is the expected value of a standard normal variable conditional on being larger
than 0 and so, together with the other parameter values Bgyitch,0 = 0 and Bgyitch,1 = log(1.5), for
an average patient with W;(t) > 0, the probability to switch will be 90%.

The hazard for death is defined similar to the hazard for progression, albeit taking into account
that the actual treatment is changed after switching. The hazard is defined as: 7geqtn,i(t) =

exp(Baeath,0 + Xi * Bdeath,1 + Wilt) * Bdeath,2 + Li(t) * Baeath,3 + Ai * Beath,a + Di(t) * Bacath,5)-

The time to progression is sampled via the inverse cumulative distribution method as follows: The
cumulative distribution function for the time to progression is Fpyogri(t) = 1—exp (— fg npmg,i(s)ds) .
A random variable upog,; ~ Uniform(0,1) is sampled. The time to progression is t,,o4,; such that
Fpmgr,i(tpmm) = Uprog,i- OWitching is then sampled from a Bernoulli distribution with probability
corresponding to logOddssyitch,i- Subsequently, the switching indicator D;(t) is defined for all time
points ¢ > 0. Finally, the time to death is sampled via the inverse cumulative distribution method,

using Fyeqtn,i(t) = 1—exp (— fg ndeath,i(s)dgs), sampling a random variable ugeqsn,; ~ Uniform(0,1)
and finding tgeqen such that Fyeqrn i(tdeath,i) = Udeath,i- Event times will be censored at the indi-
vidual time that corresponds to the calendar time where the required number of events occurs
(administrative censoring).

The considered values for the parameters of the models for the hazard of progression, for switching
and for the hazard of death are listed in Tables and

As an additional censoring mechanism, leading to missing time at risk, a random censoring time
tre; depending on covariates is defined through the hazard function neens; = €xp(Beens,0 + Xi *
Bcens,l + Wz (t) * Bcens,Q + Lz (t) * /Bcens,?))-

The event time for patient 7 is censored at t,c; if t,c; < tgeath,; and t,.; is smaller than the ad-
ministrative censoring time of patient . We will consider scenarios without random censoring,
with random censoring being independent of other data generating process, with random censor-
ing being dependent on baseline covariates only and with random censoring being dependent on
baseline and time-dependent covariates. To generate these scenarios, the considered values for
Beens = (Beens,0s - - - Beens,3) are Beens = 0 (core scenario), Bee,s = (log(—log(1 —0.025)),0,0,0),
such that censoring is independent of other data processes and on average 2.5% of patients would
exhibit random censoring within one year unless death or administrative censoring occurs earlier,
Beens = (log(—log(1 — 0.025)),10g(0.5),0,0), such that censoring depends on the baseline covari-
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ate X, and B,.,s = (log(—log(1l — 0.025)),log(0.5),log(0.5),0) as well as B,.,s = (log(—log(l —
0.025)),log(0.5),10g(0.5),10g(0.5)), such that censoring is in the order of 2.5% per year and its
hazard function depends on baseline and either observed time-dependent covariates or both ob-
served and unobserved time-dependent covariates to a similar extent as the hazard for the primary
outcome.

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 (Tgps).

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

True treatment effect

The true treatment effect is determined through the data generating model in terms of a hazard ratio
conditional on time-dependent covariates. The summary measure defined in the estimand is the
hazard ratio conditional on covariates X and W at baseline. Since the data generating mechanism
also involves unobserved 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 illustration, consider a case without covariates
to condition on. The true Cox model hazard ratio then is § such that [ Yo(t)Y1(t)/(Yo(t) +
Yi(t)exp(B))(pAi(t) — (1 — p)exp(B)Ao(t))dt = 0, where Yy(¢) and Yi(t) are the at-risk functions
- probability to still be at risk at time ¢ - in the control and the treatment group, A\o(t) and \;(¢)
are the marginal hazard functions and p is the allocation probability for the treatment group.
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In the simulation we consider as true treatment effect the expected value of this summary measure
when calculated from an (ideally infinitely) large population under the hypothetical scenario that
no treatment switching is possible. The value will be determined by calculating the estimate from
an independently simulated large data set with the required number of events set to 100,000 (and
the recruitment rate set accordingly to 100,000 per year).

Table 2.2: Parameter values for hazard of progression model

Parameter Value in core Comment Further values Comment
scenario
Bprog,0 log(log(2)/0.5)) Such that the  log(log(2)/1) Slower progression
marginal median

time to progression
under  control  is
around 0.5  years
(covariates have mean
0)

Bprog,1 log(0.5) We assume larger co-
variate values are bet-
ter and the effect is in
the same order as the
treatment effect.

Bprog,2 log(0.5) 0 No effect of time-
dependent covariate
Bprog,3 0 No wunobserved con- log(0.5) Unobserved confounder
founders
Bprog,4 log(0.5) Hazard ratio treat- 0, log(0.75) No or weaker treatment
ment vs. control of effect.
0.5, conditional on co-
variates

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

U; (@Z}) = Toff,z' + Ton,i exp(¢),

where T, ; is the observed time “off” experimental treatment (and thus “on” control treatment)
for participant i, Ty, ; is the observed time on treatment, and v 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 Ul(z/J) are independent of the randomised treatment group, conditional
on the covariates X and W at baseline.

A key assumption of the RPSFTM is that the effect of treatment in terms of the acceleration factor
1 is constant, regardless of when the treatment is started and of the time under treatment. In the
data generating models, violation of this assumption will be explored by including scenarios where
the treatment effect after switching is weaker than the initial treatment effect.

The conditional hazard ratio H Rgrpspras is then estimated by a Cox model using the Uz(¢) for
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Table 2.3: Parameter values for switching model

Parameter Value in core Comment Further values Comment
scenario
Bswitch,0 log(0.5/(1-0.5)) Such that the log(0.9/(1-0.1)) High  probability to
marginal proba- switch, may cause posi-
bility to switch is tivity problem
around 0.5.
Bswitch,1 log(1.5) We assume larger

covariate values are
better, and more
healthy patients are
more likely to be
switched (more toler-
ant to side effects).

Bswitch,2 log(1.5) We assume larger 0 No effect of time-
covariate values are dependent covariate
better, and more
healthy patients are
more likely to be
switched (more toler-
ant to side effects).

Bswitch,3 0 log(%)\/g—log(l.f)) High  probability to
switch, may cause posi-
tivity problem

Bswitch,4 0 log(1.5) Effect of unobserved con-
founder

Table 2.4: Parameter values for hazard of death model

Parameter Value in core Comment Further values Comment
scenario
Bdeath,0 log(log(2)/4))  Such that the  log(log(2)/2))  Higher marginal event
marginal median rate

time to death is
around 4 years.
Bdeath,1 log(0.5) We assume larger co-
variate values are bet-
ter and the effect is in
the same order as the
treatment effect.

Bdeath,2 log(0.5) 0 No effect of time-
dependent covariate

Bdeath,3 0 No unobserved con- log(0.5) Unobserved confounders
founders

Bdeath,4 log(0.5) Hazard ratio treat- 0, log(0.75) No treatment effect (null
ment vs. control of hpothesis) or weaker
0.5, conditional on co- treatment effect
variates

Bdeath,5 log(0.5) Such that after 0, log(0.75) No or weaker treatment
switching, patients effect. Bacatn,s < Bdeath,a
have the full treat- in all scenarios
ment effect
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the control group and observed event times for the treatment group. The Cox model will include
treatment group and X and W at baseline as covariates.

The calculation of UZ(T,[}) may introduce informative censoring and a recensoring approach has been
proposed (White et al., [1999). We will include RPSFTM with and without recensoring. The
RPSFTM method will be implemented using the rpsftm function from the trtswitch package in R.
Confidence intervals for the hazard ratio will be calculated using the package’s default method via
the p-value of the ITT logrank test (White et al.| [1999). That means, the standard error of the
switching-adjusted hazard ratio is estimated as SE such that \I@ITT] +21_p2x SE = 0 is met,
where p is the two sided p-value for the logrank test of the ITT analysis. The confidence interval
HRRrpsrr is then calculated as exp(l@RPSFTM + SE* 21_q/2)-

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. 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 may have an impact on the calculation of the counterfactual survival times
and this will be explored in scenarios that include unobserved confounder in the data generating
mechanisms for progression, switching and time to death.

A Cox model is then fitted using counterfactual survival times for switchers. Inference is based on
the estimated parameters and model based standard errors of this Cox model.

The TSE will be 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) will include treatment group and X and W at baseline as covariates in order
to estimate the conditional hazard ratio. The TSE will be fitted, both, without recensoring and
with recensoring for administrative censoring.

2.2.3 Inverse probability of censoring weighting (IPCW)

The aim of the IPCW is to construct a pseudo population, where 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 will be explored in scenarios that include unobserved
confounders.

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 will be estimated using data from the control group patients who experienced
a disease progression. The model will include as predictors the baseline covariate X and the time-
dependent covariate W with the value observed at the time of progression. The function glm in
R will be used for this step. For patients who did not switch, the model based probability to
switch, 7r5,; will be calculated, as well as according inverse probability weights w; = 1/7gy,i. To
estimate the treatment effect, a Cox model for the primary endpoint will be fit that includes X
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and W at baseline as covariates and furthermore includes time dependent weights: All patients in
the treatment group will receive a weight of 1. For patients in the control group, weights will be 1
until the time of progression. After progression, patients who did not switch will receive the weight
w; = 1/T gy, as defined above. These weights remain constant across further time, as switching is
no longer possible post progression in the considered scenarios. For patients who switched, survival
times will be considered as censored at the time of progression. The function coxph from the
R package survival will applied for this step. Time dependent weights will be 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 will 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 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 will be applied by using the function gformula_survival in the R
package gfoRmula. For this purpose, the data set will be restructured into a long format with time
intervals of 30 days length. Disease progression, switching and death events occuring within a time
interval will be included in this data set by binary variables set to 0 if the respective event has not
happened up to the start of the interval and set to 1 if the respective event occurs within the interval
or has occurred previously. Baseline covariate information will be carried along all intervals. Time-
dependent covariates will be included with the value at the beginning of the interval. Similarly,
the actual treatment will be coded by 0 (control) or 1 (experimental treatment) according to the
treatment state at the beginning of the interval.

The g-computation will be applied separately for both treatment groups. The g-computation via
gformula_survival will include a model of the form W ~ lagl W + X + time to model the time
varying covariate W to depend on its value in the previous time interval (using the lagl prefix
defined in the gfoRmula package), models y ~ X + W + time and PD ~ X + W + time to model
the event indicator y and the disease progression indicator PD in a given interval to depend on
X and the value of W in the same interval. Time (from baseline) is included to allow for linear
time trends in the covariate processes. In the g-computation for the control group data, a further
model trt ~ X + W + time will be specified to model the actual treatment status (i.e. switching)
to depend on X and W in the same interval, with the restrictions that ¢rt = 1 if ¢rt at the previous
time point was 1 and that ¢rt = 0 if PD = 0 (no progression up to the current time point). These
models are estimated from all time intervals pooled, assuming that the same mechanism applies at
all time intervals.

The key assumption of g-computation is that the used models correspond to the true data generating
mechanisms. In the core scenario, this assumption is met. In scenarios with non-linear time trends
of time-dependent covariates and in scenarios with unobserved confounders the impact of violations
of this assumption will be explored.

The number of time intervals for which to sample trajectories in the subsequent g-computation
will be set to the maximum number of intervals among the patients included in the data set. The
number of trajectories to simulate (parameter nsimul of gformula_survival) will be set to number
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of patients in the actual data set in the respective randomised treatment group.

The conditional hazard ratio will be estimated by fitting a Cox model, including treatment group
and X and W at baseline as covariates, to the data set that is comprised of the g-computation-
simulated trajectories. For this purpose, data from simulated trajectories is brought to the same
format, with one line per patient, as the original data set.

Bootstrap will be applied to the whole procedure (fitting the models, g-computation under the
assumption of no switching and calculation of the hazard ratio). The number of bootstrap samples
will be set to 500. If this value turns out to be unfeasible in terms of computation time (as the
g-computation itself is already relatively time consuming) the number of bootstrap samples may
be reduced to 200. Bootstrap 95% confidence intervals for the hazard ratio will be calculated using
the percentile method. The null hypothesis of no treatment effect will be considered rejected if
the confidence interval does not contain the value 1. No formal p-value will be calculated for this
method.

2.2.5 Cox proportional hazards model as comparator method

A Cox model will be fit for overall survival, in which event times will be censored at the time of
switching. The model will include 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 include scnenarios with censoring, in addition to ad-
ministrative censoring, that is either independent of covariates, dependent on the baseline covariate

X or dependent on both baseline and time dependent covariates, see

The analysis models for all considered methods include 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 will therefore include an additional
analysis approach that utilizes time-dependent inverse probability of censoring weights as follows:

A Cox model will be fit for the time to censoring (other than adminstrative), including treatment
group and X as baseline covariates and W (t) as time-dependent covariate. Death and administra-
tive censoring will be treated as censoring events in this model. Based on this model, cumulative
distribution function for time to censoring given the covariate history will be estimated for each
patient. This will be achieved using the function survfit.coxph in the R package survival. Next,
for each patient and each observed event time ¢, the probability m;(¢t) that the time to random
censoring is larger than ¢ is calculated. Finally, 1/7;(¢) is applied as time-dependent inverse prob-
ability weight in the outcome Cox models for the RPSFTM, TSE and IPCW methods described
above. Note that for IPCW, the weights accountign 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.

For the g-computation, the application of inverse probability weights for random censoring is di-
rectly implemented in the gfoRmula package which we use for this method. Here, an additional
indicator variable C for the random censoring event will be introduced and using the argument cen-
sor_model in the function gformula_survival, a model for censoring of the shape C' ~ X + W +time
will be applied. (Note treatment is not included here because the g-compuatation is performed for
each group separately).
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Table 2.5: 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 Implementation
measure
Uses g-estimation trtswitch::rpsftm,
RPSFTM based on log-rank Hazard ratio recensor

Two-stage estimation
(TSE)

Inverse probability of
censoring weighting

(IPCW)

G-computation

Cox PH regression model

test

Cox model using
counterfactual
unswitched
survival times

Weighted Cox
model with
unstabilised
weights

Comparator
method

Hazard ratio

Hazard ratio

Hazard ratio

€ {TRUE, FALSE}

trtswitch::tsesimp

trtswitch::ipcw

gformula::gformula

survival::coxph
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Chapter 3

Scenario class 2: Rescue medication,
treatment policy and hypothetical
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 will 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 discon-
tinuation of treatment. The considered estimand has the following relevant 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: Treatment policy strategy, ignoring the fact that some patients
initiate rescue medication or discontinue treatment.

Under treatment policy, all the available data will be included in the analysis and the focus of
the study will be on handling missing outcome data. The causal inference analysis method will be
inverse probability weighting. Conventional comparator methods will be 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

20



following attributes:

e 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

In the core simulation, data to be analysed with a hypothetical strategy will be simulated included
a mechanism to generate missing data. In additional simulations, data will be 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 experimental 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. For simplicity, the
time unit in the simulation is years and visits are assumed to occur every 1/12 year after treatment
start for every patient.

We denote the HbAlc value measured for the i-th patient at month 0 (baseline) to month k& = 12
(final assessment) by v;j,7 =0, ..., k.

The assigned treatment A; € 0,1, with A4; = 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 pg = 8% and an age depending slope sqg. and a time depending
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treatment effect, an individual treatment response modifier ayesponse,i € (0,1) and the assigned
treatment A; € {0,1} as

Wij = po + ]/k * Sqge T /Btrt,j * Olresponse,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 * €xp(—bage * (age — 30))

In the core scenario, bgge = log(2)/10, such that the slope is exponential 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,j = —0 * (1 —exp(=Axj))

with 6 = 1 in the core scenario and the term (1 — exp(—\ x 7)) increasing the treatment effect from
0 at baseline (j = 0) to a value close to d 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 HbAlch 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 v esponse,is
which is sampled from a uniform(0,1) distribution.

The true treatment effect at the final visit £ = 12 thus is —dyye = —6/2 % (1 — exp(—A % k)), which
is -0.498 in the core scenario.

2) Residuals rj;,j = 0,...,k are sampled from a multivariate normal distribution with mean 0
vector and covariance matrix such that cor(ry;,r;;) = p, for j # j and var(ry;) = 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 = Mij T 1]

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

log(prescue,ij/(l - prescue,ij)) = Brescue,(] + (yij - 10) * 5rescue,y + (age - 60) * Brescue,age

with core scenario values Srescue0 = 10g(0.05/(1 — 0.05)), Brescuey = 10g(3) and Brescue,age =
—log(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, Brescue,y = log(150) will be 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.
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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
continuosly instead of the study treatment, once it has been initiated. Thus, the values y;;,j > j*
are modified to have no effect due to study treatment but have an effect due to rescue, and now
take values

Yij = Ko + j/k * Sage + Brescue,j—j* * Uresponse_rescue,i
The effect of rescue is modelled similar to the effect of the experimental treatment as

/BTescue,j = _5rescue * (1 - eXp(_Arescue * .7))

with Opescue = 0.75 in the core scenario and Apescue = log(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 Qesponse rescuei ~ Unif(0,1) that is sampled independently from cesponse,i- (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.)

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, pwithdraw,ij, is modelled to
depend on the current 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- Pwithdraw,ij

Bwithdraw,o + (yij - 10) * Bwithdraw,y + (age - 60) * 5withdraw,age + Rij * /Bwithdraw,resc

with core scenario values ﬁwithdruw,o = lOg(OOQ/(l - 002))7 Bwithd’/‘aw,y = log(3), ﬁwithdraw,age =
log(1.02) and Buithdraw,resc = 10g(1.5). Similar to the rescue model, a large value Byithdraw, resc =
log(150) will be considered on an additional scenario to model close-to violation of positivity.

In the core scenario, data will be set to missing after the visit of the withdrawal decision, such that
data is missing at random. In additional scenario, data will be set to missing including the visit of
the withdrawal decision, such that data is missing not at random.

These core settings result in approximately 10% missing data at the final visit.

Sample size

For scenarios with different values for the treatment effect §, the sample size will be 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 will include baseline HbAlc as covariate, the residual
variance adjusted for baseline HbAlc will be calculated as o2 4 = 02 % (1 — p?). Then the sample

size per group will be calculated as n = (z1_4/2 + 21-5)” * agdj/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.

illustrates the causal structure for this scenario.

23



Table 3.1: Parameter values for the data generating mechanism of the rescue medication scenarios.

Parameter Value in core Comment Further values Comment
scenario
Mean baseline HbAlc
Ho 8
[%]
- 1 Std. dev. baseline
HbAlc
Correlation between No information across
p 0.5 repeated HbAlc 0 . .
time points
measurements
Maximal treatment No or weaker treatment
1) 1 0, 0.5
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
.1 3
Brescue,0 log(0.05/(1-0.05)) zsgrrall 0% rescue log(0.2/(1-0.2))  appr. 30% rescue overall
Strong dependence of
Brescue,y log(3) log(150) rescue on HbAlc
threshold
Brescue,age '1Og(1-01)

no missing or appr. 20%

log(0.02/(1-0.02))

ﬁwithdra'w,o appr. 10% miSSing 07 IOg( 19(())%)4)

missing
Strong dependence of

Buithdraw,y log(3) 0, log(150) withdrawal on HbAlc
threshold
ﬂwithdraw,age log(102) 0
Strong dependence of
Buithdraw,rese log(1.5) 0 withdrawal on rescue
age
A Y1 Y2 Y3
Ry Ry

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 medication at visit j (R;), and measurement of the outcome at visit j (y;).
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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 will be described, and
they are summarised 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 j — 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; = 0 1 — These inverse probability weights are applied to an ANCOVA
model that includes only pati]erlltsjwith non-missing primary outcome data at the final visit. The
ANCOVA model will include treatment group, baseline HbAlc and age at baseline as and HbAlc
change from baseline as outcome. The weights are estimated using the ipwtm function in the ipw

package in R. Inference will be based using robust standard errors.

The TPW approach assumes a correctly specified propensity model and that the missing data
satisfies the missing at random assumption. The impact of violations of these assumptions will
be investigated using the scenarios with unobserved confounders and the missing not at random
mechanisms where withdrawal masks already the value at the current visit.

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 will utilise an unstructured covariance matrix.
The R package mmrm will be used to fit these models (Bell and Rabe} 2020)).

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.

3.2.3 Multiple imputation conditional on rescue medication

Multiple imputation is applied in which the imputation is performed conditional on the rescue
medication status and observed covariate values in addition to past outcome values. The R package
mice will be used. The imputation will include the variables HbAc1 and rescue medication status at
each visit to be imputed if missing; observed HbA 1¢ values and rescue status and age at baseline will
be used as predictors. The restriction that rescue medication is taken continuously once started will
be included using the passive imputation specification in mice. The imputation will be performed
for each treatment group separately. A number of 10 multiple imputations will be used. For each
imputed data set, an ANCOVA model for change from baseline in HbAlc will be fit including
treatment group, age at baseline and HbAlc at baseline as explanatory variables. Results will be
pooled via Rubin’s rule using the function pool in the mice R package.

3.3 Analysis methods for the hypothetical strategy

In this section the analysis methods in case of the hypothetical strategy will be described, and they
are summarised in together with the methods for the treatment policy strategy.

Missing data after treatment discontinuation will be handled by applying multiple imputation prior
to the actual analysis. The subsequent analysis will be performed for each imputed data set and
the results will be pooled according to Rubin’s rule.
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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, 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 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; = L The weights are estimated using the ipwtm function in

H?:l i
the ipw package in R. Inference will be based using robust standard errors.

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 Guizzaro, 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 zﬁ and the adjusted outcome
values are compared between groups.

A Dbasic 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.

e Fit a regression model for the outcome on covariates, treatment, rescue status and P(R =1 |
X, A)

e Calculate y* =y — 1ZJR, 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 will be used in the simulation study.

The method assumes that no unobserved confounder between treatment and outcome and no
unobserved confounders between the mediator and the outcome exist.

3.3.3 G-computation

Similar as discussed in the idea of g-computation is to model the full joint distri-
bution of age at baseline, HbAlc trajectories and administration of rescue over time by fitting
respective models for data at each visit conditional on data at the previous visits. The function
gformula_continuous_eof in the R package gfoRmula will be used for this method (McGrath et al.,
2020).

The models utilised in the G-computation will be models of the shape y ~ lagl_y + age+ A+ R
and R ~ y + age. A restriction will be implemented such that the rescue indicator R;; equals 1 if
R;j_1 = 1 to take into account that rescue medication is taken continuously once started.

The fitted models 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 mean difference of
the outcome between groups is estimated from the sampled data.

26



Bootstrap will be 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 will be set to 500. If this value turns out to be unfeasible in terms of computation
time the number of bootstrap samples may be reduced to 200. Bootstrap 95% confidence intervals
for the mean difference will be calculated using the percentile method. The null hypothesis of no
treatment effect will be considered rejected if the confidence interval does not contain the value 0.
No formal p-value will be calculated for this method.

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

For the MMRM, data after initiation of rescue medication will be 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 furher comparator method. As with MMRM, data after initiation
of rescue medication will be set to missing and multiple imputation is applied to obtain outcome
values under the assumption that rescue was not available.

The R package mice will be used. HbA1lc at each visit will be imputed if missing, based on observed
HbAlc values and age at baseline. The imputation will be performed for each treatment group
separately. A number of 10 multiple imputations will be used. For each imputed data set, an
ANCOVA model for change from baseline in HbAlc will be fit including treatment group, age at
baseline and HbAlc at baseline as explanatory variables. Results will be pooled via Rubin’s rule
using the function pool in the mice R package.
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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

Summary

Description
measure

Implementation

Treatment policy strategy

Inverse probability
weighting (IPW)

Mixed model for repeated
measures (MMRM)

Multiple imputation

ANCOVA model with Difference in means
weights from IPW

Visit by baseline

interactions and

unstructured

covariance matrix

Difference in means

Comparator method Difference in means

Im, ipw::ipwtm

ImMmrimn: mimrim

Hypothetical strategy

Inverse probability
weighting (IPW)

De-mediation

G-computation

Mixed model for repeated
measures (MMRM)

Multiple imputation

ANCOVAmodel with Difference in means
weights from TPW
Subtracting the effect
of the mediator
through modelling

Difference in means

Modelling all nodes in Difference in means
the DAG

Visit by baseline

interactions and

unstructured

covariance matrix

Difference in means

Comparator method Difference in means

Im, ipw::ipwtm

(mediation package
in R) glm and Im

gformula

IMmrimn: mimrm

mice
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Chapter 4

Scenario class 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:
e Endpoint: Indicator of whether infection occurred during trial follow-up.
e Treatments: Vaccination versus placebo.
e Summary measure: Vaccine efficacy (VE), defined as 1 minus the risk ratio.

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

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

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

Analysis methods: The following causal inference methods will be applied in the simulation:
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e Instrumental variable (IV) approaches (Bowden et al., 2021)
e Propensity or principal score weighting (Jo and Stuart, [2009))

As comparator method we will estimate vaccine efficacy using a binomial model (Nauta, [2020)
restricted to the (observed) study population of participants that fully adhere to the vaccine sched-
ule. In practice, this is what is frequently used as a primary analysis to estimate the biologic effect
(Beckers et al., 2025) as suggested in the Guideline on the Clinical Evaluation of vaccines (EMA|
2023). In line with (Horne et al., 2000), we will refer to this analysis as per-protocol analysis, ac-
knowledging that in practice other deviations (e.g. use of protocol prohibited medication) - which
lead to exclusion from the per-protocol set - may occur.

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 assignments:

Completion under placebo

Completion under vaccine ‘ Yes No
Yes Always compliers  Vaccine compliers
No Placebo compliers  Never compliers

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.

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 vaccine efficacy within the always complier stratum will therefore rely on assump-
tions implied by the specified data-generating model and the chosen parameter values. Compliance
will be 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 simula-
tion, 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 es-
timand using the proposed methods (e.g. via principal score modelling and IV-type approaches),
conditional 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 speci-
ficity 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
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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 (V).

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 cor-
responding principal stratum estimand—without introducing additional mechanisms that would
require separate parameterisation 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

We assume that participants i = 1,..., n are randomised between a vaccine and a control treatment.
Treatment assignment is indicated as A; € {0,1}, with 4; = 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.

4.1.1 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.

4.1.2 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<14,
Ao(t) =
)\post; 4 <t<,

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

31



4.1.3 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 i 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 generate compliance Cj(a) under potential treatment condition a € {0,1} using a logistic
model conditional on baseline covariates. To this end, we first define for each participant ¢ and
each potential treatment assignment a € {0,1} compliance propensities p;(a), such that higher
propensities imply a higher probability to comply. Specifically, p;(a) is defined by:

logit{p;(a)} = vo + ywWi + W V; + yaa + yawaW;. (4.1)

Note that the compliance propensity is deterministic and can be evaluated for either potential
treatment condition a for each individual given their covariate information. The parameters 4,
Yw, Vv, and vaw 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 (reactogenicity propensity) trait, where W; = 1 indicates higher reacto-
genicity (reducing compliance in vaccinated, e.g., vy = 0 and v4w < 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 baseline characteristics that are
associated with both reactogenicity and immune response, for example sex (and/or younger age

group).

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}. (4.2)

This construction ensures that, conditional on (V;, W;), Ci(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

C; = Ci(A;).
This ensures that for p;(0) > p;(1) the corresponding potential compliance outcomes are 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).

4.1.4 Infection hazard

The individual infection hazard \;(t) is specified via a proportional hazards model driven by A\o(?).
The baseline hazard Ag(t) will be modeled as a piece-wise constant function with A\o(¢) = 0 for t < 14
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and A\o(t) = Apost > 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) = Xo(t) exp (/BVVi + Bw W, + A; Qz‘(t)), (4.3)
0i(t) = (Wi + (e = 14) {02 (W;) — 00 (W) }, (4.4)
0wy =85 + B85 Wi, de{1,2}. (4.5)

Here, H(d)(Wi) 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 /81(41) and Bff). Effect modification by the marker is governed by the interaction parameter
B%}V. For simplicity we will consider only two types of scenarios where either ﬂg) = BSV)V =0
and 51(423) = (4 indicating that only subjects receiving both doses achieve some protection, or
qul) < 0 and 5511{3(/ = Bffav = Paw assuming that effect modification does not depend on dose
status. In particular, for dose status d € {1,2} we have #(9)(0) = ﬂgd) for marker-negative subjects
and G(d)(l) = Bgd) + Baw for marker-positive subjects.

The time-varying term 6;(t) equals (1) (W;) prior to day 14 and switches to 62 (W;) from day 14
onwards only for participants who receive dose 2 (C; = 1); otherwise it remains 6 (W;). The
parameters Jy and By represent prognostic effects of V; and W;, respectively; if these prognostic
effects are not required they are set to zero.

4.1.5 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 Cj 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
Y, =1L(T; < 1),
i.e. Y; = 1 if infection occurs before administrative end of follow-up at time 7, and Y; = 0 otherwise.

To connect to the potential outcomes notation, we denote by T;(a) the infection time that would
be observed under treatment assignment A; = a, and define the corresponding binary endpoint as

Yi(a) = 1(Ti(a) < 1), a€{0,1}.

In the simulated trial we observe Y; = Y;(A;).

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)} =0 + yww + v + yaa + yawaw,
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we have
Pr(SAC ’ ’U,'IU) = m(v, w)7 m(v, w) = mln{p(O ’ U, U}>, p(l ’ ’U,’U})}-

Hence, using Pr(V = 1) = py, Pr(W = 1) = pwy and independence of V' and W, the stratum
distribution is
Pr(V =v) Pr(W = w) m(v,w)

Pr(v,w | Sac) = .
( | ) Zv’G{O,l} Zw’e{o,l} Pr(V =) Pr(W = w') m(v',w')

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

mo(v,w) :=Pr{Y(0) =1]|v,w,Src} =1— exp( — ApostA eﬂWJrﬁWw)_

For a = 1 (vaccine), always-compliers satisfy C'(1) = 1 and therefore receive the dose-2 effect from
day 14 onward, i.e. 83 (w) = @(42) + ﬁf&,w, yielding

m(v,w) :=Pr{Y (1) =1|v,w,S8rc} =1- exp( — Apost A eBV”JrBW“’w(z)(w)).

The true principal-stratum risks are obtained by standardization over (V, W) within Sac:

Pr{Y(a)=1]8act= > > 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

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

4.1.6 Simulation scenarios and parameter ranges

We will organize 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 initial, interpretable sug-
gestions; where needed, they will be calibrated within the implemented data-generating models
to achieve realistic target quantities such as overall compliance and cumulative incidence. Where
informative, we may also expand the parameter ranges in Table beyond the primary, realistic
settings to construct “stress-test” scenarios that are expected to challenge assumptions and induce
method failure.

e Scenario A0: Benchmark (no heterogeneity; compliance independent of treat-
ment). Baseline markers are inactive and compliance is generated to be similar across ran-
domised 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 Al: Compliance driven by vaccination (treatment-dependent compli-
ance, no baseline confounding). Baseline markers remain inactive, but compliance dif-
fers by randomised assignment, 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.
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e Scenario B: Prognostic-only baseline heterogeneity via V. V is active as a prognos-
tic factor for infection risk and may also influence compliance, while W remains inactive.
This scenario class evaluates 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 prognostic 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 vaccination, 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 vac-
cine efficacy in that subset).

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

e Observed-data variants. Robustness to limited covariate availability will be assessed by
reanalysing the same simulated datasets under different observed covariate sets (e.g., observ-
ing 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) will be 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 Scenarios B and C will be used to
develop case studies for illustration, as described in

4.2 Analysis methods

Let S be the principal stratum of always compliers. The vaccine efficacy in this stratum is then
defined as one minus the relative risk of infection attributable to vaccination:

P(Y(1)=1]Sac)
VErxc =1—
Ac P 1] Sac)

This estimand represents the causal proportionate reduction in infection probability among those

who would comply with the vaccination schedule under either assignment.

For simplicity, we provide notation only for a scenario where marker V' is observed, and W unob-
served. Scenarios where we assume different settings of observed and unobserved confounders will
be analysed in analogy.

4.2.1 Instrumental variable (IV)

A method utilising the instrumental variable approach will be applied, using treatment allocation
as the instrument. This approach identifies principal stratum effects under the assumption of
monotonicity, and in addition it does not rely on the assumption of no unmeasured confounding.
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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
n Total sample size demonstrate > 30% VE assuming a vaccine
efficacy of 70% under given incidence rate Apost
Py Prevalence of baseline marker V; (0, 0.10, 0.30)
w Eﬁévalence of baseline marker (0, 0.10, 0.30)
Apost Baseline hazard after day 14 )%, (2 61 BEHdCe tpatientanonth)
By iigfggiﬁlﬁaezfiizt (cl)ig‘—/H(E) log(1.5) = 0.405, or 0 for no prognostic effects.
B o e e (ot log(1.2) = 0182, or 0 for no prognostic effects.
Two-dose vaccine efficacy after
f) day 14 among compliers Chosen to yield VE of (0%, 50%, 70%, 90%).
(Ci=1)
) Chosen to yield (never-complier) VE of
One-dose vaccine efficacy . (2)
S) (pre-day 14 for all; post-day 14 (0%, 30%, 50%, 60%) for co?respondu'lg B,
for non-compliers) or 0% throughout for scenarios assuming no
effect of Dose 1
Effect modification by W log(0.8) = —0.223, or 0 for no effect
Baw e
(common across dose status) modification.
Chosen to achieve typical two-dose completion
Yo Baseline compliance (=~ 95% overall), given the remaining ~
parameters.
Treatment effect on compliance ~ —0.357 (Odds Ratio ~ 0.7) or 0 for no
b (log-odds) treatment effect on compliance.
Effect of V' on compliance 0.5 (Odds Ratio ~ 1.65), or 0 for no impact on
Lid (log-odds) compliance.
Effect of W on compliance —0.8 (Odds Ratio = 0.45), or 0 for no impact
w (log-odds) on compliance.
A Interaction of treatment and W —0.3 (Odds Ratio ~ 0.74), or 0 for effect

on compliance (log-odds)

modification.
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Treatment allocation is used as the instrument since it satisfies the required assumptions; relevance,
randomisation and the exclusion restriction (Bowden et al., 2021; Angrist et all |1996; |Jiang and
Ding}, 2021; Frangakis and Rubin, [2002).

The function ivreg in the R package ivreg will be applied to calculate the instrumental variable
model using two stage estimation. The models will include Y as outcome, furthermore an endoge-
nous treatment variable T' € 0,1, with T; = 1 if A; =1 and C; = 1, and T; = 0 otherwise, and A;
as instrumental variable. An additional model that further includes W as exogenous variable will
also be fit. The vaccine efficacy and its variance and subsequent p-value and confidence intervals
are calculated by application of the delta method to estimated means and their variance covariance
matrix from the linear instrumental variable model.

4.2.2 Principal score weighting

This procedure is presented in (Jo and Stuart], [2009), and it approaches to approximate causal
effects among likely compliers.

This approach works under the assumption of principal ignorability (i.e. Sy = 0 if V is unobserved)
and monotonicity (i.e. no placebo compliers y4 + yaw W; > 0).

1. Using only the treated participants, fit the principal score model predicting compliance given
the covariates by a logistic regression

logit(P(C; = 1| V;)) = Bo + 1 Vi

2. Predict principal scores p; for all participants.

3. Assign weights

1, ifA4;=1,C;=1

0, it 4;,=0,C; =0
w; =

0, if A, =1,C;=0

L i A =0, =1

4. The complier average causal effect (CACE) is estimated using these weights in a logistic
regression model with outcome variable Y and explanatory variable A. The estimated infection
probabilities under treatment and under control are calculated from the estimated regression
coefficients of this model. Based thereon, an estimate for the vaccine efficacy is calculated.
The variance and subsequent p-value and confidence intervals for this estimate are calculated
by application of the delta method to the robust variance covariance matrix estimate of the
logistic regression model.

It relies on the assumption of principal ignorability, that the stratum membership is independent
of the potential outcomes conditional on the observed history.

4.2.3 Per-protocol analysis

In practice the primary analysis for vaccine efficacy is frequently based on the per-protocol set
(Horne et al.l 2000; [Baden et al., 2021} [Polack et al.l 2020). Consequently, as comparator method,
we will estimate vaccine efficacy restricted to participants who adhere with vaccination according
to their observed compliance status using a binomial model (Nauta, 2020). Such an analyses,
limited to ”observed compliers”, can be considered a “pragmatic” approach to approximates the
biological effect, yet is subject to selection bias unless restrictive and implausible assumptions
apply. Therefore, evaluating the potential bias of such an analysis under various scenarios of non-
compliance represents a practically relevant objective.
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Table 4.2: 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 Implementation
measure

Using allocated

Instrumental variable (IV) treatment as Vaccine efficacy ivreg::ivreg
instrument
Regression method

. S i ights f .

Principal score weighting giﬁgi;:}llgscoie r;r;ldel Vaccine efficacy stats::glm
(Jo and Stuart| 2009)

Per-protocol analysis Comparator method Vaccine efficacy stats::glm

4.3 Discussion

A central methodological challenge in preventive vaccine efficacy trials is the definition and estima-
tion of estimands that aim to capture a “biological” effect of vaccination (Beckers et al., 2025) in
the presence of post-randomisation events such as incomplete dosing. Principal stratum estimands
provide a coherent causal target for the effect among participants who would comply with the full
vaccination schedule under either treatment assignment, but require assumptions for identification
and are sensitive to deviations from these assumptions (Gilbert et al., 2003} Beckers et al., |2025)).

The primary aim of the simulation is to evaluate and compare analysis strategies for estimating the
principal stratum estimand under controlled settings that vary the extent to which the required
identification conditions hold. We will consider instrumental variable approaches (Bowden et al.,
2021) and principal score methods (Jo and Stuart, |2009), with per-protocol analyses serving as
reference comparators. Across scenarios, we will vary key features that affect identifiability and
robustness, including: (i) settings with no confounding of compliance and infection risk beyond
randomisation; (ii) settings where confounding is fully captured by observed baseline covariates;
and (iii) settings where residual confounding is induced by unobserved baseline factors affecting
both compliance and infection risk. We will additionally explore effect modification of vaccine
efficacy by baseline covariates.

These scenario classes allow performance assessment under “favourable” conditions where method-
specific assumptions are satisfied (e.g. adequate separation of compliance patterns by observed
covariates) and under “unfavourable” conditions where assumptions are violated (e.g. unobserved
confounding, weak separation leading to practical non-identifiability, or structural features that
undermine point identification of the targeted principal stratum estimand). The resulting compar-
isons will inform which methods are most robust to plausible deviations from idealised conditions,
and under what circumstances the targeted estimand may be estimable with acceptable bias and
precision in preventive vaccine trials.

An additional issue in many vaccine trials is the occurrence of infections during the ramp-up
period, i.e. before full vaccine-induced protection is achieved. Such early infections can complicate
the interpretation of a biologic estimand tied to completion of a multi-dose schedule, because the
outcome process may begin before the post-dose-2 effect is operative. While this protocol focuses on
scenarios that avoid infections prior to dose 2 (by design in the data generating model), the ramp-
up problem remains important in practice and motivates alternative estimand choices, including
hypothetical estimands that conceptualise elimination of the ramp-up period (Michiels et al., 2022).
We anticipate that the implications of ramp-up infections for estimand definition and analysis could
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be revisited in a separate case study.
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Chapter 5

Scenario class 4: Chronic disease with
safety endpoint, while on treatment
strategy

In the fourth scenario we will 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 will
be 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 will assume that the effect of the medication persists for a certain time after
discontinuation. In the estimation of the while-on-treatment estimand we will include a buffer time
window after discontinuation in which adverse events are still counted. Different lengths of this
buffer time window (allowing for differences between the true and the assumed buffer time) will
be explored. Furthermore, the decision to discontinue treatment may depend on some information
regarding the patient’s disease state or risk for an adverse event, hence the discontinuation and the
occurrence of a subsequent event may not be independent. To assess the impact of such a relation,
we will study two different data generating mechanisms. In the first mechanism, patients with a
larger risk for the adverse event will also have a larger propensity for treatment discontinuation.
In the second one, the decision for treatment discontinuation and the adverse event process are
independent. These mechanisms are implemented in the data generation by differential dependence
of the hazard for the adverse event and the hazard for treatment discontinuation on covariates.

We will 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 will 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
increased while the patient is under the effect of the experimental treatment compared to the
control treatment. We will consider the hazard ratio as a summary measure. This summary
measure addresses the inherent risk at each time-point, which may be increased while on treatment.
The interpretation of the hazard ratio depends on the plausibility of the proportional hazards
assumption. This assumption may be relaxed by calculating time-dependent hazard ratios, e.g. for
predefined intervals of time under treatment. In the simulation we will, however, focus on a single
hazard ratio covering the full time under treatment. An alternative summary measure would be
the difference in proportions. This summary measure would address the overall risk for a treatment
related adverse event, albeit under the particular treatment regimen of the study, including the
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study specific decision process of when to stop treatment. The risk difference therefore may not
allow for straight forward generalisation.

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

Population: Anaemic patients eligible for the considered treatments

Intercurrent event strategy: While on treatment strategy to account for treatment discontin-
uation, estimating the effect of treatment on the endpoint while treatment is received plus a
predefined buffer time window.

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.

Analysis methods

A cause specific proportional hazards model will be used with inverse probability weighting to
account for missing data after premature study discontinuation. See For comparison
an unweighted the cause specific model will fit.

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 inde-
pendent 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.

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 as safety endpoint the time
to occurrence of a major cardiac adverse events (MACE), see e.g. Singh et al|(2006). The aim is
to investigate whether the new treatment is superior in terms of this safety outcome compared to
control while patients are on treatment.

The maximal follow-up for a patient in the study is one year and event times greater than one year
are censored.

The sample size will be chosen to provide approximately 80% power under the alternative. The
number of events epqce is determined by Schoenfeld’s formula Schoenfeld| (1981) as emgee =
((z1—ay2 + 21-5)/10g(H Ryssumed))? * 4. Here z, is the v quantile of the standard normal dis-
tribution.

For all simulations, the nominal two-sided significance level will be a = 0.05, the aimed for power
will be 1 — 8 = 0.8. For scenarios under the alternative hypothesis, the log-hazard ratio assumed
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for planning log(H Rgssumed) Will be chosen to be equal to the simulated treatment effect SBpace,trt
(see below), such that the actual power will be in the range of 80%. For scenarios under the null
hypothesis, log(H Ryssumed) = log(1.5) and log(H Ryssumed) = log(2) will be considered such that a
scenario with large sample size and a scenario with smaller sample size are included.

The number of subjects to be included is calculated as n = l_exp(_eg(‘;f(% ) where the denomi-
nator corresponds approximately to the marginal proportion of patients with an event within one

year.

As before, patients are indexed ¢ = 1,...,n. The assigned treatment A; € 0,1, with 4; = 1
denoting treatment and A; = 0 denoting control is sampled from a Bernoulli distribution with
probability 0.5, corresponding to an allocation ratio of 1:1.

Two continuous baseline covariates X;, Z; and a further covariate L;, which is considered as unob-
served covariate in the analysis, are sampled from independent N (0, 1) distributions.

A constant hazard for treatment discontinuation is modelled to depend on the covariates as

Ndisc,i = eXp(/Bdisc,O + (05 - Az) * 5disc,t7‘t + Xz * 6disc,X + Zz * 5disc,Z + Lz * 6disc,L)

In the core scenario, Bgisc,0 = log(—1log(1l —0.5)), such that the marginal probability for discontin-
uation within the one year follow-up period is approximately 50%. (Note the mean is zero for all
covariates.)

To allow for well detectable effects of confounding in the simulation, covariate effects are chosen
to be rather pronounced, with a value of log(2) for Bgisc,trt, Bdise,x s Bdise,z and Baisc,, in scenarios
where the respective covariate has an effect and parameter value of 0 otherwise.

The hazard for MACE is modelled similarly as

Timace,i (t) = exp(ﬁmace,ﬂ + (1 - Az) * ﬁmace,trt (t) + X * ﬁmace,X + Z; * 5mace,Z + L; * 5mace,L)

Note that Bpacetre(t) is time dependent and may take different values before treatment discontin-
uation, within the buffer window and after the buffer window, as indicated in

In the core scenario, Smace,0 = log(—1log(1—0.1)) to provide a marginal probability of approximately
10% for a MACE event within one year under experimental treatment, which resembles the one-year
event rate reported for patients treated with epoetin alfa in Singh et al.| (2006]).

The effect of treatment prior to treatment discontinuation is chosen as Space trt = log(1.5), which
is a slightly stronger effect than seen for the comparison between high and low target hemoglobin
in Singh et al.| (2006]).

After discontinuation, the effect of treatment on the hazard for MACE is modified. Within a buffer
window of 1/12 year, Bmace,0 remains at log(1.5) in the core scenarios and is reduced to log(1.25)
in a further scenario. After the buffer window, Byace,0 is set to 0. Note that the treatment effect is
here modelled such that the experimental treatment does not increase the risk of MACE compared
to baseline while the control treatment leads to an increased risk for MACE.

Regression coefficients for remaining covariates will be set to either log(2) or 0, such that their
magnitude of effects (if included) is comparable for the hazard of MACE and the hazard of discon-
tinuation.

At the time of treatment discontinuation, the patient may withdraw from the study with a certain
probability modelled as

logOdds.withdraw,: = Bwd,0 + Xi * Bwa,x + Zi * Bwa,z + Li * Buwa,L
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L

Figure 5.1: Assumed causal structure linking the randomly assigned treatment (A), measured
covariates (X, Z), unmeasured covariates (L), the indicator for censoring due to withdrawal (C)
and the outcome (V).

A value B0 = log(0.5/(1 — 0.5)) = 0 is considered to result in a probability to withdraw, given
treatment was discontinued, in the order of magnitude of 50%. (Though to some extent above
50% as conditional on discontinuing treatment, covariate mean values are greater than 0.) B4 x,
Bwd,z and Byq.1, are set to log(2) or 0, depending on whether the respective covariates are assumed
to have an effect on the decision to withdraw. The decision to withdraw in reaction to treatment
discontinuation is considered not to depend on the treatment group.

The considered parameter values are listed in [Table 5.1
All event times are censored after one year due to the considered maximal follow-up time.

For a summary on the dependencies in the data generating mechanism see

True treatment effect

Similar to the oncology scenarios, the true treatment effect is defined in terms of the expected value
of the estimate of a Cox model. To calculate this value an independently simulated data set with
the required number of events set to 100,000 will be generated, in which the event data is observed
completely. (That means, there will be no missing data in the buffer window.) Time-to-event data
after the buffer window will be considered as censored. From this data set, the hazard ratio will
be calculated from Cox model for MACE with treatment group as only covariate, as well as from
a Cox model with additional covariates X and Z. These will serve as true values for the respective
marginal and conditional hazard ratio.

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 discon-
tinuation or at the end of follow-up for the patient, whichever comes first. The analysis described
below will be performed with different buffer periods, including buffer lengths of 0, 1 and 2 months.

Cause specific proportional hazards model
A Cox model will be fit for the time to event, with treatment group as single covariate. In addition,
a Cox model with additional covariates X and Z will be calculated.

Inverse probability weighting (IPW)

For every patient who discontinued treatment, the probability to withdraw from the study at this
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Table 5.1: Parameter values for the data generating model in the safety/while-on-treatment sce-

narios.
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

ﬂmace,trt before
discontinuation

6mace,trt within
buffer post
discontinuation

ﬂmace,trt post
buffer

/Bmace,X
ﬂmace,Z

/Bmace,L

Discontinuation

Bdisc,o

5disc,trt
6disc,X
ﬂdisc,Z

6disc,L

Withdrawal

ﬁwd,O

ﬂwd,X
ﬁwd,Z
Buwd,L

Buffer window
True window
[years]

Assumed
window [years]

log(1.5)

log(1.5)

log(2)
log(2)

log(-log(1-0.5))

log(2)
log(2)
log(2)

0

1og(0.5/(1-0.5))

log(2)
log(2)
0

1/12

1/12

for MACE
Moderate treatment
effect

Treatment effect
persists in buffer
window

No unobserved
confounders

50% marginal
one-year
discontinuation
probability

No unobserved
confounders

Approx. 50%
withdrawal

Match true window

0, log(2)

0, log(1.25)

log(2)

log(-log(1-0.2))

log(2)

log(0.75/(1-0.25))

0
0

log(2)

0, 2/12

No (null hypothesis), or
stronger treatment effect

No or reduced treatment
effect in buffer window

Combinations of
presence and absence of
effects of X,Z, and L
will be explored

Smaller discontinuation
probability

Combinations of
presence and absence of
effects of X, 7, and L
will be explored

Higher withdrawal rate

Combinations of
presence and absence of
effects of X, 7, and L
will be explored

Assumed window
shorter or longer than
true window
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occasion, P(withdrawy), is estimated using a logistic regression model with covariates X and Z, fit
separately per treatment group using data from all patients who discontinued treatment. Note that
in the simulation scenarios, withdrawal can only occur at the time of treatment discontinuation
such that a logistic regression (as opposed to a time-to event model) is appropriate.

Time dependent inverse probability weights are calculated as w;(t) = 1 for time points ¢ prior to
treatment discontinuation and w;(t) = 1/(1 — Pyithdraw,:) for time points within the assumed buffer
window after treatment discontinuation. (Time points after the buffer window may formally be
assigned a weight of 0, however these time-points are not included in the analysis as all event times
are artificially censored after the buffer.)

These weights are used in the calculation of weighted Cox models for the time to MACE. A model
with treatment group as single covariate as well as a model with X and Z as additional covariates
will be considered.

Inference from weighted Cox models will be based on robust standard errors.
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Chapter 6

Presentation of simulation results and
case studies

6.1 Metrics for assessment and presentation of results

To evaluate the performance of the different estimators, we will assess several standard simulation
metrics that collectively describe both accuracy and reliability. Bias quantifies the systematic devi-
ation of the estimator’s average value from the true parameter, indicating whether a method tends
to over- or underestimate the effect. Variance measures the dispersion of estimates across simu-
lation replicates, reflecting precision. The mean squared error (MSE) combines both components,
capturing overall estimation accuracy through MSE = Bias? + Variance.

We will also evaluate the width of the 95% confidence intervals (CIs) as an indicator of estimator
precision, and the empirical coverage probability, to assess the validity of the estimated uncertainty.
Finally, to evaluate inferential performance, we will compute the empirical type I error rate, defined
as the proportion of simulations incorrectly rejecting the null hypothesis when it is true, and the
power, defined as the proportion correctly rejecting the null when a true effect exists. Together,
these metrics provide a comprehensive assessment of each method’s bias—variance trade-off, un-
certainty calibration, and ability to detect true treatment effects under varying data-generating
scenarios.

The results will for each scenario be presented graphically, to visualise the impact of systematic
variations of design elements. A condensed overview with averaged metrics across different settings
will also be considered.

Results for case studies will be presented in terms of descriptive statistics for the analysed data set.
For each applied analysis method, the estimated summary measure together with a 95%confidence
interval will be reported as well as the result of a hypothesis test for the null hypothesis of no
treatment effect. Results will be tabulated and may be supported by descriptive graphics such as
Kaplan-Meier plots.

6.2 Case studies

For each scenario class, one simulated data set will be utilised for a case study to illustrate the
application of the investigated analysis, the presentation of analysis results and to allow for an
exemplary comparison of results of different methods.

For Scenario class 1 (treatment switching), the data for the case study will be simulated according
to the mechanisms described in A setting in which average trajectories for the time-
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dependent covariate W are different between treatment groups will be chosen. The case study will
include both administrative censoring and additional random censoring.

For Scenario class 2 (rescue medication), data according to the core data generating model in
will be used, i.e. the data will include both rescue medication as intercurrent event and
will in addition be affected by missing outcome data. The case study analysis will include, both,
the treatment policy estimand as well as the hypothetical estimand strategy.

For Scenario class 3 (vaccine trial), data generated as described in will be used. Missing
data may be included in the case study data set. As case study scenarios we will consider settings
with a subgroup of subjects at higher risk for infection (scenario subtype B in [subsection 4.1.6])
or where the propensity for adverse reaction and the propensity for larger immunogenicity are
correlated (scenario subtype C in [subsection 4.1.6)).

For Scenario class 4 (safety), data generated according to will be used, with a reduced
hazard rate in the buffer window post treatment discontinuation.

The aim of the case studies is to illustrate relevant use cases. Therefore, detailed settings of the
case study scenarios may be adapted based on findings on the simulation study. Additional case
study scenarios may be included depending on learnings from the simulation study.
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Chapter 7

Software and programming

For the core simulation functionality, the SimDesign package will be used, additional simulation
software that is to be implemented is expected to include:

1. one or more modules to generate pseudo-random numbers according to scenarios with different
assumptions on causal relationship and distribution of the variables;

2. several modules implementing algorithms to fit and evaluate different causal inference meth-
ods and estimators;

3. an output and presentation module that implements tabulation and plotting of simulation
results.

Such a modular simulation framework has the attractive property as individual components can
be implemented by different partners, permits extensive use of existing libraries and promises
high reusability for potential follow-up investigations. Seamless interaction between modules is
guaranteed by comprehensive specification and documentation of module interfaces. This is directly
facilitated by package SimDesign, which implements dispatch, execution, and result collation. To
this end, it requires specification of the simulation design (parameter scenario), data generating
function (with design as input), analysis function (with generated data as input), and summary
function (with analysis as input).

Compartmentalization of output and presentation into a separate module permits that correspond-
ing software development can be deferred to a later stage in the project. For testing purposes
and preliminary communication of early results between partners and EMA a rough prototype can
suffice. This will free up resources in the initial stages to focus on implementation of the core
functionality and permit flexible adaptation of the output to meet publication and presentation
needs.

Quality Control

To ensure that software code will be intuitive to read and debug, comprehensive naming and coding
conventions will be agreed between involved partners. In addition, complete interface specifications
and common object and data-type models will be defined at the design stage. Software code will
be extensively documented. For all high-level functions manual pages will be written (facilitated
by packages roxygen and devtools). Usage of the overall simulation package will be described in a
vignette.

In order to produce code that is flexible and extensible a functional programming approach - that
prioritises mapping over looping - will be used. Such an approach (e.g. relying on packages provided
within the tidyverse) facilitates the development of computationally efficient code that can be easily
scaled on the parallel computing infrastructure available within the consortium.
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Table 7.1: Software packages to be used in the simulation.

. Package for Package used Bootstrap
Scenario data generation Strategy Method for estimation needed
RPSFT rpsftm No
Two stage . .
Treatment switching mvtnorm, Hypothetical estimation survival, tréswitch  No
in oncology setting miniPCH IPCW ipw No
g-formula gfoRmula Yes
Cox-model survival
. IPW ipw No
Rescue medication mvtnorm gri;dgmegshle)sil;z}lf de-mediation glm and Im No
in diabetes trial P g-computation gfoRmula Yes
mmrm mmrm No
P : :
reventive Yaccme mvtnorm Principal stratum IV-regression ivreg No
efficacy setting
tSiErlrfleet}t,oszliitWIth mvtnorm, While on SlOZrIsZOdfél?;bilit survival and i No
v miniPCH treatment v P Y ViV pw

endpoint weighting

To ensure timely detection and correction of implementation errors, a comprehensive unit testing
framework will be implemented (e.g. using R package testthat). Test cases will be prospectively
planned and implemented independently from corresponding software modules. At each develop-
ment iteration, results from data generating processes and analysis methods will be automatically
checked against predefined test cases with known outcomes. In addition, outputs from data generat-
ing procedures and analysis results will be routinely checked visually and using summary statistics.

Software packages used
lists the software packages used for the data generating mechanisms and estimation for
each scenario.

If proposed packages have too slow performance to feasibly include them in the simulation study,
give invalid results due to implementation error or fail for a relevant proportion of simulation
replications, the following steps will be undertaken:

1. Search for another R package implementing the same estimation method.

2. Investigate the feasibility of implementing the same estimation method with standard pack-
ages.

3. Leave out time-consuming estimations like bootstrap Cls, or calculations where errors or in-
valid results occur and drop the methods from performance metrics where. those calculations
are needed

4. Entirely drop the estimation method from the evaluation.
Any such changes will be documented in the final study report.

Simulation study

Several measures to ensure safe and reliable execution of simulation studies will be implemented.
Errors and warning conditions (e.g. to detect convergence failures) will be implemented and tracked.
In addition, failsafe conditions (e.g. to terminate execution in case of overly long runtimes) will be
implemented. Filename conventions will be specified to avoid accidental overwriting of existing files.
To minimise the impact of network errors, power outages or other hardware failures. Intermediate
results will be saved to the hard disk and functions implemented that permit continuation of
computation once the hardware failure has been resolved.

Reproducibility of simulations will be ensured by thorough tracking of seeds, software versions
and hardware configurations as implemented in the SimDesign package. Simulation study results
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will be checked against results from previous related studies previously conducted by members of
the Consortium. Results from novel scenarios will be checked for plausibility visually and using
summary statistics. Simulation study reports will be reviewed by internal reviewers preferably from
a partner in the Consortium not involved in the implementation and execution of the study.
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