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Stepped wedge cluster-randomized trial (CRTs) designs randomize clusters of individuals to intervention
sequences, ensuring that every cluster eventually transitions from a control period to receive the intervention
under study by the end of the study period. The analysis of stepped wedge CRTs is usually more complex
than parallel-arm CRTs due to potential secular trends that result in changing intra-cluster and period-cluster
correlations over time. A further challenge in the analysis of closed-cohort stepped wedge CRTs, which follow
groups of individuals enrolled in each period longitudinally, is the occurrence of dropout. This is particularly
problematic in studies of individuals at high risk for mortality, which causes non-ignorable missing outcomes.
If not appropriately addressed, missing outcomes from death will erode statistical power, at best, and
bias treatment effect estimates, at worst. Joint longitudinal-survival models can accommodate informative
dropout and missingness patterns in longitudinal studies. Specifically, within the joint longitudinal-survival
modeling framework, one directly models the dropout process via a time-to-event submodel together with the
longitudinal outcome of interest. The two submodels are then linked using a variety of possible association
structures. This work extends linear mixed-effects models by jointly modeling the dropout process to
accommodate informative missing outcome data in closed-cohort stepped wedge CRTs. We focus on constant
intervention and general time-on-treatment effect parametrizations for the longitudinal submodel and study
the performance of the proposed methodology using Monte Carlo simulation under several data-generating
scenarios. We illustrate the joint modeling methodology in practice by reanalyzing data from the ‘Frail Older
Adults: Care in Transition’ (ACT) trial, a stepped wedge CRT of a multifaceted geriatric care model versus
usual care in 35 primary care practices in the Netherlands.
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1 INTRODUCTION

Cluster-randomized trials (CRTs) are popular study designs used to evaluate interventions delivered to a group of individuals,
such as clinics, hospitals, or villages. CRTs are adopted when the cluster is the intervention target, when individual randomization
is infeasible, or when the risk for contamination is high1. In the most straightforward design, clusters in CRTs are randomized in
parallel, with each cluster randomly assigned to either intervention or control with no crossover. An alternative CRT design
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F I G U R E 1 Example of a closed-cohort stepped wedge trial with i = 8 clusters and j = 5 time periods; grey boxes represent
being under study treatment during a given cluster period. Reproduced from Li et al.3

uses the so-called stepped wedge randomization, with clusters randomized to crossover from a control condition at different
times, i.e., randomizing when the intervention condition will start2,3. In this design, each cluster transitions to the intervention
at a different point in time, and by the end of the trial, all clusters have received the intervention under study. Benefits and
tradeoffs of stepped wedge designs are discussed in detail elsewhere3,4; among others, they overcome difficulties in rolling
out the intervention to all study participants at the same time, they allow every study participant to be exposed to the study
intervention(s), and they can increase statistical power as each cluster serves as its own control. There are several types of
stepped wedge designs, including open, cross-sectional, and closed-cohort, each referring to how participants are followed in the
study5,6. The work focuses on inferential methods for non-ignorable missing outcome data due to death in closed-cohort designs,
where the outcomes of individuals are measured repeatedly over the study period (Figure 1).

The loss of study participants in longitudinal studies is a major challenge that, if not adequately handled, can introduce bias
in the analysis and affect the identification of true treatment effects. This is especially relevant when the loss to follow-up is
correlated to socioeconomic position or poor health, which can correlate with a higher risk of dropping out7. For instance, a
recent review of nursing home CRTs by Poupin et al. found that a median of 19.5% study participants did not complete the
entire study protocol, mostly because of death8.

Dropout in longitudinal studies is often ignored or inadequately examined to assess the potential impact of missing outcome data
(and approaches to handling missing data) on study conclusions8. In this manuscript, we approach this problem by explicitly
modeling the dropout process together with the longitudinal outcome within the shared random-effects modeling framework.
Other approaches, such as locating and re-engaging study participants who were lost to follow-up, have been proposed in the
literature9; this is, however, not always possible, particularly when dropout is due to the death of the study participant. Our
approach is tailored to the settings of closed-cohort stepped wedge CRTs but could be extended to parallel and cluster-crossover
CRTs (and other multilevel settings), when repeated measurements are collected over multiple time periods, as well.

It is known in the literature that dropout from the study, per se, does not necessarily introduce bias in the analysis. For instance,
if dropout is missing completely at random (MCAR), then the dropout process is ignorable and only leads to loss of efficiency.
In studies where MCAR is expected, inflation of the planned sample size is a valuable strategy to prevent loss of power, and
standard methods for the analysis of longitudinal data can be used without bias8,10–12. Mixed-effects models estimated on the
available data are recommended in these settings, as their maximum likelihood estimators are robust to missing at random
(MAR); conversely, generalized estimating equations (GEE) estimators are only unbiased when data is MCAR, but a weighted
GEE can be used to overcome this limitation11–13. When dropout is not MCAR nor MAR, then it is said to be missing not at
random (MNAR), informative, or non-ignorable: in these settings, the selection bias over time induced by differential attrition
rates (e.g., between treatment arms) can lead to bias and significant additional heterogeneity, as illustrated with simulated data
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F I G U R E 2 Illustrative example of biased longitudinal trajectories in the settings of informative dropout, using simulated
data. The example assumes that study participants drop out when the longitudinal outcome exceeds the value of five, e.g.,
representing a hypothetical scenario where participants have improved enough that they no longer perceive the benefits of
continuing the study.

in Figure 2. For example, in the MNAR settings, attrition rates may depend on unobserved characteristics of the longitudinal
outcome, such as the current true value or the slope of change. Note that dropout from the study may be informative even
with equal attrition rates between treatment arms, i.e., if dropout occurs for different reasons, such as toxicity in the treatment
arm and lack of perceived benefit in the control arm. This leads to a form of informative censoring that is cryptic and hard to
identify14. The difference between MCAR, MAR, and MNAR settings in randomized trials is further discussed, among other
methodological considerations, by Thakur et al.15

The issue of informative dropout in trials with longitudinal outcomes, and the role of joint modeling specifically, has been
previously studied in the literature. Rouanet et al. summarized different approaches for modeling longitudinal outcomes and
highlighted how joint longitudinal-survival models can accommodate MNAR settings, while mixed models and (potentially
weighted) GEE models cannot12. Kolamunnage-Dona et al. illustrated the joint modeling approach in randomized trials
(without any clustering) with competing causes of dropout, highlighting the value of this approach for evaluating the sensitivity
of conclusions to assumptions regarding missing data mechanisms16. Cuer et al. compared linear mixed models and joint
longitudinal-survival models to show their differences in terms of outputs, interpretation, and underlying modeling assumptions17.
In further work, they compared standard joint longitudinal-survival models with competing risks joint models (e.g., those
discussed by Kolamunnage-Dona et al. as well16) both in practice and via simulation, showing that the standard model and the
competing risks model performed equally well when the risk of dropout was the same whatever the cause18. Moreover, they
showed that the standard joint model led to biased results when the risk of dropout differed between causes; this was not the case
for the competing risks joint model18. Hogan et al. developed a mixture-modeling approach for longitudinal data with outcome-
dependent dropout where the functional dependence between covariate effects and dropout time can be left unspecified19; their
approach can be considered to be an extension of selection models20,21. Wang and Chinchilli developed a shared parameters
model for the settings of crossover designs with informative dropout22. Specifically, they combine mixed-effects models with
a model for dropout based on fully parametric discrete hazard models, and they implement maximum likelihood estimation
to estimate the model parameters. Moreover, they extended their approach to binary longitudinal outcomes and showed that
GEE models and generalized linear mixed models with pseudo-likelihood estimation for complete and incomplete data were
robust to informative dropout, highlighting that, in their simulation settings, the impact from the missing data on the model
estimates was mild with a binary outcome23. Finally, Poupin et al. suggested that open-cohort designs could be used to reduce
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the impact of potentially informative attrition, as long as (1) the intervention and the main cause of attrition are independent and
(2) the intervention has a cluster-specific effect (if any)24. This is, therefore, not feasible with interventions that are expected
to have an individual effect, such as medications or treatments administered at the subject level, and is beyond the scope of
this manuscript. Despite this existing work, there has been limited research on methods for addressing informative attrition
in closed-cohort stepped wedge CRTs, where the exogenous, time-dependent treatment indicator can affect both the attrition
rate and the longitudinal outcome. In addition, recent studies have indicated the importance of accounting for time-dependent
treatment effects in the longitudinal modeling in stepped wedge CRTs, and it remains of interest to develop methods in the
presence of both time-dependent treatment effects and informative attrition25–27.

The rest of this manuscript is organized as follows. In Section 2, we introduce the mixed modeling parametrization for closed-
cohort stepped wedge CRTs that we focus on throughout this work. In Section 3, we extend the mixed modeling approach to the
joint longitudinal-survival framework, including model formulation, likelihood, and estimation. In Section 4, we compare the
two approaches using Monte Carlo simulation methods. In Section 5, we re-analyze data from the Frail Older Adults: Care in
Transition (ACT) trial, a pragmatic stepped wedge CRT of a multifaceted geriatric care model versus usual care in 35 primary
care practices in the Netherlands, using both the traditional mixed modeling and the joint modeling approach. In Section 6, we
discuss extensions to the proposed framework. Finally, we conclude the manuscript with a discussion in Section 7.

2 MIXED-EFFECTS MODELS: A RECAP

Closed-cohort stepped wedge trials are routinely analyzed using mixed-effects models3. For this project, we focus on the
following mixed-effects model:

Yijk(t) = mijk(t) + εijk(t) =
J∑

j=1

βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik + εijk(t) (1)

where Yik(t) is a continuous outcome measured at time t for the ith cluster during the jth discrete period and on the kth study
participant. Xi(t) is a binary covariate denoting whether the ith cluster received treatment during the discrete calendar period
(Tj–1, Tj], δ is the treatment effect, and βj are period-effect coefficients. We assume that ε ∼ N(0,σ2

ε) is residual (measurement)
error, and we include two independent random effects, α ∼ N(0,σ2

α) and ϕ ∼ N(0,σ2
ϕ), representing a cluster-, and a subject-

specific random intercept, respectively. This model is sometimes referred to as a nested exchangeable model, with a constant
intervention effect; it represents an extension of the Hussey and Hughes model introduced by Baio et al.28. A nested exchangeable
model implies the following correlation structure:

corr[Yijk(t), Yilm(t)] =


ρa =

σ2
α + σ2

ϕ

σ2
α + σ2

ϕ + σ2
ε

, k = m

ρd =
σ2
α

σ2
α + σ2

ϕ + σ2
ε

, k ̸= m

where ρa denotes the within-individual intra-class correlation coefficient (ICC) and ρd the correlation between two observations
collected from different individuals, irrespective of time periods.

We can generalize the constant intervention model of Equation (1) by allowing for a general time on treatment effect:

Yijk(t) = mijk(t) + εijk(t) =
J∑

j=1

βjI(Tj–1 < t ≤ Tj) + δj–sXi(t) + αi + ϕik + εijk(t) (2)

where δj–s denotes an intervention effect that depends on how many time periods have passed since the intervention was
introduced,

δj–s = δ0I(j = s) + δ1I(j = s + 1) + δ2I(j = s + 2) + · · · ,

assuming the intervention was introduced during period s. This is illustrated in Figure 3. This model estimates a potentially
distinct treatment effect per level of the exposure time (duration of the treatment and is different from the calendar time), and
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F I G U R E 3 Example of a closed-cohort stepped wedge trial with i = 4 clusters and j = 5 time periods, with a general time
on treatment effect δj–s; grey boxes represent intervention periods, while white boxes represent control periods.

addresses time-dependent treatment effect heterogeneity, which may arise due to the learning, weakening, or delayed effect due
to implementation of the intervention3,25–27.

3 A JOINT MODELING APPROACH TO ADDRESS INFORMATIVE ATTRITION IN
COHORT STEPPED WEDGE DESIGNS

When dropout from the study is informative, the traditional mixed-effects analysis models introduced in Section 2 can yield
biased parameter estimates as it assumes outcomes are MAR, i.e., that missingness is non-informative. To overcome this
limitation, we propose jointly modeling the longitudinal and dropout processes via joint longitudinal-survival modeling.

We now introduce additional notation to describe the dropout process. Specifically, let Sik be the full observation time for
the kth participant in the ith cluster. This corresponds to the full time under study, e.g., until the end of the jth intervention
period, for a patient that completes the study. However, study participants can drop out before the end of the last intervention
period for various reasons, including death or migration from the country. Therefore, in practice, we can only observe time
Tik = min(Sik, Cik), where Cik is the dropout time; the indicator variable ∆ik = I(Cik ≤ Sik) represents whether a participant
dropped out of the study before the end of follow up (∆ik = 1) or not (∆ik = 0). The observed time to event data will thus be, for
the kth participant in the ith cluster, the couple (Tik,∆ik).

3.1 Joint model formulation

We propose the following general joint model, which extends the constant intervention effect, nested exchangeable model:{
Yijk(t) =

∑J
j=1 βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik + εijk(t)

λijk(t) = λ0(t) exp(νXi(t) + ωZik)
(3)

where Zik = [αi,ϕik] denotes any user-specified combination of the random effects α, ϕ with associated regression coefficients
ω; the dimension of ω depends on which random effects from the longitudinal submodel are included in Zik. We denote this
parametrization of the association structure between the longitudinal and time-to-dropout models as the shared random effects
parametrization. Moreover, the survival submodel assumes a proportional hazards model with baseline hazard function λ0(t)
and treatment effect ν, but other covariates could be incorporated in the dropout model, in principle.
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If we assume a maximal model from Equation (3), we obtain the following joint model:{
Yijk(t) =

∑J
j=1 βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik + εijk(t)

λijk(t) = λ0(t) exp(νXi(t) + ω1αi + ω2ϕik)
(4)

where we allow for cluster- and subject-specific associations with the rate of dropout from the study (with association parameters
ω1,ω2). We can simplify this maximal model by including constraints: for instance, we could constrain the effect of cluster- and
subject-specific random effects on dropout to be the same (i.e., ω1 = ω2) or that a certain effect is zero (e.g., ω2 = 0). Any other
user-defined constraint is also possible.

Moreover, as in Section 2, we can extend the model from Equation (3) by assuming a general time on treatment model for the
longitudinal submodel: {

Yijk(t) =
∑J

j=1 βjI(Tj–1 < t ≤ Tj) + δj–sXi(t) + αi + ϕik + εijk(t)

λijk(t) = λ0(t) exp(νXi(t) + ωZik)
(5)

Note that we still assume a constant intervention effect on dropout, ν, but this assumption could be relaxed as well, in principle.

Moreover, note that we assume continuous time for the dropout component of the joint model, and assume a parametric shape
for the baseline hazard function λ0(t), such as exponential or Weibull. For instance, an exponential baseline hazard function has
a constant hazard defined by a single parameter λ, with λExp

0 (t) = λ, while a Weibull baseline hazard function with scale and
shape parameters λ and p, respectively, is defined as λWei

0 (t) = λptp–1. Other parametric (e.g., Gompertz) or flexible parametric
(e.g., using smooth splines to model the baseline hazard) formulations can be accommodated as well within the framework, in
principle29,30. Semi-parametric and fully non-parametric baseline hazard functions are also possible, in principle, but that can lead
to underestimation of the standard errors of parameter estimates requiring the bootstrap to obtain appropriate standard errors31.

Furthermore, we assume that dropout times are known exactly: in this scenario, we only have to consider right censoring for the
time to dropout distribution. In some settings, information that people have dropped out of the study might be only known at the
end of each study period; in that scenario, the distribution for time to dropout would be interval censored, and the joint modeling
approach would have to be extended to take this into account32.

Finally, simulating data from the general joint model formulation of Equations (3) and (5) is a non-trivial task given that it
combines a longitudinal outcome measured with error and a time-varying, exogenous covariate (the randomized treatment
sequence). The algorithm for simulating data for our subsequent numerical study is described in more detail in the supplementary
material.

3.2 Likelihood and estimation

The joint model introduced in Section 3.1 can be fit using readily available statistical software within the maximum likelihood
framework. Specifically, the likelihood function is defined as follows:

L(θ) =
∫
α

∫
ϕ

f (y|x,α,ϕ, θ) f (a|σ2
α) f (p|σ2

ϕ) da dp (6)

where θ denotes the vector of model parameters, y the vector of response variables (the longitudinal and time to dropout
outcomes), x the vector of model covariates (such as the fixed treatment and period effects), f (·|σ2

α) the distribution of the cluster-
specific random intercept α, and f (·|σ2

ϕ) the distribution of the subject-specific random intercept ϕ. The joint distribution of the
random effects can be factorized as the product of their univariate distributions thanks to the independence assumption (α ⊥⊥ ϕ)
that follows from the nested exchangeable model formulation. The integration in Equation (6) does not have closed-form, and
needs to be approximated numerically; to this end, we use mean-variance adaptive Gauss-Hermite quadrature as implemented in
Stata’s gsem command33,34.

A standard assumption in this class of models is that, conditionally on the random effects, the longitudinal measurements are
independent of dropout times, i.e., Y ⊥⊥ Tik | α,ϕ (using the notation of Section 3.1). Therefore, we can factorize the joint
distribution of the longitudinal measurements and dropout times as well:

f (y|x,α,ϕ, θ) = f (Y |xY ,α,ϕ, θY ) × f (t|xt,α,ϕ, θt) (7)
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where Y denotes the longitudinal outcome and t the time to dropout outcome. The vector of fixed effects covariates is partitioned
into covariates for the longitudinal submodel (xY ) and for the survival submodel (xt), and analogously the vector of model
parameters θ = (θY , θt). In practice, for our two-level model, the likelihood is computed at the cluster level by multiplying the
subject-specific contribution of each subject in each cluster first and then combining all cluster contributions.

The likelihood function does not have a closed-form solution and is thus maximized numerically, e.g., using Stata’s implementa-
tion of the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm or its modified Newton-Raphson algorithm35. We implement
the entire model in Stata, including Gaussian quadrature and optimization, within the generalized structural equation modeling
framework using the gsem command34. More details on the estimation of hierarchical joint models can be found in Brilleman
et al.36

4 MONTE CARLO SIMULATION STUDIES

The setup of our simulation studies is described in this Section, following the ADEMP framework introduced by Morris et al.37

4.1 Aims

Our simulation studies sought to assess the performance of traditional analysis methods for stepped wedge trials (introduced in
Section 2) compared to the joint modeling approach outlined in Section 3, under a variety of realistic scenarios. Specifically, we
design and perform two studies:

1. Simulation study A, where we study the performance of the constant intervention model described in Equation (1);

2. Simulation study B, where we study the performance of the general time on treatment model described in Equation (2).

4.2 Data-generating mechanisms

Characteristics of the data-generating mechanisms largely overlap across simulation studies A and B. Specifically, we simulate a
closed-cohort stepped wedge trial with 4 intervention sequences, 5 time periods, and 8 clusters per intervention sequence, for a
total of 32 clusters, which mimics our application in Section 5; this is illustrated in Figure 4.

Then, we assume that each cluster recruits 50 subjects at the beginning of the study, and that these subjects either complete the
study or drop out before all intervention periods can be completed. The dropout mechanism is consistent with the joint model
described in Section 3 (and including the standard models of Section 2 as a special case), and is described in more detail below.
Note that we assume that dropout is an irreversible absorbing state: i.e., once subjects drop out of the study, they cannot return
under observation.

We assume that the time to dropout submodel follows a Weibull proportional hazards model with shape and scale parameters
p = 1.0 and λ = exp(–1.5). These values are based on the real-data application that is described in Section 5. Then, we assume
that the five parameters for the longitudinal period effects are β1 = β2 = β3 = β4 = β5 = 30. For the variance components, we
assume a residual error with variance σ2

ε = 40, and random intercepts variances of σ2
α = 2 and σ2

ϕ = 55. These values correspond
to a within-individual ICC (ρa) of 0.588 and a between-individuals ICC (ρd) of 0.021 which are within the range of commonly
reported correlation parameters in stepped wedge designs38.

Under our simulation scenarios, we define a fully factorial design for the following model parameters:

• The treatment effect(s) on the longitudinal outcome δ, with δ ∈ {0.0, 5.0, 25.0} for the constant intervention model (simulation
study A) or {(δ0 = δ1 = δ2 = δ3 = 0.0), (δ0 = 0.00, δ1 = 2.50, δ2 = 5.00, δ3 = 6.25), (δ0 = 0.00, δ1 = 12.50, δ2 = 25.00, δ3 =
31.25)} for the general time on treatment model (simulation study B). Note that 5.0 and 25.0 represent approximately 5%
and 25% of the total variance of the longitudinal outcome;
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Clusters 9-16
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F I G U R E 4 Closed-cohort stepped wedge trial design with 32 clusters (8 per intervention sequence, 4 intervention sequences)
and 5 time periods, used for the simulation studies described in this manuscript; grey boxes represent being under study treatment
during a given cluster period.

• The treatment effect on dropout ν, with possible values ν ∈ {–0.2, 0.0}. These coefficients correspond to hazard ratios for
treated versus non-treated subjects of 0.819 and 1.000, respectively;

• The association parameters ω1 = ω2 ∈ {log(0.5), log(0.9), log(1.0), log(2.0)}. These correspond to hazard ratios of 0.5, 0.9,
1.0, and 2.0, respectively, and we deem scenarios with ω1 = ω2 ∈ {log(0.5), log(2.0)} as extremes.

Overall, the data-generating mechanisms here described consist of 3 × 2 × 4 = 24 distinct scenarios, of which 6 (i.e., those with
ω1 = ω2 = log(1.0) = 0.0) correspond to settings where dropout from the study is non-informative.

Note that simulating time to dropout in continuous time, under this data-generating mechanism and with a time-varying
exogenous exposure included in the survival submodel (the time-varying, deterministic treatment assignment), is a non-trivial
task. The algorithm we implemented is described in more detail below.

The procedure to simulate data from the joint model was developed by combining previous work by Bender et al., Austin,
and Crowther and Lambert39–41, and consists of two steps. The first step consists of simulating the longitudinal data from a
stepped wedge trial in the absence of dropout; then, we simulate the time to dropout from the study and censor the longitudinal
trajectories accordingly. These steps are formalized in Algorithm 1. Simulating dropout times from the survival submodel of
Equations (3), (5) follows from Bender et al.39, and is based on the inversion method. Specifically, let Ts be the simulated
dropout time; assuming that

F(Ts|X, t,α,ϕ, θ) = 1 – exp[–H(Ts|X, t,α,ϕ, θ)] = u,

with u ∼ Unif(0, 1), we can solve for Ts and obtain simulated dropout times. However, in our case, this is not straightforward
as the cumulative hazard function depends on (1) the time-varying treatment, (2) the time-period-specific effects, and (3) the
random effects. We can thus implement the procedure described by Austin40: assuming that tJ is the start of the time interval
where a given subject starts to be exposed to treatment, a Weibull baseline hazard with shape and scale parameters λ and p,
respectively, and b = λ exp(ω1αi + ω2αik)tJp, dropout times can be simulated as

Ti =


(

– log(u)
λ exp(ω1αi + ω2ϕik)

) 1
p

if – log(u) < b(
– log(u) – λ exp(ω1αi + ω2ϕik)tp

J + λ exp(ν + ω1αi + ω2ϕik)tp
J

λ exp(ν + ω1αi + ω2ϕik)

) 1
p

if – log(u) ≥ b

(8)
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with, again, u ∼ Unif(0, 1). Similar closed-form expression could be obtained for exponential or Gompertz baseline hazard
functions, again, following the work of Austin40. We provide an R package with our implementation of this algorithm, which is
openly available online on GitHub at https://github.com/RedDoorAnalytics/simswjm.

Algorithm 1 Steps of the algorithm used to simulate data from the joint model of Equations (3), (5)
Input: Data-generating parameters and study design settings
Step 1: Simulate longitudinal data from a given stepped wedge design
1: Define the stepped wedge design: number of subjects per cluster, time periods,

and treatment assignments;
2: Simulate the stepped wedge design by assembling the number of clusters, subjects

per cluster, and treatment periods according to the previous step;
3: Draw the cluster-level random effects α ∼ N(0,σ2

α), for every cluster;
4: Draw the subject-level random effects ϕ ∼ N(0,σ2

ϕ), for every study subject;
5: Draw the residual errors ε ∼ N(0,σ2

ε), for every observation of every study subject;
6: Calculate Y for each subject in the trial by plugging the fixed model parameters

(e.g., those that we described in Section 4.2) and the simulated random effects
and residual errors into the longitudinal submodel of Equations (3), (5).

Step 2: Simulate time to dropout from the study
1: Draw u ∼ Unif(0, 1) for every study subject;
2: Calculate b = λ exp(ω1αi + ω2αik)tJp according to the assumed data-generating parameters

(e.g., those that we described in Section 4.2);
3: Simulate dropout times Ts by plugging u, b and the data-generating parameters into

Equation (8);
4: Generate dropout event indicator variable by comparing the simulated dropout

time Ts with the maximum allowed follow-up time (e.g., the time of the last
measurement).

Step 3: Combine longitudinal and dropout data and censor longitudinal outcomes accordingly
1: Combine simulated data from step 1 and step 2;
2: Censor simulated Y values that are beyond dropout times Ts;
3: Create start-stop notation for the survival submodel, including event indicator

variables, required to account for the time-varying exogenous treatment.

Output: A simulated dataset for a stepped wedge trial under the joint model of Equations (3), (5)

4.3 Estimands

The estimands of primary interest for this simulation study are the treatment effect parameters on the longitudinal outcome,
denoted with δ (for simulation study A) and with δ0, δ1, δ2, δ3 (for simulation study B), and the period effects (the βj coefficients,
∀ values of j). Of secondary interest, we also consider the within-individual and between-individuals ICCs ρa, ρd. True values of
each estimand were introduced in Section 4.2.

4.4 Methods

We evaluated the performance of the mixed-effects model for stepped wedge trials (introduced in Section 2) not taking into
account informative dropout versus the shared random effects joint model introduced in Section 3, assuming either a constant
intervention model or a general time on treatment model for the longitudinal outcome. Thus, we fit and compare the linear
mixed models formalized in Equations (1) and (2) (simulation study A), and the joint models formalized in Equations (3) and (5)
(simulation study B).

https://github.com/RedDoorAnalytics/simswjm
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4.5 Performance measures

The key performance measure of interest was bias, which quantifies whether a method targets the true value of a parameter
on average. We report bias on both an absolute and relative scale, the latter only for estimands with a true value that is not
zero. Additionally, we report empirical and model-based standard errors to assess the performance of variance estimators and to
compare the efficiency of the two methods. Finally, we report convergence rates and coverage probabilities, for completeness.
All performance measures are described in more detail by Morris et al.37

4.6 Number of repetitions

To determine how many repetitions were needed to estimate the performance measures of interest with sufficient precision, we
first ran an arbitrary amount of 30 iterations. We then analyzed these preliminary results and concluded that, with 500 repetitions,
we would expect a Monte Carlo error for bias that is no more than 2% of the absolute treatment effect value (either of δ or
δ0, δ1, δ2, δ3), which we consider reasonable. This procedure is described in more detail in the supplementary material.

4.7 Software

The simulation algorithms were implemented in R, while the analysis code for both models (linear mixed and joint model) was
implemented in Stata using the built-in gsem command34,42. The simulation study is summarized in R using the rsimsum
package43. All statistical code to replicate our simulations or fit the joint model using Stata is publicly available on GitHub at
https://github.com/ellessenne/swjm.

4.8 Results

We report the results of the simulation study for the constant intervention model in 4.8.1, and the results for the general time on
treatment model in Section 4.8.2.

4.8.1 Results: simulation study A, constant intervention model

First, we report on the convergence rates of the fitting procedures. Overall, the joint model had lower convergence rates than
the mixed model, which was expected given the extra computational complexity; nonetheless, convergence rates were good
(>97%) in all scenarios with non-extreme dropout mechanisms. These results are described in more detail in Appendix C of the
supplementary material available online.

Figure 5 depicts the estimated bias for the treatment effect δ on the longitudinal outcome over repetitions and across all
simulation scenarios and models; results are also tabulated in Appendix C of the supplementary material. Overall, the joint
model outperformed the linear mixed model, with negligible bias under every scenario. Conversely, the linear mixed effects
model showed bias estimates in the scenarios with ν = –0.2 and informative dropout, irrespective of the true treatment effect
value. These biases were, however, of small magnitude, as relative bias did not exceed 1.1% (in absolute terms; Appendix C). In
all scenarios with ν = 0.0 both models yielded unbiased results, and, as expected, both models performed well in all scenarios
with non-informative dropout (ω1 = ω2 = log(1.0)).

Interestingly, coverage probability was close to optimal across all scenarios and for both models, highlighting some issues with
the estimation of model-based standard errors for linear mixed models in the settings of informative dropout. Some exceptions
could be observed, with slight under-coverage for both models in the scenario with ω1 = ω2 = log(1.0), ν = 0.0, δ = 0.0 and for
the linear mixed model in the scenario with ω1 = ω2 = log(0.5), ν = –0.2, δ = 25.0; we however suspect that these results may be
due to the availability of a limited number of clusters, and we suspect that they may improve as the number of clusters increases
(the coverage probabilities are still in the 90-95% range). These results are reported in Appendix C of the supplementary material.

https://github.com/ellessenne/swjm
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F I G U R E 5 Estimated bias for the treatment effect δ on the longitudinal outcome with 95% confidence intervals based on
Monte Carlo standard errors, constant intervention model.

For the period effects, the linear mixed model showed significant bias at all possible time points when dropout was informative
(Appendix C, supplementary material), up to 20% (on a relative scale); the joint model outperformed the linear mixed model,
with slight bias (<5%) only in the extreme scenarios with ω1 = ω2 = log(0.5), log(2.0). Accordingly, coverage probability was
poor when period coefficients were biased for both the linear mixed model and the joint model, and optimal otherwise. As with
the treatment effect δ, when dropout was not informative, both models could estimate unbiased period effects with optimal
coverage probabilities.

For the ICC, the joint model outperformed the linear mixed model in all scenarios with informative dropout, showing no bias or
small bias (at worst, in some extreme scenarios), as in Figure 6; accordingly, coverage was low (Appendix C, supplementary
material). The under-coverage is not unexpected because typically, nominal coverage for such second-order parameters may
require a large number of clusters, as demonstrated in previous simulations44. More results on the estimation of the specific
variance components are included, once again, in Appendix C of the supplementary material.

4.8.2 Results: simulation study B, general time on treatment model

Figure 7 depicts the estimated bias for the treatment effects δ0, δ1, δ2, δ3 on the longitudinal outcome over repetitions and across
all simulation scenarios and models. These results are tabulated in Section C of the supplementary material. Overall, the joint
model outperformed the linear mixed model, with no significant (or clinically meaningful) bias across the board; biases or
larger magnitude, in absolute value, were observed for the later treatment effects (as expected, where the impact of informative
data thinning is more pronounced). Scenarios that were not informative (ω1 = ω2 = log(1.0)) showed no bias for either model;
moreover, the mixed model performed well in scenarios with ν = 0.0 as well, despite the association parameters.

Bias for the period effects and ICCs followed the same patterns described in Section 4.8.1, with (1) the joint model outperforming
the linear mixed model across the board when dropout was informative and (2) unbiased estimates when dropout was not
informative.
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F I G U R E 6 Estimated bias for the ICC parameters with 95% confidence intervals based on Monte Carlo standard errors, constant intervention model.

Overall, compared to the results summarized in Section 4.8.1, the benefits of the joint modeling approach are more evident under
the general time on treatment model. More results for the simulation under the general time on treatment model are included in
Section C of the supplementary material available online.

5 REANALYSIS OF THE ‘FRAIL OLDER ADULTS: CARE IN TRANSITION’ TRIAL

The ‘Frail Older Adults: Care in Transition’ (ACT) trial is a 24-month stepped wedge cluster randomized controlled trial that
was conducted between May 2010 and March 2013 in 35 primary care practices in the Netherlands45. The study included 1147
frail older adults, and aimed to study the impact of the Geriatric Care Model (GCM) on their quality of life; the study did not,
however, show statistically significant beneficial effects of the GCM. One potential issue with the ACT study is dropout from
the study: the study participants were frail older adults with an average age of 80 years at baseline, which are at high risk of
dropping out of the study, e.g., because of death. In fact, after 24 months, more than 30% of study participants had dropped out.
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F I G U R E 7 Estimated bias for the treatment effects δ0, δ1, δ2, δ3 on the longitudinal outcome with 95% confidence intervals
based on Monte Carlo standard errors, general time on treatment model. Simulation scenarios based on the joint model.

Thus, in this Section, we re-analyze data from the ACT trial using the joint modeling approach introduced in Section 3 to
account for potentially informative dropout from the study; we also include results from the standard linear mixed model
analysis for comparison purposes. Specifically, we focus on two longitudinal outcomes: the mental health component score
(MCS) and physical health component score (PCS) of the 12-item Short Form questionnaire (SF-12), which quantify quality
of life. We fit joint models assuming a constant intervention effect or a general time on treatment effect, equivalent to those
introduced in Equations (3) and (5), respectively, and adjust the longitudinal submodels for age, sex, and baseline variables on
which the allocation groups differed at baseline (educational level, region and frailty index score), as in Hoogendijk et al.45 The
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F I G U R E 8 Estimated treatment effect parameters for the GCM on SF-12 MCS and PCS outcomes, ACT trial, according to
both the constant intervention and general time on treatment joint and linear mixed models, with 95% confidence intervals.

survival submodel included time-varying treatment as a covariate and assumed the shared random effects association structure.
Comparable linear mixed models were fit by ignoring the time-to-event component.

The estimated treatment effect parameters are depicted in Figure 8: despite explicitly modeling the dropout process, we still
estimated a small and not clinically meaningful association between the GCM and quality of life as measured by SF-12.
Moreover, differences between the joint and linear mixed models were minor and did not change the interpretation of the results.
Estimated period effects, variance components, and, therefore, ICC values were also close when comparing the joint and linear
mixed models, as illustrated in Appendix D of the Supplementary Material available online.

These results suggest that dropout from the study in ACT is likely not strongly informative; we can test this assumption by
studying the estimated coefficients of the survival submodel, which are listed in Table 1. Specifically, the estimated parameter ν is
close to zero for both models, showing that there is no direct effect of treatment on the hazard of dropout. Moreover, the estimated
ω1 parameters are also close to zero and with large estimated standard errors, thus suggesting no association between the cluster-
specific random intercept and dropout; conversely, the estimated ω2 parameters suggest a significant association between the
subject-specific random intercept and dropout but of small magnitude (relative to the size of the estimated variances, 37.46 and
37.51 for the constant treatment effect and general time on treatment joint model, respectively; Appendix D, Supplementary
Material) for the SF-12 MCS outcome, and a not clinically meaningful association (once again) for the SF-12 PCS outcome.
Overall, the estimated values of ω1,ω2 suggest that either there is no differential dropout, e.g., between cluster or study subjects,
or that this effect is of small magnitude and with negligible clinical relevance.

These results provide a useful sensitivity analysis for the ACT trial regarding the issue of possibly informative dropout. Our
analyses suggest that the estimated treatment effects from the mixed model are robust to violations of this assumption (in these
settings).
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T A B L E 1 Estimated parameters of survival sub-model for the constant intervention and general time on treatment joint
model, with 95% confidence intervals. Note that parameters ν, ω1, and ω2 can be interpreted as log hazard ratios.

Parameter Constant Treatment Effect General Time on Treatment

Outcome: SF-12 MCS
ν -0.43 (-0.71, -0.15) -0.43 (-0.71, -0.14)
ω1 -0.48 (-2.55, 1.58) -1.14 (-12.47, 10.18)
ω2 -0.02 (-0.05, -0.00) -0.02 (-0.05, -0.00)

log(λ) -1.47 (-1.61, -1.33) -1.47 (-1.61, -1.33)
log(p) -0.06 (-0.17, 0.05) -0.06 (-0.17, 0.05)

Outcome: SF-12 PCS
ν -0.36 (-0.62, -0.10) -0.36 (-0.61, -0.10)
ω1 -0.11 (-0.32, 0.09) -0.11 (-0.32, 0.10)
ω2 -0.01 (-0.04, 0.01) -0.01 (-0.04, 0.01)

log(λ) -1.47 (-1.60, -1.34) -1.47 (-1.60, -1.34)
log(p) -0.08 (-0.19, 0.03) -0.08 (-0.19, 0.03)

6 EXTENSIONS OF THE JOINT MODEL TO OTHER OUTCOME TYPES AND ASSOCIA-
TION STRUCTURES

The joint modeling framework can be extended in a variety of ways. In this Section, we introduce and discuss two of these: the
extension to generalized outcome types (such as binary or count) and the extension to additional, more interpretable association
structures between the longitudinal and time-to-event submodels.

Starting with the extension to generalized outcome types, we can extend the linear mixed model of Equation (1) (linear mixed
model with a constant treatment effect) to a generalized linear mixed model for the mean of a certain outcome Yijk(t):

g[E(Yijk(t))] = mijk(t) =
J∑

j=1

βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik (9)

In Equation (9), g(·) denotes a certain link function; for instance, if we assume the identity function as a link function, we obtain
the usual linear mixed model (as in Equation (1)). Other possible link functions are the logit (g(·) = logit(·)), probit (g(·) = Φ(·),
with Φ denoting the cumulative distribution function of a standard normal distribution), and log (g(·) = log(·)) functions, among
others.

By framing the outcome within a generalized linear mixed modeling framework, the response (outcome) variable is no longer
constrained to be continuous and can now follow any distribution belonging to the exponential family, such as binomial, negative
binomial, Poisson, beta, or gamma. For instance, for a stepped wedge trial with a binary outcome, we can thus assume a logit
link function (and a binomial outcome distribution) to estimate log odds and log odds ratios. For a count outcome, we can
assume a log link and a Poisson distribution to estimate log expected outcome counts.

The extension to the joint modeling settings follows, by replacing the longitudinal submodel with a generalized linear mixed
model: {

g(E[Yijk(t)]) =
∑J

j=1 βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik

λijk(t) = λ0(t) exp(νXi(t) + ωZik)
(10)

The newly-defined joint model of Equation (10) can now be used to model outcomes of any type in stepped wedge trials with
(potentially) informative dropout.

Similar extensions can be defined for the general time on treatment models of Equations (2) and (5); these are omitted from this
Section for simplicity. Note that these generalized joint models can be, once again, fitted using the gsem command in Stata34;
every built-in distribution for the longitudinal outcome is supported within this framework, with a certain amount of additional
computational complexity depending on the distribution of choice.
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For the second proposed extension, recall that in every joint model introduced so far, we assumed the shared random effects
parametrization for the association structure between the longitudinal and dropout submodels. The interpretation of the estimated
association parameters reflects the change in the log hazard of dropout for a unit change in the deviation of each cluster/subject
from the population mean; note that this association structure is time-independent, as the latent random intercept values do not
change over time. However, this parameterization may be challenging to interpret for more elaborate structures; thus, alternative
association structures have been proposed in the literature46,47.

One such alternative association structure is the so-called expected value association structure, where we link the two submodels
via the expected value of the longitudinal outcome at a certain point in time t. For instance, the joint model of Equation (3) could
be re-written as: {

Yijk(t) =
∑J

j=1 βjI(Tj–1 < t ≤ Tj) + δXi(t) + αi + ϕik + εijk(t)

λijk(t) = λ0(t) exp(νXi(t) + ωE[Yijk(t)])
(11)

where E[Yijk(t)] denotes the expected value of the outcome Y at time t. The association parameter ω can now be interpreted as
the change in log hazard of dropout for a unit change in the expected value of the outcome Y at time t. Note that the expected
outcome value changes over time, which introduces additional computational complexity in the estimation process. Alternative
association structures are discussed elsewhere and include, among others, the rate of change in the longitudinal outcome at time
t or the (possibly weighted) cumulative effect47. Alternative association structures are not yet available within Stata’s gsem
command and would require ad-hoc software development to accommodate all the additional complexities of stepped wedge
trials (such as the hierarchical structure and the time-varying exogenous treatment assignment) before being usable in practice.

7 DISCUSSION

We introduced a joint longitudinal-survival model that can be used in the settings of closed-cohort stepped wedge to account for
non-ignorable dropout. The proposed model can be used with both constant and general time on treatment effect parametrizations,
can accommodate time-varying exogenous covariates in the dropout submodel (such as treatment), and can accommodate
different ways of linking the submodels (e.g., the user-defined form of ω in Equation (3)). Moreover, we provide annotated
technical guidance and statistical code for readers to apply the methodology in practice, including synthetic datasets — this is
openly available on GitHub at https://github.com/ellessenne/swjm.

Using Monte Carlo simulation and realistic data-generating mechanisms, we showed that the joint model outperformed the
standard linear mixed effects model in a variety of scenarios with informative dropout. Specifically, the joint model yielded
unbiased treatment and period effect estimates, with the mixed model performing significantly worse in estimating period effects
and treatment effects under the general time on treatment parametrization. Moreover, the mixed model yielded significant bias
in the estimated variance components and, therefore, the ICCs. The mixed model was, however, relatively robust in some of
the scenarios with informative dropout, with unbiased treatment effect estimates at the cost of bias in the estimated variance
components, which were inflated to accommodate the additional heterogeneity due to informative dropout. Interestingly, fitting
the joint model in scenarios where dropout was not informative did not introduce any bias in the analysis. This highlights that
fitting the joint model is a viable strategy to confirm the results of a mixed model when it is unclear whether dropout from the
study is informative or not, as a possible sensitivity analysis.

This manuscript has some strengths and limitations. Among the strengths, our Monte Carlo simulation study is structured
to follow the ADEMP framework37 and used realistic data-generating mechanisms informed by the ACT study, which was
re-analyzed in Section 5. The joint modeling approach can be implemented using off-the-shelf statistical software and can be
easily extended to accommodate other variants of the shared random effects association structure, different treatment effects
parametrizations (e.g., the linear time-on-treatment and delayed treatment effect parametrizations discussed by Li et al.3), and
baseline hazard functions for the dropout submodel. These extensions can be easily implemented using gsem in Stata. We
also developed an algorithm for simulating data from the joint model in the settings of stepped wedge CRTs, which is not
trivial; we implemented this in an R package that is available on GitHub at https://github.com/RedDoorAnalytics/simswjm,
with statistical code to replicate our simulation study and implement the joint model in practice also available on GitHub at
https://github.com/ellessenne/swjm. Among the limitations of our study, the data-generating mechanisms are based on the
joint model, therefore the good performance of the joint model is not entirely surprising48. Nonetheless, the results of this
manuscript are in agreement with the current literature on joint longitudinal-survival modeling17,18. Thomadakis et al. showed

https://github.com/ellessenne/swjm
https://github.com/RedDoorAnalytics/simswjm
https://github.com/ellessenne/swjm
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that comparable joint longitudinal-survival models could be biased in certain MAR scenarios, but we did not observe such
behavior — likely due to the non-informative scenarios reducing to MCAR, where joint models are expected to estimate
unbiased results49,50. The results of the simulation study can only be generalized to settings close to the assumed data-generating
mechanisms. Implementing and reporting a larger number of scenarios would likely become unwieldy, and further ad-hoc
studies are therefore warranted. Next, we modeled the dropout process in continuous time (compared to, e.g., discrete-time
models as in Wang and Chinchilli23), therefore we need to assume that dropout times are known nearly exactly. However,
extensions to the methodology to accommodate interval censoring are possible. Of note, our methods can be directly applied to
the individually-randomized stepped wedge design51, which is a recent variation of the traditional individually-randomized
parallel-arm design by including staggered treatment assignment for efficiency improvement. In that case, the appropriate joint
model is a special case of the model of Equation (3) after removing the cluster-level random effect αi, and we provide sample
code to implement this procedure in the GitHub repository. Finally, some of the extensions discussed throughout the manuscript
and in Section 6 require further software developments before they can be used in practice. This is also left for future work.

This work can also be further extended beyond what was introduced and discussed in Section 6. For instance, we currently
use a frequentist approach with maximum likelihood estimation: a natural extension is to frame the joint model within a
Bayesian framework, to allow the incorporation of prior information (e.g., from previous trials). Moreover, we do not consider
that some of the outcome measures are non-directly measurable, i.e., with studies using a set of observed indicators from
questionnaires or measurement scales to evaluate an unobservable latent variable. Saulnier et al. propose a latent process joint
model to accommodate such outcomes, which could be combined with the methodology of this manuscript for the settings of
stepped wedge trials52. Finally, there exist more complicated random-effects structures for modeling longitudinal outcomes in
closed-cohort stepped wedge designs, such as those that incorporate a random cluster-by-period effect and further allow for
discrete-time correlation decay3,53. These extensions will inevitably introduce additional computational complexity under the
joint modeling framework and will be important directions for future research.

In conclusion, we described joint modeling methodology that can be used in the settings of stepped wedge cluster randomized
trials when dropout from the study is suspected to be informative, and we showed that the joint modeling approach reduced bias
across the board compared to standard linear mixed effects models that ignore the dropout process. Annotated statistical code is
provided for readers to apply this methodology in practice.
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