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Abstract: In previous work, we introduced a framework that combines latent class growth analysis (LCGA)
with marginal structural models (LCGA-MSM). LCGA-MSM first summarizes the numerous time-varying treat-
ment patterns into a few trajectory groups and then allows for a population-level causal interpretation of the
group differences. However, the LCGA-MSM framework is not suitable when the outcome is time-dependent.
In this study, we propose combining a nonparametric history-restricted marginal structural model (HRMSM)
with LCGA. HRMSMs can be seen as an application of standard MSMs on multiple time intervals. To the best of
our knowledge, we also present the first application of HRMSMs with a time-to-event outcome. It was previously
noted that HRMSMs could pose interpretation problems in survival analysis when either targeting a hazard ratio
or a survival curve. We propose a causal parameter that bypasses these interpretation challenges. We consider
three different estimators of the parameters: inverse probability of treatment weighting IPTW), g-computation,
and a pooled longitudinal targeted maximum likelihood estimator (pooled LTMLE). We conduct simulation stud-
ies to measure the performance of the proposed LCGA-HRMSM. For all scenarios, we obtain unbiased estimates
when using either g-computation or pooled LTMLE. IPTW produced estimates with slightly larger bias in some
scenarios. Overall, all approaches have good coverage of the 95 % confidence interval. We applied our approach
to a population of older Quebecers composed of 57,211 statin initiators and found that a greater adherence to
statins was associated with a lower combined risk of cardiovascular disease or all-cause mortality.
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1 Introduction

Prevention of cardiovascular diseases (CVDs) is particularly important given their high prevalence and impact
on population health [1]. However, to implement primary prevention strategies in the population, a rigorous
measurement of expected benefits is necessary [2]. Statins, medications that reduce cholesterol levels, are used
in the primary prevention of CVD events, but their benefit for this purpose among older individuals is uncer-
tain [3, 4]. In this study, our goal is to measure the potential of actual patterns of time-varying statin usage to
prevent a first CVD or death event using medical administrative databases. A widespread approach to measur-
ing the impact of statins on CVD events is by estimating the effect of the cumulative number of periods that
subjects were exposed to the treatment [5]. Alternatively, some researchers are more interested in knowing the
effect of treatment adherence versus non adherence, i.e., compliance versus non compliance of the patient to
the physician’s recommendations [6]. Adherence is often described using approaches such as the medication
possession ratio or the proportion of days covered [7, 8]. However, these methods do not capture the complex
dynamics of a time-varying treatment. Latent class growth analysis (LCGA) has been proposed as a better method
to measure actual patterns of adherence [9].

In our previous work, we introduced a theoretical framework that combines LCGA and a nonparametric
marginal structural model (LCGA-MSM) to measure the impact of groups of treatment trajectories (or trajectory
groups) on an outcome measured at the end of the follow-up period [10]. The LCGA-MSM approach tackles some
important challenges encountered when analysing longitudinal data. Indeed, the LCGA summarizes the numer-
ous observed time-varying treatment patterns into a few trajectory groups [9—11]. The LCGA-MSM also deals
adequately with time-varying variables that can have a double role as confounders and mediators when esti-
mating the effect of these trajectory groups on the outcome. Such treatment-confounder feedback is expected in
our application. For example, it is well known that diabetes is an important CVD risk factor [12, 13]. Moreover,
in a meta-analysis, Sattar et al. [14] concluded that statin therapy is associated with a slightly increased risk of
developing diabetes. Therefore, diabetes has a potential double role of confounder and mediator in the path-
way between statins and CVDs. LCGA-MSM also gives a direct population-level causal interpretation of group
effects on the outcome, an advantage of MSMs [15]. Thus, a combination of LCGA and MSM might contribute
to better understanding the effects of treatment adherence and therefore help make better clinical or public
health decisions. For example, LCGA-MSM may help determine whether benefits are expected among patients
with imperfect adherence, and whether it is worth developing policies to improve adherence among such
patients.

While the LCGA-MSM framework has multiple advantages, it has some limitations. One noteworthy lim-
itation of the LCGA-MSM is the increasing time gap between the period during which treatment trajectories
are evaluated and measurements of the outcome over the following period. Moreover, it may not currently be
suitable for some complex applications in which the outcome is time-dependent. Indeed, our previous work
focused on a treatment measured during a single window and an outcome measured only at the end of that
window [10]. This may result in a loss of information since, in a real-life setting, events can occur during the
course of the treatment trajectory. In this paper, we aim to generalize the LCGA-MSM framework that respects
the time-dependent nature of the treatment and outcome. To do this, we propose combining a nonparametric
history-restricted marginal structural model (HRMSM) with LCGA. HRMSMs are a generalization of standard
MSMs that consist of a repeated application of standard MSMs on different time-windows [16-18].

Our work extends the current literature in several directions. First, we extend LCGA-MSMs to make pos-
sible the use of multiple measurements of the outcome through the HRMSM framework. To the best of our
knowledge, we also present the first application of HRMSMs with a time-to-event outcome. It was previously
noted that HRMSMs could pose important interpretation problems when targeting hazard ratios in a survival
analysis context [16]. The causal parameter we propose circumvents this caveat. Finally, we introduce a pooled
longitudinal targeted maximum likelihood estimation (LTMLE) estimator of the parameters of an HRMSM and
an associated variance estimator based on the efficient influence curve that accounts for the correlations aris-
ing from the repeated use of the data. We consider three different estimators of the parameters of our proposed
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LCGA-HRMSM: inverse probability of treatment weighting (IPTW), g-computation, and the LTMLE. In the remain-
der, we first present the data used in our motivating illustration. We then present a review of LCGA-MSMs, the
notation and data structure, the theoretical framework of LCGA-HRMSMs and the different estimators. Sim-
ulation studies are used to evaluate and compare the different estimators. We then return to the motivating
real-data analysis before ending the paper with some recommendations for the practical application of our
proposed approach.

2 Data

We built a retrospective cohort for the period between April 1, 2013 and March 30, 2018 using the Quebec inte-
grated chronic disease surveillance system (QICDSS) available at the Institut national de santé publique du Québec
(INSPQ). The QICDSS is updated annually and is composed of five linked databases [19]: (1) health insurance reg-
istry, (2) hospitalization database, (3) vital statistics death (4) physician claims and (5) pharmaceutical services.
All five databases are merged using the unique identifier of individuals that is their health insurance number
[19]. We identified individuals aged greater than 65 years old on April 1, 2013 from Quebec, Canada. Because we
are interested in a primary prevention context, only individuals without any CVD history in the last five years
were included in the study. The quantification of CVD was based on an algorithm approved by the public health
agency of Canada. Individuals with a statin claim in the year prior to enrolment were excluded as we are inter-
ested only in statin initiators. To be included, an individual was thus required to be enrolled in the public drug
insurance plan for at least one year prior to enrolment and the following years. Thus, we included in the cohort
57,211 individuals who initiated statin treatment between April 2013 and September 2017. It is noteworthy that
all Quebecers are enrolled in public drug insurance at the age of 65.

3 Review of LCGA-MSMs

In this section, we briefly present the LCGA-MSM approach (see Diop et al. [10] for more details). LCGA-MSM is
a two-step approach. In the first step, an LCGA is used to classify individuals into J distinct trajectory groups
Zy, ...,z based on their treatment trajectory [11]. LCGA is a mixture modeling approach that represents the
treatment trajectory within each group as a polynomial or some other (e.g., cubic spline) function of time [11,
20-22].In a second step, a working MSM is chosen to relate the outcome to these trajectory groups. Following [23],
the causal parameter of interest f is defined as a projection of the true nonparametric MSM m* onto the working
model m. From a practical point of view, LCGA first allows clustering the observed treatment trajectories in a
few distinct groups. These groups allow a simplified visualization of the most commonly observed patterns of
exposures over time. In a second step, the MSM allows estimating the effect of these trajectory groups as a best
approximation to the true underlying causal model under the working model. The parameter of interest can
be conceptualized as follows: “if we were to conduct a randomized trial with groups consisting of the possible
individual treatment trajectories, and then cluster the treatment groups according to the trajectory groups found
in the first step, how would the mean outcome differ between clusters?” [10].

Consider the data presented in Section 2 with follow-up timest =1, ..., K with K = 60 months, where t =1
corresponds to the month of statin initiation (index date). An example of an LCGA-MSM application on these data
would be to use data on time points t = 1, ..., K’ (K’ < K) to classify individuals into trajectory groups and then
use the remaining period (¢t = K’ +1, ..., K) as a follow-up for the outcome. For example, months 1-12 could
be used to construct trajectories and months 13-60 for the outcome follow-up. For simplicity, we temporarily
assume that events cannot occur during the exposure follow-up time, noting that our previous work [10] and
the extension presented in later sections accommodate the occurrence of events during the exposure follow-up.
In the following, we use capital letters to represent random variables and corresponding lower case letters to
represent observed or fixed values these variables take. Let A, = (A;, 4,, ... ,A,) be the treatment trajectory up
to time t with A = A,. We denote by Y the observed outcome that can be binary or continuous and by Yl‘z the
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counterfactual outcome under a specific treatment trajectory a, which is measured during the outcome follow-
up time (between K’ + 1 and K). Similarly, L, = (L, L,, ... L,) is the covariates’ history up to time ¢t with L = L.
We denote by Fy the unknown distribution of all possible counterfactual variables X = (L%, Y%:a € A) where
A s the set of all possible values of @. We denote by P;_the distribution of the observed data @ = {Yy, Ay, Ly },
from whichi =1, ...,nindependent and identically distributed observations are randomly drawn. The follow-
ing nonparametric form of an MSM (the true model) is considered:

E (Yg) = m"@. @

The nonparametric identification of model (1) from the observed data can be achieved under the follow-
ing causal assumptions: (1) no interference between subjects: the potential outcome of a given individual is
not affected by others’ exposure; (2) positivity: for each level (a,, ), P(4, = a,|A,_; = @,_;,L, = [,) > 0.In other
words, in each stratum defined by previous treatment and covariates, we find both exposed and unexposed
individuals at time ¢. (3) sequential conditional exchangeability: there are no unmeasured confounders condi-
tional on the history of treatment up to time t — 1 and the history of the covariates up to time ¢ [15], that is
Y;J.LAIMI_l,Et; (4) consistency: given the observed treatment trajectory, the observed outcome and the poten-
tial outcome under that given trajectory are the same, formally if A = a then Yy = Y. We note that although
sequential conditional exchangeability is often interpreted as a “no unmeasured confounders” assumption, this
assumption is also violated under collider stratification.

The parameter of interest is defined as a projection of the true nonparametric MSM m* onto a parametric
working model that is a function of the trajectory groups. Let z; be the trajectory group assigned to subject i as
defined previously and z*(@) = (z{(@), ..., zj(a)) dummy variables indicating whether the individual trajectory
a is clustered into trajectory group 1, ..., J. For example, when the outcome Y is binary, the true model could
be projected onto the following logistic LCGA-MSM:

m(@lf) = E(Yg) = expit(fy + f12{(@) + ppz;(@) + - - - + f;_12}_,(@). ()

To define our parameter of interest § we also need to choose a loss function and a projection weight
function A(a@). For example, we consider the negative log-likelihood of a logistic regression. Denote by M* the
infinite-dimensional space of all possible functions m* relating the counterfactual expectation with the treat-
ment trajectories and m € M* the working model. Considering our example working model and loss-function,
the parameter is then defined as:

P(FyIm, 4) = argmin Ey, { -y [log<m(a| B (1 — m(@a| ﬁ))(1_y;’;))] A@ }
per” acA
In our previous work, we proposed an IPTW estimator of this parameter. The expression of the IPTW is
given by:

W) = AMA)

= m, 3

where we define, g(4|X) = Hf;lp(At =1|4,_,,L,) and A(A) is a projection weight function. If stabilized weights
are of interest, we set A(4) = HilP(AdAH)- For unstabilized weights A(4) = 1. Thus, the IPTW estimating
function is given by:

D, 01 = A LIED @

[1PA; =144, L)
t=1
with h,(4) = /I(A)%m(al p) x m(@|p), MA) = Hf:/OP(Atlilt_l) and e;(p) = Yfé —m(a|p).
In practice, parameters of the working model can be directly estimated using a weighted logistic regression
of Y on z with observations weighted according to the weights defined in Equation (3). The logistic regression
model can be fitted using a weighted generalized estimating equations (GEE) estimator, with, for example, the
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function geeglm from the R package geepack. A simple practical solution for inference is to use the sandwich
variance estimator of the GEE routine, which treats the weights as known and results in conservative statisti-
cal inferences [24]. Alternative solutions for inferences include (a) bootstrapping the estimation of the weights
and the GEE regression, but not the LCGA, or (b) stacking the estimating equations of the weights and the GEE
regression [see e.g., 25], both solutions providing consistent estimation of the variance. Note that the distribu-
tion of the trajectory groups is only a function of the joint distribution of the treatments A and does not depend
on the parameter of interest f; thus z is an ancillary statistic [10, 26, 27]. Therefore, the data-driven estimation
of the trajectory groups can be ignored when estimating the parameters of our LCGA-MSM. However, it should
be noted that inferences are conditional on the selected LCGA. As argued by multiple authors, clustering that
does not involve using the outcome does not invalidate inferences [28, 29]. Methods that assess the sensitivity of
the results to the uncertainty of subjects’ classification to trajectory groups have been developed and could be
considered within the LCGA-MSM framework [30].

In Figure 1, we present an example in which adherence changes considerably during the follow-up period
of the outcome. In an LCGA-MSM analysis, the outcome at any point of the follow-up would be modeled as a func-
tion of the trajectory determined using the single treatment window. Opposingly, the LCGA-HRMSM framework
we introduce next considers multiple treatment windows and allows the subjects’ trajectory groups to change
from one window to another. Consequently, the outcome at any time point can be modeled as a function of the
treatment trajectory group in the most recent treatment window.

In the example in Figure 2, if we were to apply an LCGA-MSM, we would consider that the outcome is
observed at the end of the follow-up at K = 6 which might not be the best use of the data. We also see in Figure 2
that events might be observed during the exposure measurement period. That is, the treatment trajectory does
not necessarily precede the outcome; instead they are two concomitant phenomena. HRMSMs can thus be useful
to make the most of the available information.

4 History restricted MSM and LCGA

HRMSMs can be seen as a repeated application of a standard MSM to different subsets of the original data across
time points. More precisely, estimating the parameters of an HRMSM first requires splitting the data into mul-
tiple windows of fixed size. For each window, the counterfactual outcome at the end of the window is modeled
as a function of the treatments measured during that window. This process is performed simultaneously for all
windows, thus resulting in repeated measurements of both the trajectory groups and the outcome. We empha-
size that our focus is on HRMSMs for which there is a single baseline for each outcome time point. HRMSMs with
multiple baselines for each outcome time-point are susceptible to theoretical challenges [31]. In the following,

end of follow-up
for trajectories

|
trajectory group 1

smmmag,
-
-

P(adherence)

trajectory group 2

1 2 3 4 5 6 7 8 9 10 11
Follow-up period for treatment trajectories

Figure 1: Illustration of LCGA-MSM after the follow-up period of treat

12
Follow-up period for the outcome

ment trajectories.
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subset 1 of size s=3

subset 2 of size s=3

subset 3 of size s=3

Figure 2: Simplified causal graph for a follow-up of length K = 6 and for subsets of length s = 3. Associations between the time-varying
covariates (L, L,, L5, L, and Lg) and the time-varying treatment (A,, A,, A;, A, and A;) were omitted to avoid overloading the figure.
Similarly, unmeasured common causes between L and ¥ nodes or arrows from ¥ nodes to L nodes are allowed but omitted. Note that V
represents baseline characteristics.

we present the notation in the t-specific framework used for HRMSMs in [16], the data structure, the LCGA in
the t-specific framework and, the definition and identification of the causal parameter of interest before giving
a definition of HRMSMs.

4.1 Notation in the t-specific framework

In the conventional counterfactual framework, the data are considered from baseline to the end of the follow-
up as one set. In HRMSMs, a new form of counterfactual framework is defined: the t-specific (for time-specific)
counterfactual framework [16]. In this t-specific framework, multiple time intervals of fixed history size s are
chosen from the original data according to the context of the study. We define Ty, the set indexing all time inter-
vals. When the total follow-up is K, we can form K — s + 1 time intervals of length s. For example, if K = 60 and
s = 6 months as in our application, we can form 55 overlapping time intervals: [1, 6], [2, 7], [3, 8] ... [53, 581, [54,
591, [55, 60]; therefore, 7, = {1,2,...,55}.

We denote by A; =A; 4,51 = {Ay, ..., Agys_1} the treatment trajectories in the dth time interval I, =
[d,d + s —1]. Similarly, L, 4, , denote the covariates’ history in the dth interval of follow-up, i.e., the history
up to the time point d + s — 1. We denote by ng_s the counterfactual outcome measured at the end of the time
interval I; and corresponding to a treatment trajectory @, between time points d and d + s — 1. In the following,
our outcome is the occurrence of a first event in line with our application regarding primary prevention but
our approach can easily be extended to a setting with repeated events. In our application, the outcome ng’rs =1
if an event would have counterfactually occurred under the treatment regime a; and 0 otherwise. Similarly,

L% = izd 1451 denotes a counterfactual covariate process in the dth interval. We denote by Fy the unknown dis-
tribution of all possible counterfactual variables X = (Ead, Ygis: ay € A, ) where A, is the set of all possible

values of a, for the dth interval. The exposure at each time ¢ in the dth time interval is considered as bivari-
ate Ay, = (4,,(D),A,,(2). The first exposure A, (1) represents the statin intake. Thus A,,(1) = 1 indicates that
the subject did take their prescriptions at time ¢ in the dth time interval and A, (1) = 0 otherwise. The second
exposure, A;(2) is a censoring variable and takes the value 1 if there is right censoring (e.g., end of follow-up or
loss to follow-up). When A, ,(2) = 1, all subsequent variables of the subject are treated as missing. If A, ,(2) = 0,
the subject is uncensored in the dth time interval. As will be seen shortly, A, ,(2) will be used to account for
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individuals with incomplete exposure follow-up time, either because of loss to follow-up or because an outcome
occurred during the exposure follow-up time. This will allow avoiding the potential selection bias that may arise
because trajectory groups can only be determined for people with complete exposure follow-up.

4.2 Data structure of HRMSMs

In the following, we present the organization of the data in the context of HRMSMs. For simplicity, we consider
a data-generating mechanism adapted from Schnitzer et al. [32]. The follow-up time is of length K = 6 and the
time-dependent outcome is observed at each time t = 1,2, ..., 6 (see Figure 2). However, only outcomes Y,, Y;
and Y, measured at the end of each subset of length s = 3, are considered as dependent variables; indeed a
period of three measures has to be spared to construct treatment trajectories [33].

In a typical longitudinal causal inference problem, the observed data are usually represented as: O =
{(Y,,L,A, Yy, Ly, Ay, Y5, Ly, A, Yy, Ly, Ay, Yy, Ls, As, Y ) where Ly, Ly, Ly, L, Ls represent the time-varying covari-
ates, A, A,, A3, Ay, A the bivariate treatment indicators and Y,,Y,, Y3, Y,, Y5, Y, the time-dependent outcome.
This representation of the data entails temporal ordering. The baseline outcome is Y; = 0 for all individuals. Put
differently, all individuals were at risk of experiencing the event at the beginning of the follow-up.

In an HRMSM, the data are rearranged in an augmented dataset that includes a separate row for
each interval to which a subject contributes. Continuing the previous example, we get three subsets
from the original data: O' = {Y,,L;,A;,Y,, Ly, Ay, Y3, 13,43, Y,}, O° ={Y,,Ly, Ay, Y5, Ls,A5,Y,, Ly, Ay, Vs )
and 0° = {Y;,L4,A4,Y,,Ly, Ay, Y5, L5, A5, Y}, In a general form, the observed data are represented as
K—s+1 data structures 0% 0% ={A; 44 1, Lagrs-1> Yaars} With distribution P4, d=1,...,K—s+1.
In the t-specific counterfactual framework, these subsets are considered simulta}}leously [16]. Denote
by Ly, Af, the covariates, the exposure and the outcome at the tth time point of a given interval,
after rearranging the data. The following data structure represents the augmented version of the data:
O ={Y} = (Y},Yy, Yy, L} = (Ly, Ly, Ly), A* = (A}, Ay, A9), ¥} = (Y, Y3, Y,), L} = (Ly, Ly, L)), A} = (A,,A5,4,), Y}
= (Y3, Yy, Y5), Ly = (L3, Ly, Lg), A7 = (A3, Ay, 43), Yy = (Y, Y5, YS)}. Figure 3 summarizes this process. Note that
because we require a complete exposure follow-up, individuals with events occurring during the exposure
follow-up are considered as censored, that is, if Y =1then A7 (2) = 1. Censoring could also occur in absence
of an event during the exposure follow-up if there is a loss to follow-up. Also note that in the following, we
only present quantities using the “original” wide format data notation, not the transformed augmented data
notation.

4.3 LCGA in the t-specific framework

After rearranging the data in an augmented dataset, the observed treatment trajectories measured in all time
intervals are simultaneously summarized into J distinct trajectory groups z,, ..., z; using LCGA [11]. In other
words, an LCGA is applied to the entire pooled data 0%,d =1, ...,K — s + 1, simultaneously. This procedure
leads to a repeated version of the LCGA. Note that individuals can get assigned to different trajectory groups in
different subsets. In the setting where individuals can be lost to follow-up, the LCGA is applied to the available
data and the missing data mechanism is considered to be missing at random (MAR) [34]. Note that medico-
administrative databases cover the vast majority of the population of interest and there are thus very few losses
to follow-up.

4.4 Definition of nonparametric HRMSMs

Given that we are interested in a time-to-event outcome, it may seem natural to define our nonparametric
HRMSM as a model for the hazard ratio (HR). However, HRs lead to two problems of interpretation as discussed
by Neugebauer et al. [16]. The first problem is that HRs have a well known built-in selection bias [35]. In our
context, one possible scenario where selection bias can occur with HRs, is when there exists an unmeasured
risk factor U of cardiovascular diseases (Y) as illustrated through the directed acyclic graph (DAG) in Figure 4.
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Figure 3: Example of data structure of HRMSMs for a follow-up of length K = 5 and with binary variables.

Ay /Y3

u Figure 4: Illustration of the built-in bias problem of HRs with two time points.

Estimation of the HR at the second period of follow-up is conditional on being event-free at the first period of
follow-up (Y, = 0). This conditioning is expected to result in an underestimation of the benefits of a preventive
treatment, like statins, at the second period of follow-up. This selection bias is induced by what Hernén [35] called
differential selection of less susceptible individuals to the risk factor U or differential depletion of susceptible
individuals to the risk factor U. Indeed, individuals most at risk are going to experience the event quicker in the
control group than in the treatment group, since the treatment helps to compensate for the increased risk of
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these individuals. Thus, at the second period, the treatment group differs from the control group with respect to
the risk factor U: the treatment group comprises a greater proportion of individuals at high risk than the control
group.

Because of the limitations of HRs as an effect measure, the survival curve or its complement, the cumula-
tive risk, have been recommended [35]. In a standard MSM, survival curves under different trajectories can be
constructed using HRs, allowing the comparison of survival curves between treatment trajectories. This leads
us to the second problem. Indeed in HRMSM, it is impossible to construct a survival curve using HRs [16]. In
fact, because the trajectory group may change from one window to another, the HR at a given time point ¢t does
not correspond to a single trajectory group. To bypass these problems, we propose to use a model for the abso-
lute risk. More precisely, we propose the following form for the nonparametric HRMSM with a time-dependent
outcome for the dth interval I; = [d,d + s —1]:

Er ¥, 1¥a = 0] = m (74 = 0). ®)

For the first interval, the absolute risk corresponds to the number of individuals that experienced the event
in the interval I; divided by the number of individuals at risk at the beginning of the interval I; under the coun-
terfactual regime of treatment A, ((1) = @, ;(1) with a counterfactual intervention 4, ((2) = 0 that prevents cen-
soring or events from happening during the exposure follow-up period for all individuals. The nonparametric
HRMSM is thus defined as P(v" = = 1, = 0) = P(Y:fl = 1) as @, = (@,,(1), & ,(2)). In the second inter-
val I, = [2,s + 1], treatment at time point t = 1 (a,) is left random (it is not part of the intervention defined by

@, s.1)- Therefore, we have to condition on Y, = 0 to ensure that we still have a population at risk at the beginning

of the interval I,. The nonparametric HRMSM is P(Yffz“(l)’az's“mzo =1Y,=0)= P(ij;” =1y, = 0). The risk
in the interval I, is measured as the number of individuals that experienced the event divided by the number of
individuals still at risk at the beginning of interval I, under the treatment regime A, ,;(1) = @, (1) and where

A, .1(2) = 0 prevents the occurrence of censoring or events during the follow-up period I,. For the dth interval
I, = [d, d + s — 1], the nonparametric HRMSM is P(y {04+ D4 @=0 — 1y, = ) = P(Y:i';“’l =1y, = 0).

Assumptions in the t-specific counterfactual framework are similar to those described for the usual counter-
factual framework. The main difference is that each assumption is made relative to each interval or t-specific set
of data (see Appendix Section 10.1). Under these assumptions, the nonparametric HRMSM defined in Equation (5)
is identified from the observed data as:

[EFX(Y;iJYd = 0) = / / EV g6l Yq = 0, A gas1() = Qg aps1(Ds Ag grs-1(2) = 0, Ly gis_1)

ld ld+s—l
faysall gays—2» g aps—2) ALy ), ... FUPAUL,), (6)

where ys are dominating measures. HRMSMs are a class of MSMs with multiple advantages like a gain of statis-
tical power. In addition, HRMSM allows investigating effect modification according to time-dependent baseline
covariates since multiple baselines are considered simultaneously [16].

5 Definition and estimation of the parameters of the LCGA-HRMSM

5.1 Definition

Our causal parameter of interest f is defined as the vector that minimizes the statistical distance between the
true causal marginal risk and the marginal risk defined through a working model, using a negative log-likelihood
loss function. The statistical estimation problem is defined as the projection of the true model (the nonparametric
HRMSM) m* [Yd = O] = '“Zd onto the working model m(a,|#) with projection weights A(a,;) under all values of
a,. Because the nonparametric HRMSM is a model for the absolute risk, a natural choice for the working model
is a log-linear model, such that the exponential of its coefficients can be interpreted as relative risks. For such a
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log-linear model, two common choices to define the loss function are the log-binomial or Poisson negative log-
likelihoods. One potential challenge with the log-binomial likelihood is the issue where the common maximum
likelihood algorithms failing to converge because predicted probabilities must remain between 0 and 1, which is
not ensured by the log-link [36]. The Poisson log-likelihood does not share this limitation, but may yield predicted
probabilities greater than 1[36, 37]. Both loss functions are presented in the following. A specific example of such
a log-linear working model is:

log(m(@a,|p)) = Boq + £iz; @) + Pozy(@y) +- - -+ f ]_12’;_1(ad). @]
Denoting z*(a,) = |1,z (a,), z;(ﬁd), ... ,zj_l(&d) , the working model can thus be rewritten:
log(m(a,| ) = z*(a,)p. ®)
Formally, the causal parameter of interest is defined as:

P, = argmin E ﬁ,l(ujd,m(&dlﬁ)) ,
B

where £ is a loss function that depends on projection weights A(@,). We consider next the full data estimating
equations that arise from considering either the log-binomial or the Poisson negative log-likelihood as loss-
functions. Intuitively, the estimates of § are chosen such that the working model is as close as possible to the true
model. The target parameter of interest pools parameters beta over all time intervals, putting an equal weight
on each.

5.1.1 Log-binomial negative log-likelihood loss

The log-binomial likelihood and log-likelihood are respectively given by:

Lp1a) o [ [T @11 — m@g1 oy,

deT, i=1

logL(BIa) Y, ' ¥, , logm@,|A) + (1 - ¥4, ) logl — m@@,| /).

deT, i=1

The parameter of interest is defined as:

p=argmin Ex - ¥ [Ves, logm@|f) + (1 Yy, ) log — m(@yl /)] 4@ - ©)

peR* deT,a,e A

The score D(X|p) is given by a first order derivative of the loss function defined in Equation (9). Therefore
the score is given by:

g ve —m@lp |,
DX|p) =E; < — — S A . 10
AP =En dg‘naﬁ%ﬂﬁm(ad'ﬁ)lmmﬂﬂ)a—m(adm» @) o

Inserting m(a,|f) = ¢ @?# in Equations (9) and (10), we get:

p= argmin £~ 3 Y [ toge” @) + (1~ ¥2, ) loga — & @)@y @

peR deT,a,eA
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M@ . (12)

er"app
DXIA) =Er =D, 2, 2 U[umeuw)

A€Ta,€4,

5.1.2 Poisson negative log-likelihood loss

The Poisson likelihood and log-likelihood are:

Lp1a) = HH

deT, i=1 yl d+s

o log(m(adlﬂ))e m(@y|f)

log(L(p|@) = ZZy, 415 10gm(@18) — m(@,1 ) — log ({5, ! ).

deT, i=1

The parameter of interest is defined as:

p = argmin Ep, -3 [ 2 log(m(@,| #) — m(@,| ﬂ)] A@y) ¢ (13)
PER

deTa,eA

The score equation D(X|f) is given by a first order derivative of the loss function defined in Equation (13).
Thus, we have:

pXIp=E -3 3 ai[ U log(m(@gl ) — m@glP)| @ b (14)

deTa,€A, p

Inserting m(a,|f) = e* @? in Equation (13) and m(ad|/3) = z*e*'@F in Equation (14), we get the expres-
sion of the loss function and the score equation:

p = argmin E, Z Z [Yajrsz*(ﬁd)ﬂ - eZ*(ad)ﬁ] Aay) 15
per dET,q,€4
<
DXIA) =Erd-Y, N 7@)|Yes, — & | a@p . (16)
deT; a,eA,

5.2 Estimation

In what follows, we present three different estimators of the parameters of the LCGA-HRMSM: IPTW, g-
computation and pooled LTMLE. Inferences for each estimator take into account that the same individual can
contribute multiple observations in the augmented dataset.

5.2.1 IPTW estimator

Based on the work of Neugebauer and van der Laan [23] and Neugebauer et al. [16], we first propose an IPTW esti-
mator of the parameters of our LCGA-HRMSM. Under the sequential conditional exchangeanbility assumption,
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the expression of the IPTW estimator for the dth interval is equivalent to the expression of the IPTW estimator
in the LCGA-MSM and is given by:

hﬂd(ad)ead(ﬁ)
d+s—-1 ’

I 84(Aq,;(D)gsAy;(2))
j=d

Dy, (1) =

OlAd,j—l(l)’ Ad,j_l(Z) = O’I_’d,j’ Yd = 0), hid(ad) = Ad(ad)*aaﬁ”l(acdﬂ) X ”l(adlﬁ) and €ﬁa(ﬁ) = Y;lis —_ ”l(adlﬂ).
. . . o h, @peg (B)
. — d d
The IPTW estimator pooled over time intervals is given by: Dy (O] nNH=> 4eT, T[54,y D)o @ In the

case of a log-binomial model, m(a,|p) = [m(a,;|f)1 — m(c'll,l|/3))]‘1 and in the case of a Poisson model
Var~' m(@,|f) = [m(@,|A]1~". The IPTW estimating equations are: Lier, Z?=1Dh4d (O184.n> Agn» B) = 0. Under
regularity conditions, the IPTW estimator of § is consistent and asymptotically linear if A,, and g,, are
consistent estimators of 1, and g, [38]. In other words, the causal risk can be estimated consistently using the
IPTW estimator if the model for the treatment and the model for the censoring are correctly specified and we
have a consistent estimator of the projection weight 4.

Fitting Procedure: LCGA-HRMSM with IPTW

In practice, implementation of the IPTW estimator follows these steps:

Step 1: Under the sequential conditional exchangeability assumption, estimate the treatment probability for the dth subset:
d+s—1

gd(Ad,j(U)gd(Ad,j(Z)) = H P(Ad,/(1)|'ad,j_1(1),Ad,j(2) =0, Zd,j, Vd =0)X P(Ad,j(Z) =0|
j=d
i XAg (0, Agj1(2) = 0,1, ;,Y, = 0),
where A, ;_;(1) = @if j — 1 < d. This can be done, for example, using a logistic regression to model exposure at each time point as a
function of previous exposure and covariates within the dth subset. Similarly, a logistic regression can be used to model the censoring
variable.

Step 2: Construct the unstabilized or stabilized inverse of the treatment mechanism by defining A, as in Section 3. If stabilized weights
are of interest, set 4, = H‘;;'fP(Ad’ JIAg j1(1),Aq (2) = 0, Y, = 0)P(Ag ;(2) = OIA, ;4(1),Aq j+(2) = 0, Y, = 0). For unstabilized
weights, 4, =1.

Step 3: Summarize treatment trajectories into J distinct groups, then assign each individual in one of these groups based on their
highest “posterior” probability.

Step 4: Specify a weighted generalized estimating equation model using the IPTW as weights. For example, a pooled weighted Poisson
regression model of the outcome with the trajectory groups G (which were obtained from the LCGA) and time d as regressors could be
fitted using the augmented dataset. For inferences, a robust variance estimator that accounts for the fact that each individual can
contribute multiple observations in the augmented dataset needs to be used. Such a robust estimator is produced by GEE routines. For
example, the function geeg/m from the R package geepack can be used to fit the robust Poisson model.

5.2.2 G-computation estimator

Another approach to estimate the parameters of an LCGA-HRMSM is g-computation. The IPTW estimator sequen-
tially creates pseudo-populations where A, is independent of confounders L,, at each time t of each time
interval d. Opposingly, g-computation does not remove the association between the treatment and the coun-
founders. Instead, the counterfactual expectation is estimated under each possible (fixed) treatment regime in
the observational data [24]. For example, we would estimate the conditional expectation of the outcome had
everyone in the population been perfectly adherent to statins, that is under A, = 1, ..., 1 for all d. Various algo-
rithms for implementing g-computation have been proposed (e.g., noniterative conditional expectation, iterated
conditional expectations) [39, 40]. Here we consider an algorithm based on iterated conditional expectations that
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has the advantage of not requiring to model the covariates’ distribution. This algorithm for implementing the
g-computation estimator of the parameters of LCGA-HRMSMs requires fitting a sequence of outcome models to
estimate each counterfactual expectation for all time intervals. Then, each deterministic treatment regime is
assigned to a trajectory group using the same LCGA that was fitted on the observed data. To estimate the param-
eters of LCGA-HRMSMs, the counterfactual expectations are regressed on the trajectory groups and the index of
time intervals according to the structural working model specification. In the current application, we are using
a weighted log-binomial and a Poisson model with weights A,. The latter model gives the parameter estimates
of the LCGA-HRMSM.

Fitting Procedure: LCGA-HRMSM with G-computation

- a. Estimation of counterfactual expectations
Under each of the 2° possible treatment regimes a,,d = 1... K — s 4+ 1, the g-computation can be implemented as follows:
Step 0: Set the initial value of the conditional outcome QZ"d+S =Yy

Moving backward, for j=d +s—1,...,d:
Step 1: With the observed data fit a logistic regression:
E(Q 11 Vg, (0, Aq (D) = 0,1y 1, Yy = 0) = expit(yo + i, + 1L )

Step 2: Compute the predicted value under the treatment regime up to time j:
Q= EQ 1 Aq 1) =Ty j(1). A (2) = 0.1 ;. Yy = 0);
At the end of the algorithm, compute 02”1 = %2711 Qf"nd(L1 ;). The quantity 03“1 is an estimate for the counterfactual outcome under
s d = B ks A

treatment regime 0, E [Ygiled = 0/. Stack the 2° estimates in a vector Q. Note that this fitting procedure makes it easy to integrate

parallel computation and fit simultaneously all K — s + 1 time intervals.

- b. Prediction of trajectory groups

Compute the probability of observing each possible treatment regime a,(1) under each of the trajectory groups produced by the LCGA
model, that is P(@,(1)|z = j). Then, assign each possible treatment regime to the trajectory group that yields the largest conditional
(“posterior”) probability.

- c. Estimation of the parameters of a LCGA-HRMSM and inferences
To estimate the parameters of the LCGA-HRMSM, the vector of the estimated counterfactual means Q is regressed on the predicted
trajectory groups using a log-binomial regression or a Poisson regression as a working model with weight 4,,.

The standard errors are estimated using block bootstrapping. For each replication of the bootstrap, n individuals and their repeated
measures across all subsets are selected with replacement. G-computation is then performed on each subset before performing a
pooled regression of the counterfactual means onto the trajectory groups. Standard errors are estimated by taking the standard
deviation of the vector of the HRMSM parameter estimates over the B bootstrap replications. Note that the recourse to bootstrap for
estimating standard errors makes the g-computation estimator very computationally intensive.

5.2.3 Pooled LTMLE estimator

The IPTW requires fitting a series of models for the treatment, whereas g-computation requires fitting a series
of outcome models. Both estimators are consistent only if all the models involved are correctly specified. Doubly
robust approaches, such as pooled LTMLE, combine the strength of both methods to yield consistent estimates
if either all the models for the treatment or all the models for the outcome are correct. Moreover, the pooled
LTMLE is a locally efficient estimator; in other words, the LTMLE achieves the semiparametric asymptotic
bounds which guarantees a minimum asymptotic variance among all regular asymptotically linear (RAL) esti-
mators making the same assumptions on the model space when all models are correctly parametrically specified
[41, 42]. In practice, the pooled LTMLE is a flexible algorithm that can easily be combined with machine learning
techniques.

The pooled LTMLE defines a plug-in estimator for a target parameter denoted y . In our context, we denote
the LTMLE w% for the dth time interval. The target parameter is expressed as an average over time periods
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of the time-specific vector of conditional means. The fitting procedure is similar to the fitting procedure for
g-computation. As in g-computation, the procedure first entails estimating the 2° counterfactual expectations
under each possible treatment regime a, for each of the K — s + 1 subsets. Each possible treatment regime is
then assigned to a trajectory group. In fact, the g-computation estimate serves as an initial estimate in the LTMLE
procedure; LTMLE sequentially updates each initial estimate using information from the treatment models that
are used in constructing the IPTW estimator. Finally, the estimated counterfactual means are regressed on the
predicted trajectory groups and the time interval index using either a log-binomial or a Poisson model, with
weight A,. It is noteworthy that the target parameter y represents the updated counterfactual means upon
which we aim to regress the trajectory groups, in order to estimate our causal parameter of interest /.

LCGA-HRMSM with Pooled LTMLE

- a. Estimation of updated counterfactual means

LTMLE estimates are obtained following two major steps: (i) initial estimation of the counterfactual means using a plug-in estimator (i.e.,
g-computation), (ii) and fluctuation of the initial plug-in estimator with an error such that it solves the equations of the efficient influence
curve (EIC) (updating phase) [43, 44].

Foreachtimej=d+s—1,...,d:

Step 1: Estimate the product [T/_, 4044 (1)g4(A4(2)) = [T, 9alADIAg -1 (1, Ay (2) = 0,4, ¥y = 0)gy(Ag,4(2) = OlLy,, ¥y = 0).
Step 2: For all the 2° treatment regimes, set the initial value of the conditional outcome Qz‘jm =Yg

Step 3: With the observed data fit a logistic regression for the conditional outcome:

E(Q Ve = 1. Aq (1. Aq (2) = 0, L, ) = expitlro + 11hq j + VaLa )
Step 4: For all 2° treatment regimes, compute the predicted value:

Q= BQY Ay j() =84 1. Ag (D) = 0Ly ; =T, ¥y = O);

Step 5: For all 2° treatment regimes compute the clever covariates:

9
op

_ 10,1 = 8y (1. 1Ay ) = 0)

a.j Mg, )5 zm(@y|p) Var™ m(@y|p).

j
T1 94(Aq,(1)94(Aq,(2))
t=d

9

ap
Therefore, the dimension of the weights H, for all j in the pooled TMLE is n X 2° X dim(f).

Step 6: Estimate the vector of fluctuation errors e by fitting a pooled logistic regression over all 2° treatment regimes on H, without an
intercept and with OZ"/H as an offset.

The term 2 m(a,|f) Var™" m(@,| ) corresponds to the vector (1,2, z, ... ,Z;_4) for the derivative taken with respect to f, f;... and f5,_;.

|ogit<toj) = |ogit(<§ij+1) +€,H,.
The final step of the algorithm consists of updating the target parameter with:
0, = expit(logit(Q2,,, ) + €,H,).

Steps - b. Prediction of trajectory groups and - c. Estimation of the parameters f of a LCGA-HRMSM, are performed in the same
way as in the g-computation algorithm presented in Section 5.2.2.

5.2.3.1 Variance estimation

Two possible ways to estimate the variance of the pooled LTMLE estimator are to use block bootstrapping as in
g-computation or to use the empirical influence curve of the estimator of f. However, in the case of an HRMSMs,
using influence curves is not straightforward. Indeed, when using LTMLE to estimate the parameters of a usual
MSM (i.e., not an HRMSM), the variance of the estimated target parameter yr (Qﬁt) =y is given by:
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n
. 1 1
Var() ~ Var(nZIFi’ﬂ> =2 Var(IF;p).

The EIC is defined as:
1F, = Y €@ Y H@,, 0@ - m@pn+ ¥ c@)'Y Y Y Ha,, 07 A=) gk _ gruk),
deT; ta deT, t kel ay 8u

where C(Q4) = EQd(Ldyl)zu—de (@y, t)%m(c'ldl f) and H(a,, t) designates the clever covariate function of treat-
ment regime @, at time t. The target parameter y% obtained with the pooled LTMLE solves the EIC equation
pnzF,,@ﬁd, I wﬁu(oﬁ&, szn» = 0[43].

This result holds when the observations are independent and identically distributed. In the case of an
HRMSM, a given individual can contribute data to multiple observations (subsets), thus inducing correlation
between observations. When estimating the variance using influence functions, we have to account for this cor-
relation. In our setting, because only subjects who are event-free at the start of a given subset are included in that
subset, the number of individuals included decreases (n; > n, > ... > ng_,,4). Based on Schnitzer et al. [45], we
can show that the variance of the estimated target parameter yr (Z der, ngl) = y using the influence functions
is given by:

g
" 1
Var(y) =~ Var(n Z Z IFid,ﬁ)

deT, i=1

Var(y) = Var(rll Z ZIFid>

deT, i=1

= (1/n% Z ng Var(IF;)) + 2 Z Z ngcov(IFy, IFy )]

deT; deTd'>d

= (1/n% lz ngog+2, Y, nd’pd,d"l

deT; d€T,d'>d

with 05 = Var(IF;;) and p, 4 = cov(IF;4,IFy). This derivation assumes that all individuals are independent
and identically distributed with variance ag in each of thed =1,...,K — s+ 1subsets and p, s designates the
correlation between the influence functions from subsets d and d’ among observations arising from the same
individual. In other words, this derivation allows for correlations between observations from the same individ-
ual across subsets, but not for correlations between observations from different individuals, whether within
a given subset or between subsets. Note that Var(IF;;) = E (IFl.zd) since E(IF;;) = 0 by construction. Finally, it is
worth noting that the variance estimator based on the EIC is only consistent if both the treatment and outcome
models are correctly specified [46].

As a concrete example, with two subsets we get 62 = 1/n*[n,62 4+ n,67% + 2nyp, ,| with 6> = Var(IF,), o2 =
Var(IF;) and p;, = covIFy, IF; ).

6 Simulation study

6.1 Description

We now present a simulation study that aims to investigate the relative performance of four estimators of
the parameters of an LCGA-HRMSM: unstabilized IPTW, g-computation, pooled LTMLE and pooled LTMLE
combined with SuperLearner denoted pooled LTMLE + SL. As algorithms for the SuperLearner, we used a
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generalized additive model (GAM) and generalized linear model (GLM). We also present the crude unad-
justed model. The data-generating mechanism is adapted from [32]. The data generated are of the form
V,Y,L,A, Yy, Ly, Ay Y, Lg, A, Yy, Ly, Ay, Ys, Ls, As, Y) as presented in Section 4. Confounders V,L;, t=
1,2,3,4,5arebinary variables and V C L, is a set of baseline variables. The outcome variable Y, t = 1,2, 3, 4,5, 6
indicates the occurrence (Y; = 1) or absence (Y, = 0) of an event at time t. The exposure A;,t =1,2,3,4,5 is
binary. In this simulation, the outcome is measured at timest = 1,2, ..., 6 but only outcomes measured at times
t = 4,5 and 6 are considered as dependent variables (Y, =Y, = Y, = 0).

We considered scenarios with 1, 2 and 3 windows of size s = 3. We summarized the observed treatment tra-
jectories using 3 trajectory groups. We generated 1,000 datasets of size 5,000 for the observed data. To determine
the true values of the parameters, we simulated a population based on the t-specific counterfactual framework
by generating 1,000 datasets of size 5,000 for each of the 23 treatment regimes. In the classical counterfactual
framework, counterfactual data would be generated using the same equations as those used to generate the
observed data except that treatment regimes would be fixed instead of random. In the t-specific counterfactual
framework, the same principle is applied but only treatment regimes between time point ¢t — s+ 1 and ¢t are
deterministic; treatment regimes between time points 1 and ¢ — s are left random.

For g-computation and pooled LTMLE/pooled LTMLE + SL (Q models), we estimated the mean counter-
factual outcome using a logistic regression (see Appendix for the model specification). For g-computation, the
standards errors were estimated with 50 replications of block bootstrapping (a number of replications between
50 and 200 is recommended for the estimation of standard errors; see [47] for reference) and for pooled
LTMLE/pooled LTMLE + SL, the standards errors were estimated using the influence functions. We considered
as working models the log-binomial and Poisson models. For each estimation method, we evaluated the perfor-
mance by measuring the bias, the standard errors of the estimates (SEE) and the coverage probability of the 95 %
confidence intervals.

6.2 Data-generating mechanism

We present here the data-generating mechanism adapted from [32].

Y, =0
V~NO,1/4+1

A; ~ Bernoulli(expit(—0.5 4+ 2.5V))

L, ~ Bernoulli(expit(1 + V + 0.54,))
Y,=0

A, ~ Bernoulli(expit(—0.5 + V + 1.2L1))
L, ~ Bernoulli(expit(1 + L, + 0.54,))
Y;=0

A; ~ Bernoulli(expit(—0.5 + V + 1.2L,))
Ly~ Brernoulli(expit(l + L, + 0.54;))

1 ify,=1

Y, ~+
Bernoulli(1 — expitl + V — 0.7L; — 0.54;)) if Y, =0
Ay~ Eernoulli(expit(—O.B + V +1.2L,)).

L, ~ Lfernoulli(expit(l +L; + 0.54,)

1 ify,=1

Y; ~ <
Bernoulli(1 — expit(0.8V — 0.7L, — 0.54,)) if ¥, =0
As ~ Bernoulli(expit(—0.5 + V + 1.2L,)).

L; ~ Bernoulli(expit(1 + L, + 0.54,))




DE GRUYTER A. Diop et al.: History-restricted MSM and LCGA === 483

1 ify;=1
Y ~
Bernoulli(1 — expit(0.5V — 0.7L; — 0.545)) if Y; =0

6.3 Specification of the models for the outcome and the treatment
For 1 time interval

giAl~V

8 A2~ A1+ 114V

g3 A3~ A2+ A1+ L1+ 124V

002 ~Al+L1+V
003~ A2+ Al+12+L1+V
QY ~A3+ A2+ A1+ L3+ [2+11+V

For 2 time intervals

AL~V
A2~ AL+ L1+ V

gy A3~ A2+ AL+ L1+124V

Gi AL~ A3+ A2+ AL+ L1+ L2+ L3+ V|Y4=0

0:02~Al+ L1+ V14 V24 V3
0,03~ A2+ A1+ L2+ L1+ V1+V2+ V3
QY ~A34+ A2+ A1+ L3+ 12+ L1+ V1+ V2 + V3

For 3 time intervals

AL~V
A2~ AL+ L1+ V

gy A3~ A2+ AL+ L1+124V

giAL~ A3+ A2+ AL+ L1+ L2+ L3+ V|Y4=0

g5 A5 ~ A4+ A3+ A2+ A1+ L1+ 12+ L3+ L4+ V|Y5=0

0:02 ~Al+ L1+ V14 V24 V34 V4 + V5
0,03 ~ A2+ A1+ L2+ L1+ V1+ V24 V3 + V4 + V5

Q3:Y ~A3+ A2+ A1+ L3+ L2+ L1+ V1+V2+V3+V4+ V5

6.4 Results

Results of the scenarios with 1, 2 and 3 time intervals are shown respectively in Tables 1-3. In the scenario with
a single time interval (Table 1), all estimation methods yielded unbiased estimates, except for the crude model.
Moreover, results obtained when using a log-binomial or a Poisson loss function were almost identical. In the
other scenarios, g-computation and pooled LTMLE/pooled LTMLE + SL also yielded estimates with little to no
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Table 1: Simulation study results with 1 time interval.

Log-binomial model Poisson model
Bias SEE C95 % Bias SEE C95 %
Group 1
IPTW 0.00 0N 94 % 0.00 0N 94 %
G-computation + bootstrap —0.01 0.10 90 % —0.01 0.10 90 %
Pooled LTMLE 0.00 0.10 98 % 0.00 0.10 98 %
Pooled LTMLE + SL 0.00 0.10 98 % 0.00 0.10 98 %
Crude model —0.04 0.14 80 % —0.04 0.14 80 %
Group 2
IPTW 0.00 0.08 94 % 0.00 0.08 94 %
G-computation + bootstrap —0.01 0.06 92 % —0.01 0.06 92 %
Pooled LTMLE —0.01 0.06 100 % —0.01 0.06 100 %
Pooled LTMLE + SL 0.00 0.06 100 % 0.00 0.06 100 %
Crude model —0.14 0.05 9% -0.14 0.05 9%

Bias, SEE and C95 % indicate respectively the bias, the standard errors of the estimates and the coverage probability of the 95 %
confidence interval. We considered three trajectory groups; the group with the lowest adherence is the reference group (group 3).

Table 2: Simulation study results with 2 time intervals.

Log-binomial model Poisson model
Bias SEE C95 % Bias SEE C95 %
Group 1
IPTW —0.07 oM 100 % —0.02 0.10 92 %
G-computation + bootstrap 0.00 0.10 95 % 0.00 0.10 95 %
Pooled LTMLE 0.00 0.10 100 % 0.00 0.10 100 %
Pooled LTMLE + SL 0.00 0.M 99 % 0.00 0.1 99 %
Pooled LTMLE + bootstrap 0.00 0.1 97 % 0.00 0.11 96 %
Crude model —0.06 0.12 77 % —0.06 0.12 77%
Group 2
IPTW 0.02 0.14 100 % —0.02 0.07 94 %
G-computation + bootstrap —0.01 0.05 96 % —0.01 0.05 96 %
Pooled LTMLE —0.01 0.05 99 % —0.01 0.05 99 %
Pooled LTMLE + SL —0.01 0.05 100 % —-0.01 0.05 100 %
Pooled LTMLE + bootstrap —0.01 0.05 96 % —0.01 0.05 96 %
Crude model -0.12 0.04 12 % -0.12 0.04 12 %

Bias, SEE and C95 % indicate respectively the bias, the standard errors of the estimates and the coverage probability of the 95 %
confidence interval. In the case of two time intervals, convergence problems were noted with the log-binomial model. We considered
three trajectory groups; the group with the lowest adherence is the reference group (group 3).

bias for all coefficients. The IPTW estimates were overall slightly more biased, particularly in the Scenario with 2
time intervals when employing a log-binomial loss function. This may be due to the convergence issues that were
encountered in this specific case. This bias decreased in simulations with a larger sample size (see Appendix 1.4)
Of note, the bias was similar for both pooled LTMLE implementations, regardless if SuperLearner was used or
not.
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Table 3: Simulation study results with 3 time intervals.

Log-binomial model Poisson model
Bias SEE C95 % Bias SEE C95 %
Group 1
IPTW 0.00 0.1 88 % —0.02 0.09 90 %
G-computation + bootstrap —0.01 0.09 97 % —0.01 0.09 97 %
Pooled LTMLE —0.01 0.09 100 % —0.01 0.09 100 %
Pooled LTMLE + SL —0.01 0.09 100 % —0.01 0.09 99 %
Pooled LTMLE + bootstrap —0.01 0.09 99 % —0.01 0.09 99 %
Crude model —0.05 0.1 75 % —0.05 0.1 75 %
Group 2
IPTW 0.00 0.10 96 % —0.03 0.07 90 %
G-computation + bootstrap —0.01 0.05 98 % —0.01 0.05 98 %
Pooled LTMLE —0.01 0.05 100 % —0.01 0.05 100 %
Pooled LTMLE + SL —0.01 0.05 100 % —0.01 0.05 100 %
Pooled LTMLE + bootstrap 0.00 0.05 99 % —0.01 0.05 99 %
Crude model -0.13 0.04 4% -0.13 0.04 4%

Bias, SEF and C95 % indicate respectively the bias, the standard errors of the estimates and the coverage probability of the 95 %
confidence interval. We considered three trajectory groups; the group with the lowest adherence is the reference group (group 3).

In all scenarios, the SEE of the different estimators were similar, except for IPTW that had overall greater
SEE. Overall, the estimators had a lower SEE in the scenarios with more time intervals (see Table 3). In all sce-
narios, pooled LTMLE/pooled LTMLE + SL yielded comparable confidence interval coverages, between 94 % and
100 %. IPTW had coverage probabilities between 90 % and 100 % in all scenarios and g-computation yielded cov-
erage probabilities between 89 % and 92 % in the scenario with one time interval (Table 1), and between 95 % and
98 % with the scenarios with two and three time intervals (Tables 2 and 3). The Monte Carlo standard error for
the bias estimated as SEE/ \/E was between 0.001 and 0.004; the Monte Carlo error for the coverage probability
estimated as /coverage X (1 — coverage) /R is between 0 and 0.009 with R = 1, 000 replications [48].

7 Application

We applied our LCGA-HRMSM approach to estimate the effect of statin usage trajectories for primary prevention
of CVD or all-cause mortality among older adults using the data described in Section 2. For a better understanding
of how the data are organized see Figure 5.

The first time interval was composed by 57,211 statin initiators and the last interval by 2,315 individuals
who were still alive and CVD-free. A pooled LCGA was fitted with all the individuals at risk at the beginning
of each time interval. Treatment trajectories were summarized into 3 trajectory groups and with a log-linear
function of time (see Figure 6). We have shown in a previous work with the same dataset that the choice of 3
groups and a linear form was suitable according to the Bayesian Information Criterion (BIC) and the Entropy
Information Criterion (see Diop et al. [10]). Groups were ranked from highest to lowest adherence. The group
with the lowest adherence was considered as the reference group. To estimate the relative risks, we consid-
ered log-binomial and Poisson working models. We also considered all three adjustment methods: IPW (prod-
uct of IPTW and inverse probability of censoring weights (IPCW)), g-computation and pooled LTMLE. For the
bootstrap 100 replications were considered to estimate the standard errors and construct the 95 % confidence
intervals.
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Figure 5: Illustration of the data structure for a follow-up of 60 months (from April 2013 to March 2018) and p indicates the follow-up
period. Each participant is followed from statin initiation (index date) until occurrence of an event.
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Figure 6: Predicted trajectory groups in the analysis of statin usage for primary prevention among older adults in Quebec, Canada.

7.1 Results for the marginal models

The mean of adherence across all windows was 0.99 in the first group, 0.54 in the second group and 0.02 in
the third group. Overall, the data seemed to indicate a decreasing risk of CVD/all-cause mortality events among
participants with a better statin adherence (see Table 4). The estimated relative risk is lower than 1 for the
group with the highest adherence compared to the reference group with the lowest adherence for all three
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Table 4: Application of LCGA-HRMSM to estimate statin usage trajectories for primary prevention of CVD or all-cause mortality among
older adults using IPW, g-computation and pooled LTMLE. Both log-binomial and Poisson were considered as working models with
group 1 being the group with the lowest adherence probability followed by group 2.

Log-binomial Poisson
RR SE Lower 0.95 Upper 0.95 RR SE Lower 0.95 Upper 0.95
Crude model
Group 1 0.87 0.10 0.7 1.06 0.87 0.10 0.71 1.19
Group 2 1.57 0.13 1.20 2.06 1.56 0.14 1.06 2.04
IPW
Group 1 0.77 0.19 0.53 1.10 0.76 0.19 0.53 1.10
Group 2 1.07 0.23 0.69 1.67 1.04 0.23 0.67 1.64

G-computation + bootstrap

Group 1 0.65 0.07 0.57 0.75 0.66 0.08 0.58 0.77
Group 2 0.81 0.27 0.48 1.39 0.83 0.27 0.49 1.40
Pooled LTMLE
Group 1 0.75 0.13 0.59 0.97 0.75 0.13 0.59 0.97
Group 2 0.89 0.33 0.47 1.7 0.89 0.33 0.47 171

RR, relative risk; SE, standard errors; lower 0.95 and upper 0.95 the lower and the upper bounds of 95 % confidence intervals.

estimation methods: IPW, g-computation and pooled LTMLE (IPW - log-binomial: RR = 0.77; Poisson: RR = 0.76;
g-computation, log-binomial: RR = 0.65 and Poisson: RR = 0.66; pooled LTMLE, log-binomial and Poisson RR =
0.75). However, the 95 % confidence interval is wider when estimating the relative risk with IPW and includes 1,
95 % CI: [0.53, 1.10] for both log-binomial and Poisson models, suggesting that the effect of a better adherence to
statins might also be null or detrimental up to a relative risk of 1.10. For g-formula and pooled LTMLE the 95 %
confidence intervals were 95 % CI: [0.57, 0.75] and 95 % CI: [0.59, 0.97] both suggesting beneficial effects of a high
statin adherence over a low adherence.

For the group with the second highest adherence to statins, 95 % confidence intervals obtained with IPW,
g-formula and pooled LTMLE included 1. More precisely, the relative risk when comparing the second group to
the reference group was close to 1 when using the IPW (log-binomial: RR = 1.07, 95 % CIL: [0.69, 1.67]; Poisson:
RR = 1.04, 95 % CI: [0.67, 1.64]). The estimated relative risk was below 1 when using either g-computation or
pooled LTMLE (RR = 0.81, 95 % CI: [0.48, 1.39]; RR = 0.89, 95 % CI: [0.47, 1.71]).

8 Discussion

In this study, we proposed an extension of the LCGA-MSM framework to a time-dependent outcome using a non-
parametric HRMSM. LCGA is used to summarize treatment trajectories into few trajectory groups; then HRMSM
is used to relate the trajectory groups to the time-dependent outcome. HRMSMs are seen as a generalization of a
standard MSM and allow modeling the risk of an event at each time interval according to the recent trajectory.
As far as we know, we present the first application of HRMSMSs with a time-to-event outcome. It was previously
noted that HRMSMs could pose interpretation problems in survival analysis when either targeting a hazard
ratio or a survival curve [16]. To bypass these interpretation challenges, we proposed as causal parameter the
absolute risk. We considered a weighted log-binomial and Poisson working models to estimate the absolute risk
with weight A,. To estimate the parameters of an LCGA-HRMSM, we used unstabilized IPTW, g-computation and
pooled LTMLE without and with SuperLearner. We also proposed an approach to estimate the variance based
on influence functions when using the pooled LTMLE.
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We conducted a simulation study to assess the empirical performance of the proposed LCGA-HRMSM esti-
mators. Overall, results are similar when considering a log-binomial or a Poisson working model. For all sce-
narios, we obtained unbiased estimates when using either g-computation or pooled LTMLE/pooled LTMLE + SL.
This result was particularly expected with the pooled LTMLE as it is a doubly robust method. Unstabilized IPTW
had aless good performance when considering two time intervals. Indeed, IPTW is well known in the literature
for inducing more variability in the estimation of parameters. All approaches had good coverage of the 95 % con-
fidence intervals. Estimates of the variance after correction for the pooled LTMLE are similar to the estimates of
the variance obtained trough block-bootstrapping. This result validates our proposed correction for the depen-
dence between influence functions. We also applied our approach to a population of 57,211 statin initiators to
investigate the benefits of using statin for primary prevention of CVD or death events among older Quebecers.
We found that the estimates obtained with the g-computation and pooled LTMLE lead to the same conclusions
that high adherence to statins might be beneficial for primary prevention and reduce the risk of CVD or death
among older adults. However, the IPW gave a slightly different, more inconclusive, result. For an average statin
adherence, the three estimation methods produce inconclusive results, since the 95 % confidence intervals show
that the data are compatible with both clinically meaningful beneficial and detrimental associations.

Along with the strength of LCGA-HRMSMs, there are some limitations. In practice, a user can encounter
challenges regarding the choice of the hyperparameters s which is the size of a time interval or J the number of
trajectory groups. With the wrong choice of s, estimation problems might arise. For example, this can happen
when in a time interval all individuals are exposed or unexposed. Verification can be done for all time intervals,
to verify if the chosen s allows a good distribution of the data. As for the choice of the number of groups J, it
can be chosen based on different criterias as the Bayesian information criterion, through cross-validation or
bootstrap [11, 49, 50]. As argued in Nagin [11] and Diop et al. [10], trajectory groups are not meant to represent
the true data-generating distribution but can be seen as points of support. Another limitation is that the LCGA
step assumes that missingness in the treatment trajectory is MAR conditional on the groups. If this assumption
does not hold, the LCGA may fail to identify the true trajectory groups, if trajectory groups truly exist. However,
because we take the perspective that the trajectory groups are a convenient approximation to the truth, and
define our estimand conditional on the groups that are formed, we do not see this limitation as fundamental.
Nonetheless, extensions that relax the assumptions on the missingness mechanism for the LCGA step may be
an interesting direction for future work. For example, Vermunt et al. [34] discuss ways of accommodating not
missing at random data.

We believe that LCGA-HRMSM is an interesting and useful approach when one needs to investigate the
effect of different adherence profiles on a time-dependent outcome. In this paper, our focus was on primary
intervention. Thus, we did not take into account recurrent events. However, our approach LCGA-HRMSM is
easily extendable to the case where we encounter multiple events which makes it interesting for more com-
plex settings. Moreover, important gains in computation time can be made when using g-computation or pooled
LTMLE/pooled LTMLE + SL as the fitting procedure can be applied simultaneously on all time intervals using,
for example, parallel computation.
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