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Abstract

For estimating the causal effect of treatment exposure on the occur-
rence of adverse events, inverse probability weights (IPW) can be used
in marginal structural models to correct for time-dependent confounding.
The R package ipw allows IPW estimation by modeling the relationship
between the exposure and the confounders via several regression models,
among which the Cox model. For right censored data and time-dependent
exposures such as treatment switches, the ipw package allows a single
switch, assuming that patients are treated once and for all. However, to
accommodate multiple switches, we extend this package by implement-
ing a function that allows for multiple and intermittent exposure status
in the estimation of IPW using a survival model. This extension allows
for the whole exposure treatment trajectory in the estimation of IPW.
The impact of the estimated weights on the estimated causal effect, with
both methods, is assessed in a simulation study. Then, the function is
illustrated on a real dataset from a nationwide prospective observational
cohort including patients with inflammatory bowel disease. In this study,
patients received one or multiple medications (thiopurines, methotrexate
and anti-TNF) over time. We used a Cox marginal structural model to
assess the effect of thiopurines exposure on the cause-specific hazard for
cancer incidence considering other treatments as confounding factors. To
this end, we used our extended function which is available online in the
Supporting Information.
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1 Introduction

Patients with chronic diseases are prone to many clinical and biological events
that may require treatment decisions. To evaluate treatment for such patients
in the clinical trial setting the primary endpoint is dedicated to efficacy, while
only secondary or tertiary endpoints consider the occurrence of adverse events.
Therefore, adverse events reported in clinical trials are those with a high preva-
lence or a short onset time. Thus it is usually necessary to study large patient
cohorts with a long-term follow-up outside any intervention trials to detect rare,
and/or possibly delayed outcomes related to a long history of treatment expo-
sure. In this framework, any inference regarding the causal effect of one drug on
the occurrence of a particular endpoint is further complicated by the dynamic
treatment regimens (as defined in the introduction of Chakraborty and Moodie
(2013)). Indeed, administration or discontinuation of the drug of interest may
rely on the patient status, confounding the relationships between that drug and
the endpoint. Moreover, when the main interest focuses on estimating treatment
side effects (rather than efficacy), the history of other administered drugs may
act as time-varying confounders, given their potential association with both the
decision to prescribe or interrupt the drug of interest and the outcome. Thus,
inference on the causal relationship between the treatment and an adverse event
is complicated by such intermittent multiple exposures. Those time-dependent
treatment decisions act as time-varying confounders, affecting both the occur-
rence of the event of interest and the patient’s exposure to the treatment of
interest. Conversely, time-varying confounders are affected by previous expo-
sure to the treatment of interest. For example, health status, medical history,
and concomitant therapies can be considered as time-varying confounders acting
as intermediate variables at the same time. More precisely, a confounder that
is by definition unbalanced between exposed and unexposed patients, can lead
to the false conclusion that treatment exposure is associated with adverse events.

In the causal inference framework, it is acknowledged that standard statis-
tical methods may yield a hazard ratio that cannot be interpreted as the true
causal effect of the exposure of interest. It is the case when fitting a Cox model
with adjustment for time-dependent confounders (for instance, other treatment
exposures) because exposure of interest is possibly strongly influenced by such
confounding exposures. One approach to handle confounding is to use marginal
structural models (Herndn et al., 2000, 2001; Robins et al., 2000; Bailly et al.,
2015), in which the parameter estimates of the model can be obtained by In-
verse Probability Weights (IPW). More precisely, each observation is weighted
by the inverse of the patient’s probability of the received treatment given his
observed values for the confounders. This creates a pseudo-population in which
the exposure is independent of the measured confounders (Cole and Hernén,
2008).

Our interest is to estimate the effect of a treatment of interest on the occur-
rence of cancer from observational data. Given the competing risks framework
induced by deaths free of cancer, a proportional cause-specific hazards Cox
model can be used as the marginal structural model that requires estimating
the individual weights of being treated in the presence of confounders. Recently
van der Wal and Geskus (2011) proposed an R package, called ipw that allows



handling time-fixed or time-varying exposures of interest, as well as time-fixed
or time-varying confounders. However, the weights should be computed accord-
ing to how the exposure of interest applies. If the exposure is applied over
time in some but not all patients, a survival model can be used to model the
time to exposure, allowing to handle the right censoring of the exposure. Such
a survival model for treatment exposure can be fitted using the ipw package
proposed by van der Wal and Geskus (2011). Nevertheless, if the exposure of
interest is discontinued, then reintroduced, such a complex trajectory cannot be
handled in the package. Therefore, our objective is to extend the ipw package
by proposing and implementing a function that allows time-varying exposure in
the computation of weights when the exposure is a right censored endpoint.

The paper is organized as follows. Section 2 presents the CESAME study,
the motivating example that aimed at assessing the causal effect of thiopurines
exposure on cancer incidence in the presence of time-varying confounders due
to other treatments using data from an observational cohort. In Section 3,
after giving the formal definition of the IPW, we describe how they can be
estimated using the modified R ipw package. We illustrate both the existing
and the extended functions on a simulated example and compare the impact
between the old and new weights on the estimation of the causal effect through
simulations. Section 4 provides an application to the CESAME data. Finally,
we conclude with a brief discussion.

2 Motivating example

The CESAME cohort is a nationwide prospective observational cohort in which
patients with Inflammatory Bowel Disease (IBD) were included. There is no
cure for this chronic disease which progresses over time requiring the use of anti-
inflammatory drugs and immunosuppressors. This cohort was designed to as-
sess the effect of immunosuppressor exposure, especially that of thiopurines, on
cancer incidence in IBD patients. Indeed, these immunosuppressors have been
reported to facilitate the genesis of malignancies (Gutierrez-Dalmau and Camp-
istol, 2007). Patients were at risk of developing cancer or to die free of cancer,
defining a competing-risks setting. Thus, to estimate the effect of thiopurines
exposure on cancer incidence, time-dependent Cox models for the cause-specific
hazard of cancer were used in the primary analyses of these data. The primary
analysis of the CESAME cohort based on 19,486 patients first showed an ex-
cess of risk of lymphoproliferative disorders in patients receiving thiopurines, as
compared to those who never received this drug (Beaugerie et al., 2009), with a
cause-specific hazard ratio (CSHR) adjusted for age, sex, and duration of IBD,
CSHR=5.28 (95% CI= 2.01-13.9). Another analysis of this cohort failed to
show any modified risk of colorectal cancer (Beaugerie et al., 2013). However,
based on the adjusted time-dependent Cox models, these primary analyses did
not account for any time-fixed or time-varying confounders.

Actually, besides thiopurines, two other immunosuppressive drugs were ad-
ministered to patients from the CESAME cohort, namely methotrexate and
anti-Tumour Necrosis Factor (antiTNF), that may act as confounders in the
relationship between thiopurines exposure and cancer occurrence as shown in
Figure 1. After eliminating patients with incoherent data and patients without



follow-up, we used in the further analyses the 9,075 patients from the cohort
previously published (Beaugerie et al., 2009) who were free of these drugs before
study enrolment, from May 2004 until June 2005. The end of follow-up was set
to December 2007. There were 144 occurrences of cancer and 69 deaths, includ-
ing 29 caused by cancer. A total of 2,082 patients were exposed at least once
to thiopurines (vs. 259 for methotrexate and 531 for antiTNF). Among these
2,082 patients who were exposed to thiopurines, there were 24 occurrences of
cancer and 5 deaths free of cancer. Note that given the observational nature of
the study, observations were made at irregular time intervals.

A proper alternative in a causal inference framework is to fit a Cox marginal
structural model with IPW to estimate the causal effect of the dynamic thiop-
urines regimen on the cause-specific hazard of cancer in the presence of time-
varying confounding due to other immunosuppressive treatments. Given that
thiopurines exposure may occur irregularly over time, we used a survival model
to compute the weights conditionally on the confounders. More precisely, thiop-
urines exposure can be considered as a recurrent time-to-event outcome. Ac-
cordingly, the relationship between thiopurines exposure and the confounders
was modeled using the Andersen-Gill model (Andersen and Gill, 1982). Thus,
when assessing the relationship between thiopurines exposure and these con-
founding treatments with a survival model in R, we had to extend the ipwtm
function of the ipw package which ignores changes in the exposure of interest
status after the start of exposure.

3 Method and simulated example

In this section, after formally defining the IPW, we describe the R package
ipw which computes IPW under several models of the relationship between
the treatment exposure and the confounders. We also provide an example of
simulated data illustrating both the existing and the extended functions. Source
code to reproduce the results is available as Supporting Information on the
journal’s website (http:/onlinelibarrywileycom/doi/xxx/suppinfo).

3.1 IPW definition

Using IPW allows adjusting for confounding by creating a pseudo-population
in which the exposure is independent of the measured confounders. Then, for a
given patient i, the weight up to the ordered failure time k is defined as:

k

1
ik = — — 1
ik £[1 P(A; = a|Av—1 =414, Ct = ¢,V = ’Ui)7 W)
where a; denotes the treatment that the patient received at time t, a;_1 denotes
the observed treatment exposure history up to time t—1, ¢; denotes the observed
history of the time-varying confounders, and v; denotes the observed time-fixed
covariates. Unstable weights can occur when few values of treatment exposure
are found in some stratum as defined by the conditioned part of the denominator
of the Formula 1. Thus, stabilized weights were suggested by Robins et al.



(2000):

k > —
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Resulting narrower distribution of the weights obtained by stabilization in-
creases the statistical efficiency by producing smaller confidence intervals (van der
Wal and Geskus, 2011).

To estimate the causal effect of A; on the exposure of interest, one can fit a
marginal structural model to the observations made at time points t;; weighted
by sw;k. Four assumptions underlie the use of marginal structural models in
the estimation of the average treatment effect (Cole and Herndn, 2008). The
first assumption is consistency, that is, the observed outcome for each patient
is the counterfactual outcome that results from each patient’s set of observed
characteristics. The second assumption is exchangeability, i.e., the absence of
unmeasured confounding. The third assumption is positivity that requires the
existence of treated and untreated patients at every level of the confounders.
Fourth, the model used to estimate the weights has to be well specified.

When the time to treatment defines the exposure of interest, the probability
of being treated at time ¢ over an infinitesimal interval [t, ¢ + At[ can be derived
from the cumulative hazard of exposure at that time defined by

S(t + At)

t+At ,
- = e <_ /t Xo(u) exp(8 X(u))du> @

where A\g stands for the baseline hazard function, X is a vector of covariates
and B is the vector of regression coefficients. The weights must be estimated
at each observed treatment switch in the whole sample, thus computed at each
modification of the treatment status of all patients. With a time to event out-
come such as the occurrence of cancer, these weights also need to be updated
at each failure time from cancer observed in the whole sample.

3.2 Implementing IPW in R: the ipw package

The ipw package allows handling time-fixed or time-varying exposures of inter-
est, as well as time-fixed or time-varying confounders (van der Wal and Geskus,
2011). To model the relationship between the treatment exposure and the con-
founders, the ipw package provides five families of regression models which are
typical for binomial, Gaussian, multinomial, ordinal, and survival outcomes.
Once the link function family is chosen, the weights can be estimated up to
the first switch of the treatment of interest, or at all time points. The former
option supports the binomial, multinomial, ordinal and survival families, while
the latter is only supporting the binomial and Gaussian families.

We created an example dataset (dataExample) for illustration. It was gen-
erated to mimic a cohort with measures of a time-varying binary treatment
exposure of interest (expo), a time-varying confounding treatment (xt) and a
time-fixed binary covariate (x). For each patient (identified by id), the entire
follow-up is divided into several intervals [tstart, fuptime|, each resulting in
a separate row, according to the observed changes in either expo or xt values.
Because we are interested here in the weights estimation, the outcome is the



treatment allocation, i.e., expo. Then, changes in expo are reported at the end
of the interval while that on xt occur at the onset of the interval. Thus, the
variable expo takes the value 1 when the treatment is prescribed at the end of
the interval (fuptime) and 0 otherwise, while xt equals 1 when the patient has
been exposed to the confounding variable between tstart and fuptime, and 0
otherwise. Finally, the occurrence of a failure time for each patient is coded 1
whereas a censored observation is coded 0. The observations from dataExample
of patients id = 3 and 47 are displayed below.

> dataExample [dataExample$id %in% c(3,47), ]

id tstart fuptime expo x xt event

3 0.000 0.365 1 1 0 0
3 0.365 0.417 0 1 0 0
3 0.417 0.964 0 1 1 0
3 0.964 1.000 0 1 0 1
47  0.000 0.340 0 0 O 0
47  0.340 0.872 1 o 1 0
47 0.872 0.946 1 o 1 0
47  0.946 1.000 0 o 1 0

The patient with id = 3 is followed until time 1, which is a failure time. This
patient is administered the exposure treatment at time 0.365. Meanwhile, this
patient is exposed to the confounding treatment from time 0.417 to time 0.964.
Finally, the time-fixed covariate for this patient is set to 1. Conversely, the pa-
tient id = 47 is censored at time 1. He is administered the exposure treatment
at time 0.872 and time 0.946, respectively. Meanwhile, he is exposed to the
confounding treatment from time 0.340 until the end of his follow-up. Finally,
the time-fixed covariate for this patient is set to 0.

In the setting of irregular time intervals, further data processing is required.
For the estimation of the likelihood of a proportional hazard model, the in-
dividual weights must be available at each failure time in the dataset. Thus,
the individual weights are to be updated whenever they change, that is when
an individual’s exposure of interest or confounders are modified. We defined a
data frame startstop containing all time points, as defined above, up to each
patient’s end time as coded in the ipw package (van der Wal and Geskus, 2011).
However, a new row is merged at each time point where those variables changed
value. The stabilized IPW are obtained with the following command:

> example.ipw <« ipwtm( exposure = expo, family = "survival",
numerator = ~x, denominator = ~xt + X,
id = id, tstart = tstart, timevar = fuptime,
type = "first", data = startstop, trunc = 0.01 )

that takes the following arguments:

e exposure is a vector representing the exposure of interest.

e family is used to specify the “survival” family of link functions, used to
model the relationship between the variables in numerator or numerator
and exposure respectively.

e numerator is a formula, specifying the right-hand side of the model used
to estimate the elements in the numerator of the IPW. Note that when
left unspecified, unstabilized weights with a numerator of 1 are estimated.



e denominator is a formula, specifying the right-hand side of the model
used to estimate the elements in the denominator of the IPW.

e id is a vector, uniquely identifying the patients under observation within
which the longitudinal measurements are taken.

e tstart is a numerical vector, representing the starting time of follow-up
intervals, using the counting process notation.

e timevar is a numerical vector, representing follow-up time. This variable
is used as the end time of follow-up intervals, using the counting process
notation, because family = ¢ ‘survival’’.

e type specifies the type of exposure. In the ipw package, only ‘ ‘first’’
is implemented for the ¢ ‘survival’’ family, meaning that weights are
estimated up to the first switch. After this switch, weights will then be
constant.

e data is a dataframe containing exposure, the variables used in numerator
and denominator, and variables id, tstart and timevar.

e trunc is an optional fraction for the weights. For instance, when trunc
= 0.01, the left tail is truncated to the 1st percentile, and the right tail
is truncated to the 99th percentile.

The following command allows to find the minimum, the maximum, the
mean and the first and ninety-ninth percentiles of the estimated stabilized IPW:
> a <- example.ipw$ipw.weights
> c(quantile(a, probs=c(0, 0.01)), mean(a), quantile(a, probs=c(0.99,

1))
Min. 1st Percentile. Mean 99th Percentile Max.
0.3540 0.5920 0.9979 2.5298 3.1162

Figure 2 shows the distribution of the logarithm of the truncated stabilized
IPW obtained by the ipwtm function.

3.3 The extended function

Our extended function allows for handling the changes of the time-dependent
status. For the sake of simplicity, we assumed that confounding treatments act
similarly whatever the rank of the change is. More precisely, we did not consider
the whole history of confounding treatments exposure but only considered that
the exposure of interest at time ¢ only depended on the confounding treatments
given at time ¢t. Then, instead of computing the weights up to the first time
when the exposure of interest is modified, the weights are computed for all time
points, that is for all changes in the treatment of interest status and for all
event times. Following the ipw package, the startstop coding was employed
to format the data frame.

Using the modified function, which has the same syntax as the ipwtm func-
tion, one may obtain the stabilized and the truncated stabilized weights. More-
over, the modified function produces a list containing, among other things, the
inverse probability weights for each observation and the truncated inverse prob-
ability weights. Thus, we get the distribution of the former by the following
command:
> b <- example.ipw.mod$ipw.weights



> c(quantile(b, probs=c(0, 0.01)), mean(b), quantile(b, probs=c(0.99,

1))
Min. 1st Percentile. Mean 99th Percentile Max.
0.1349 0.4553 1.0013 2.4511 11.0541

Figure 3 presents the distribution of the logarithm of the truncated stabi-
lized IPW obtained by the extended function. Note that Figure 3, like Figure
2, shows that the mean weights are increasingly negative with time.

The distribution of the relative biases between the theoretical and estimated
weights has a median of 0.0002 (interquartile range = -0.006-0.326). Since
the simulated data arise from a Weibull baseline hazard with known param-
eters A and v, and known regression coeflicients 3, and [,; for both x and
xt, the probability of being treated is given by equation 2, that results here
in 1 —exp(—A;) =1 —exp{A(t§ —t}) exp(Bsx; + Bmixt;)}, and that of being
untreated is given by exp(—A;).

3.4 The impact of the extended function on the estimation
of the causal effect

We studied the performance of the extended function on the estimation of the
causal effect with a simulation study. We mimicked a cohort of patients who
received treatment for some chronic disease; treatment could be discontinued
due to the disease status or adverse events. We focused our interest in estimating
the treatment effect on the occurrence of adverse events such as cancer, based on
a fixed follow-up of 1 year. The sample size was fixed at 500. Recurrent exposure
initiation times (Init) were generated based on Jahn-Eimermacher et al. (2015)
and Austin (2012), depending on the previous value of the treatment exposure,
on a time-fixed binary covariate (x), and on a time-varying confounding variable
(xt) at time ¢ and ¢ — 1. Once initiated, the exposure duration was set at
1 month. Term denotes the indicator of the treatment discontinuation. The
outcome was generated depending on the two time-dependent binary covariates,
i.e., the treatment of interest expo and the confounding variable xt. The causal
hazard ratio of the treatment of interest exposure on the outcome was set at
1.3, and the hazard ratio of the time-varying confounder at 1.2. An excerpt of
a simulated dataset looks like:

> dataExample[dataExample2$id == 1, ]
id tstart fuptime Init Term x xt expo event
1 0.000 0.620 1 NA 0 O 0 1
1 0.620 0.643 NA 0 0 O 1 0
1 0.643 0.702 NA 0 o 1 1 0
1 0.702 0.703 NA 1 0 0 1 0
1 0.703 0.931 1 NA 0 0 0 0
1 0.931 1.000 NA 0 0 O 1 1

For instance, patient with id=1 is exposed to the treatment of interest twice:
(1) from time 0.620 until time 0.703; and (2) from time 0.931 until the end
of the follow-up. The ipwtm and the extended functions were applied to the
events defined by Init and Term. Second, the weights were obtained by merging



those assessed considering Init and Term as exposure of interest respectively.
Finally, we fitted an Andersen-Gill marginal structural model with event as the
endpoint, adjusting for x and expo.

Using the truncated stabilized IPW obtained by the ipwtm function, we
estimated an absolute bias in the estimation of the causal hazard ratio of expo
on the time-dependent outcome equal to 0.123 (Empirical Coverage Rate, ECR
= 85.4%). Using the weights estimated by the modified function, we obtained
a more accurate estimated causal hazard ratio with an absolute bias equal to
0.066 (ECR = 94.8%).

4 Application to CESAME data

The naive analysis was first employed considering a standard Cox model ad-
justed for both baseline characteristics (Age and Sex) and time-varying charac-
teristics (treatment of interest exposure and the time-varying treatments con-
founders) to assess the effect of thiopurines exposure on the cause-specific hazard
of cancer. The cause-specific hazard ratio for thiopurines exposure was esti-
mated at 1.01 (95%CI = 0.57-1.78). Then, we applied the extended function
to the CESAME data. To take into account the duration of the thiopurines ex-
posure, we considered two events, that is the indicator of thiopurines initiation
and that of thiopurines discontinuation. The stabilized weights were computed,
using Age and Sex as baseline fixed covariates.

Then, we fitted Cox marginal structural models with time-varying exposure
and confounders, using those stabilized weights and our extended function. We
assumed that the structural model was correctly specified because our objective
was to provide weights for this particular setting. However, underlying assump-
tion of positivity was checked, with no evidence of structural nor random zeros
according to the level of the confounding treatments. The marginal structural
model included those variables used to stabilize the weights, namely age (as-
suming log-linear effect) and gender, to adjust for possible residual confounding
as previously recommended (Cole and Hernédn, 2008). As highlighted in the Ta-
ble 1, the stabilized weights have an estimated mean of 1. Thus, the necessary
condition for correct model specification was fulfilled.

We found no evidence of any impact of thiopurines exposure on the cause-
specific hazard of cancer, whatever the type of cancer with an estimated cause-
specific hazard ratio corresponding to the marginal causal effect of thiopurines
exposure on cancer incidence of 1.16 (95%CI= 0.67-2.00). The truncation of
weights did not markedly modify these estimates. We found similar conclusion
from the cause-specific analysis of death free of cancer. The source code is avail-
able as Supporting Information on the journal’s website.

To sum up, we did not find any causal effect of thiopurines exposure on all
type of cancer incidence, while previous papers showed a significant increase
in lymphoproliferative disorders (Beaugerie et al., 2009) and a nonsignificant
decrease in colorectal neoplasia (Beaugerie et al., 2013). However, there were
differences in the handling of data and of statistical modeling that may explain
such discrepancies. Firstly, regarding data handling, we excluded the 8,819 pa-



tients who had been treated before inclusion given we didn’t know their time
of first exposures (for both the treatment of interest and the confounding treat-
ments). Secondly, whereas previous analyses were interested in specific cancers,
we considered all types of cancers altogether, notably because there were only
12 lymphomas in the dataset. This assumes that thiopurines exposure acts sim-
ilarly whatever the site of cancer and this could be unrealistic. Furthermore,
the maximal follow-up is around three years, and this cannot be sufficient for a
patient to develop cancer. Finally and most importantly, the previous analyses
did not handle any potential confounding in the relationships between treat-
ment exposure and cancer incidence, and this is well known to provide biased
estimates (see, e.g., Robins et al. (2000)).

5 Discussion

We extended the ipw package to take into account multiple and intermittent
statuses for the exposure of interest in the estimation of IPW. This is particularly
important when dealing with dynamic treatment regimens, that is, in situations
where treatments are not taken once and for all. To deal with the presence of
extreme weights, we also implemented an option to estimate truncated weights,
as it was originally implemented in the ipw package. We first focused on a
comparison between the weights estimated by our function and the exact weights
computed using a generated dataset. This comparison showed that the median
of the relative biases was small (0.002). Then, we compared the estimated
causal treatment effect obtained using the IPW from the built-in function of
the ipw package and those obtained by the extended function. Results clearly
showed that this new function provided more accurate estimation of the causal
treatment effect. A limitation of the present study is that we considered a
single value of the hazard ratio of the treatment exposure. Also, we limited
the number of treatment switches notably because the data processing in the
startstop format leads to a huge data frame with millions of rows even with
moderate sample sizes. We considered treatment exposure as a binary variable
over time in the computation of weights, and we are investigating at this time
how to better integrate the history of exposure of interest in these weights.
This modeling requires the knowledge of a clinician to mimic efficiently the
cumulative treatment effect over time. For example, a naive indicator of current
exposure would assume that the treatment effect does not accumulate over time,
which is not always the case (Csajka and Verotta, 2006). Then flexible methods
allowing to take into account the cumulative treatment effects over time could
be of interest (Sylvestre and Abrahamowicz, 2009; Xiao et al., 2014). Otherwise,
we assumed that confounding treatments act similarly whatever the rank of the
changes in the exposure of interest is. We did not take into account confounders
history. This could be addressed by using a different model for each switch in
the relationship between the exposure of interest and the confounders. Further
work is needed to study this modeling options. The simplest way would be
to include a counter of the previous exposure as a covariate in the treatment
model.

Regarding the exchangeability assumption, we applied the weights to a Cox
marginal structural model assuming that there were no unobserved confounders.
Obviously, checking of such assumption from observed data is impossible and is
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often based on the knowledge of the confounders in the particular setting. Based
on our cohort data, it is notably evident that some of the major confounders,
such as tobacco status, were not available. Also, we assumed that consistency
held and checked the absence of random zeros (positivity assumption, results
not shown). The parametric specification of the treatment model and the model
used to estimate the weights should be assessed, including log-linearity and
proportional hazards assumptions. Therefore, results from the CESAME cohort
should be interpreted with caution. It was mostly used as an illustrative example
for time-dependent weights computation and the need for an extension of the
ipw package. Besides, we were in a competing risk setting, because patients from
our dataset only developed cancer once. Using the Andersen—Gill model, our
simulation study showed that applications to recurrent events such as adverse
events are straightforward.
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Figure 1: Relationship between the outcome (Y, occurrence of cancer), the
treatment of interest (A;, thiopurines exposure at time t) and the confounding
treatments (W3, other treatments exposure: methotrexate and antiTNF).

Table 1: Cause-specific effect of thiopurines on the occurrence of cancer under
progressive truncation of inverse probability weights, CESAME cohort study.

Mean (Min/Max)

Estimated stabilized weights CSHR of cancer

Truncation percentiles

relative to relative to Estimate (95% CI)

treatment initiation treatment discontinuation
0,100 0115 7507) 0256 403 1156 (0600-199)
1,99 (O.9§é%91§166) (0.8é1£22?617) 1181 (0.685-2.036)
5,99 (0.9??93%002) (0.934.3?146) 1.184 (0.696-2.017)

* Cause-specific hazard ratio (CSHR) adjusted on gender and age.
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Figure 2: Truncated stabilized weights for the example obtained with the ipwtm
function that is, when the weights are computed up to the first change in the
exposure of interest status. The logarithmic transformation was applied for
display purposes.
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Figure 3: Truncated stabilized weights for the example obtained with the mod-
ified function that is, when the weights are computed up for all changes in the
exposure of interest status. The logarithmic transformation was applied for
display purposes.
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