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1. Studies of causal effects 

Many (bio-)medical studies deal with causal effect of an exposure on a certain health outcome. 

Exposure, in this case, may range from eating behavior (e.g. eating 100 grams of red meat on a daily 

basis) to medical treatments (e.g. treatment with benzodiazepines). It is widely acknowledged that 

an observed relation between a specific exposure and an outcome does not imply a causal effect of 

the exposure on the outcome. Causal effects are ideally studied in randomized controlled trials 

(RCTs), in which the exposure groups are on average comparable on both observed and unobserved 

prognostic factors and, therefore, the observed effect equals the causal effect of exposure, i.e. the 

only difference between the two comparison groups. However, RCTs offer limited reflection of real 

life clinical practice and do not include “real” patient populations, for example with multiple co-

morbidity, and real-life exposure, for example time-varying exposure. RCTs are also often too 

expensive, e.g., when patients need to be followed for longer periods of time or many patients need 

to be included to study rare events. Additionally, trials on exposure effects are not always feasible, 

for example because the exposure (e.g., a medical treatment) is already implemented as “usual care” 

(e.g. influenza vaccination) and withholding part of the trial population usual care is deemed 

unethical. For the same reason, exposures that are considered harmful (e.g., smoking) cannot be 

studied in a RCT.  

Observational (i.e. non-experimental, non-randomized) studies may be an alternative. However, 

because allocation of exposure is not a random process, exposure groups may differ in more respects 

than only the exposure.  Notably, they are very likely to also differ in terms of prognosis, which is 

referred to as confounding. [1-4] As an introduction to this thesis, we will discuss methods to 

estimate causal effects of exposures that potentially vary over time and how to control for 

confounding in observational studies of such exposures. 

 

2. Exposure 

2.1 Time-fixed exposure 

Exposure may be constant or may vary over time. An example of an exposure that is time-fixed (i.e., 

that does not vary over time) is the administration of a single dose of etomidate at intubation. A 

visual depiction of the causal relation between a time-fixed exposure (A) and an outcome (Y) in 

shown in the directed acyclic graph (DAG) in Figure 1, top panel. This DAG depicts the situation in 

which at a particular moment in time a patient receives one out of two exposure options (e.g. 

treatment with etomidate vs. propofol) and the outcome (e.g. occurrence of cardiovascular event) 
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may develop afterwards. Hence, patients are unable to switch in their exposure status during follow-

up. In addition,  patients do not receive another (competing) exposure that possibly affects the 

outcome. However, this may be an unrealistic situation for many other observational studies, as 

exposure may actually vary over time. 

 

2.2 Time varying exposure 

Studies that aim to estimate the causal effect of time-varying exposures are ideally characterized by 

repeated measurements of the same individual over time. For example, in studies investigating the 

relation between exposure to metformin, a drug prescribed in diabetes, and the incidence of cancer, 

metformin exposure (e.g., use yes/no, dose) is repeatedly assessed over time, [5] as administration 

of metformin may be modified over time based on glycated hemoglobin (HbA1c) level. Figure 1.1, 

middle and bottom panels, show DAGs of possible causal relations between exposure status at two 

time-points (i.e., A1 and A2) and an outcome (Y). The arrows connecting A1 to Y and A2 to Y indicate 

the separate effects of A1 and A2 on Y, respectively. We distinguish the situation in the middle panel, 

where exposure at time-point 2 (A2) is independent from exposure at time-point 1 (A1), from the 

situation in the bottom panel, where A2 is dependent on A1, indicated by the arrow from A1 to A2. Not 

only the exposure of interest may be time-varying; also other variables (e.g. smoking, concomitant 

medications), including potential confounders, may vary over time. Estimation of causal effects is 

different when exposure is time-varying in nature, as compared to time-fixed. In the next section, we 

will illustrate how a situation with time-varying exposures provides researchers the opportunity to 

estimate causal effects with a different interpretation. 

 

Figure 1.1: Directed Acyclic Graph (DAG) of time-fixed and time-varying exposures. A indicates exposure and Y 

indicates an outcome. Subscripts 1 and 2 indicate different time-points. Top panel: time-fixed exposure. Middle 
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panel: time-varying exposure, where exposure is independent from prior exposure. Bottom panel: time-varying 

exposure, where exposure is dependent on prior exposure.  

3. Causal effects of time-varying exposures 

3.1 Direct, indirect, total and joint causal effects 

Time-varying exposures allow for different combinations of exposure statuses over time, which is 

called the history of exposure. Daniel et al. make the important distinction between direct, indirect 

and total causal effects. [6] In the coming paragraphs, we will give definitions of these different 

causal effects for time-varying exposures, which are mainly of interest when exposure at time 2 (A2) 

is affected by exposure at time 1 (A1), as in Figure 1.1, bottom panel. We will illustrate these causal 

effects using a (hypothetical) example of a study investigating the relation between metformin 

exposure and a clinical outcome (e.g., microvascular retinopathy).  

 

Total causal effect 

The total causal effect is the effect of exposure, including the effects of future exposure (and possibly 

confounder values), insofar as these have been affected by the exposure of interest. In other words, 

the total causal effect of exposure is the sum of the direct and indirect effects of exposure. This 

effect may be interpreted as the effect of initiation of an exposure. The total causal effect can be 

estimated in a RCT in which exposure to A1 is randomly allocated and A2 is left to take the value it 

would naturally attain. Consequently the total causal effect of A1 is obtained by comparing groups 

according to allocation of exposure at time 1 (assuming full compliance with the allocation exposure, 

and no other sources of bias). In the example of metformin administration, the total effect includes 

the direct effect (e.g. the biological mechanism) of metformin on the clinical outcome as well as the 

indirect effect of metformin through increasing the probability of continuation of metformin or 

switching to another drug. The total causal effect consists of all paths from A1 to Y (Figure 1.1, 

bottom panel).   

 

Indirect causal effect 

When future exposure values are affected by the exposure of interest, any influence on the outcome 

through this change in exposure value that was provoked by the exposure of interest is defined as 

the indirect effect of exposure. To continue our example of a study on metformin, let us assume that 

exposure to metformin at time 1 increases the probability of exposure to metformin at time 2. The 
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indirect effect of metformin administration at time 1, is the change in the incidence of a clinical 

outcome though an increased likelihood of taking metformin at time 2. In the current example, the 

exposure of interest is the same (e.g. metformin administration) at both points in time, but the 

exposure at the second time-point could also be an alternative exposure (e.g., alternative 

medication). In Figure 1.1 (bottom panel), the indirect effect is illustrated by the path that starts at 

the arrow coming from A1 to A2 and the subsequent arrow from A2 to Y. Only the change in Y due to 

variation in A2 caused by A1 contributes to the indirect effect of A1 on Y. 

 

Direct causal effect 

Direct causal effects can be defined as the effect of exposure excluding the effects of future exposure 

values, in so far as these have been affected by the exposure of interest. [7] In the example of 

exposure to metformin, the direct effect of metformin is the biological mechanism through which 

metformin administration affects the risk of a clinical outcome. The direct effect of metformin on the 

clinical outcome includes the HbA1c lowering effect of metformin. In the situation of Figure 1.1 

(bottom panel), the administration of metformin at time 1 (A1) affects the probability to receive 

antidiabetic medication at time 2 (A2). The direct effect of metformin at time 1 (A1) excludes the 

effect of the antidiabetic medication administered at time 2 (A2). In figure 1.1 (bottom panel), the 

direct effect of A1 on Y is only represented by the arrow going directly from A1 to Y. 

Joint causal effect 

The joint effect is the effect of jointly setting the exposure history to certain values. The joint effect 

may be defined as the collection of all direct effects. [6] In the metformin example, the joint effect is 

the collection of all direct causal (biological) effects through which administration of metformin 

affects the clinical outcome and can be estimated by introducing both exposure at time 1 (A1) as well 

as time 2 (A2) in the outcome model. However, estimation of the joint effect of exposure may be 

complicated in the presence of time-varying confounders that are affected by prior exposure (see 

section below: The problem of time varying confounders affected by prior exposure). In figure 1.2 

(top panel), the joint causal effect of A1 and A2 consists of the path from A1 to Y, the path from A1 

through L2 to Y and the path of A2 to Y. Note, however, that it excludes the path from A1 to L2 to A2 to 

Y, since intervening on A1 and A2 jointly prevents A1 from affecting A2. To estimate the joint effect in a 

RCT would mean to randomize exposure at time 1 (A1), and again randomization of exposure at time 

2 (A2), within groups of exposure allocated at time 1 (A1). This RCT is depicted in Figure 1.1, middle 

panel, since by randomization at time 2, A2 will be independent of A1. 
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Figure 1.2 DAG of a time-varying confounder affected by prior exposure. A indicates exposure, Y indicates an 

outcome, and L indicates a confounder. Subscripts 1 and 2 indicate different time-points. A red box indicates 

adjusting for (conditioning on) a confounder. Top panel: adjusting for a confounder  (L2) on the causal pathway 

from A1 to Y. The causal pathway is indicated by a red color. Bottom panel: Adjusting for a confounder (L2) that 

is affected by exposure (A1) and an unmeasured variable (U2) induces a relation between the exposure and the 

unmeasured variable, indicated by the dashed red line. 

 

 

Table 1.1: Operationalization of exposure in longitudinal studies of a binary exposure (A) at two time-points. A1 

and A2 indicate exposure status at time-points 1 and 2, respectively. 

Actual 

exposure 

First-time 

exposure 

Cumulative 

exposure 

Initial 

exposure 

Ever versus never 

exposed 

A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 

0 0 0 0 0 0 0 0 0 0 

1 0 1 0 1 1 1 1 1 1 

0 1 0 1 0 1 0 0 1 1 

1 1 1 0 1 2 1 1 1 1 
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3.2 Estimating causal effects of a time-varying exposure 

For the simple example outlined in Figure 1.1 (bottom panel), all possible combinations of exposure 

histories of a binary exposure are depicted in Table 1. For the hypothetical study of metformin, one 

may be interested in the effect of the intervention of administration of metformin at time 1 (A1=1), 

but allow natural variation in administration of metformin at time 2 (A2) given this earlier 

intervention on A1. Alternatively, one may be interested in the effect in patients being exposed at 

both time 1 and time 2 (A1=1, A2=1). In other words, time-varying exposures allow for estimation of 

the effect of different causal exposure effects. 

 

When estimating causal effects of time-varying exposures, it is important to explicitly operationalize 

the causal relationship between the exposure and the outcome. Several operationalizations of 

exposure can be distinguished: 1.) an immediate (i.e., on/off) exposure effect, by operationalizing 

exposure as the actual exposure; 2.) a first-time exposure effect; 3.) a cumulative exposure effect; 4) 

the effect of initial exposure; and 5) the effect of ever versus never exposed (see Table 1). Depending 

on the biological mechanism through which exposure is expected to affect the outcome, researchers 

choose an operationalization of exposure to be used in the model for the outcome. For example, 

benzodiazepine use probably has a quite acute effect on the risk of a hip fracture (due to falling as a 

result of drowsiness or lack of concentration): the effect of exposure is acute and transient and, 

therefore, could be operationalized as the actual exposure. [8] In case of a first-time exposure effect, 

such as the risk of an allergic reaction in response to exposure to a drug (e.g., rash due to exposure to 

antibiotics), the risk is particularly increased the first or second time a subject is exposed, because 

future exposure will be prevented as much as possible. In the first time-exposure effect, exposure 

status may be set to 1 only the first time-point exposure is received (see Table 1.) A cumulative 

exposure effect means that the effect size increases with increasing cumulative exposure. For 

example, the risk of pancytopenia with methotrexate use increases with cumulative use and so does 

the risk of lung cancer with an increasing number of pack-years smoked. [9, 10] Cumulative exposure 

at each time-point is defined as the sum of the actual exposures received up to and including that 

time-point. Operationalizing exposure as initial exposure and ever versus never exposed deserve 

special attention, since analysis of a time-varying exposure as if it were constant over time (time-

fixed) may lead to misclassification of exposure time. [5, 11] Two forms of exposure misclassification 
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can be distinguished. Immortal-time bias is the result of classifying patient-time, before onset of 

exposure, as time on exposure. Because patients have to survive until they receive the exposure of 

interest, the misclassified time as on exposure is called immortal-time, and the resulting bias 

immortal-time bias and typically leads to . [11-13] This is likely to occur when operationalizing 

exposure as ever versus never exposed. The second form of exposure misclassification occurs when 

patients switch exposure status during follow-up, but exposure is operationalized as initial exposure 

in the analysis (as in an intention-to-treat analysis in a RCT). [5, 11] The effect estimated by 

operationalizing exposure as initial exposure may be interpreted as the effect of treatment strategy, 

in settings with exposures, also to other variables, similar to the current study. 

Analysis of exposure as a time-varying variable (e.g. in a Cox proportional hazards model with time-

varying covariates) provides unbiased and precise estimates of the exposure-outcome relationship. 

This requires exposure to be operationalized as actual exposure. In addition, the time-varying nature 

of confounding should also be taken into account to prevent bias in the effect estimates.[11, 14]  

 

4. Confounding 

4.1 Confounding in a study of a time-fixed exposure  

In case of a time-fixed exposure, standard methods (e.g., regression adjustment, propensity score 

adjustment, propensity score matching) to control for previously measured patient characteristics 

can control for confounding and provide unbiased effect estimates (in the absence of other sources 

of bias). [3] However, in many research settings, both exposure and confounder values may change 

over time. 

4.2 Time-varying confounding 

When exposure status changes over time, so may confounders. Figure 1.3 depicts this situation. The 

confounder (L) is a associated with both exposure status (A) and the outcome (Y), and may change 

over time (i.e., L1 and L2 have potentially different values). Note that there is no arrow from A1 to L2, 

indicating that confounder values at time 2 (L2) are independent of prior exposure. In the diabetes 

example used before, this would mean (possibly unrealistically) that metformin exposure at time 1 

(A1) does not affect future HbA1c levels at time 2 (L2), however HbA1c at time 2 (L2) does affect 

metformin status (continuation or switching) at time 2 (A2). In this scenario, including exposure as a 

time-varying covariate and controlling for L2 in a regression model would provide an unbiased 

estimate of the effect of exposure on the outcome. However as we will see in the next paragraph, 
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controlling for L2 may introduce bias if exposure at time 1 (A1) affects confounder values at time 2 

(L2). 

 

4.3 Time-varying confounders affected by prior exposure 

4.3.1 The problem of time varying confounders affected by prior exposure 

If time-varying confounders are affected by previous exposure, the effect of previous exposure on 

the outcome has three pathways (see Figure 1.2) First, the direct (biological) effect of previous 

exposure on the outcome. Second, the effect previous exposure has through affecting time-varying 

confounders. Third, the effect of previous exposure on the outcome via exposures (or intermediate 

variables) later in time. When the complete effect of exposure is defined as the sum of these 

pathways, controlling for confounding by standard methods (e.g., regression adjustment or 

propensity score matching) does not allow for estimating the total effect of exposure. In other words, 

standard methods lead to biased results, because these confounders are intermediates between the 

exposure and the outcome. As always, adjustment for intermediates will ´adjust away´ part of the 

total effect. Additionally, there may be unmeasured variables related to both the measured 

confounders and the outcome and conditioning on these variables (“confounders of the confounder 

– outcome relation”) induces a relation between these unmeasured variables and exposure, which is 

often referred to as collider stratification bias or selection bias. [15] 

 

 

Figure 1.3: Directed Acyclic Graph (DAG) of time-varying confounding. A indicates exposure, Y indicates an 

outcome, and L indicates a confounder. Subscripts 1 and 2 indicate different time-points. A red box indicates 
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conditioning on a confounder. Top panel: time-fixed exposure. Middle panel: time-varying exposure, where 

exposure is independent from prior exposure. Bottom panel: time-varying exposure, where exposure is 

dependent on prior exposure.  

 

4.3.2 Methods to adjust for time-varying confounding affected by prior exposure 

Several methods have been proposed to estimate joint causal effects in the presence of time-varying 

confounders that are affected by prior exposure, including inverse probability weighting (IPW) of 

marginal structural models (MSMs), g-computation of MSMs, and g-estimation of structural nested 

models. These methods use the counterfactual framework, which assumes the existence of 

counterfactual outcomes, i.e., outcomes a subject would experience in the (possibly) hypothetical 

situation, in which the subject had received an alternative exposure. Usually, we can only observe 

the outcome for one particular exposure status. Therefore, the outcome that would have occurred 

under the unobserved exposure regime is missing.  

 

Inverse probability weighting 

Inverse probability of treatment (here: exposure) weighting enables the average causal effect of an 

exposure to be estimated, by creating a weighted pseudo-population in which the association 

between the confounders and the exposure of interest has been removed. [16] This pseudo-

population represents a weighted version of the original sample where each subject receives a 

weight inversely proportional to its probability of receiving the exposure, given confounders and 

previously received exposure. These probabilities originate from an exposure model, which includes 

all measured confounders. In the resulting pseudo-population, the confounders are unrelated to 

exposure, comparable to a situation in which the exposure was randomly allocated  (as in a 

randomized trial). Finally, a MSM for the outcome including only exposure is fitted in the pseudo-

population. 

In the example presented in Figure 1.2, a model for exposure A2 based on previous exposure (A1) and 

time-varying confounder (L2) would be fitted, e.g., using a logistic regression model in case of a 

binary exposure. Weighting each exposed subject by 1/ predicted probability of exposure A2 and each 

unexposed subject by 1/(1-probability of exposure A2), results in a pseudo-population in which A2 is 

independent from A1 and L2. After correcting for L1, the direct effects of A1 and A2 on Y (e.g. the joint 

effect of A on Y) can be estimated in this pseudo population.  
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G-computation 

G-computation estimates the outcome for subjects, given the subjects´ confounders status and 

under a particular exposure regime, which is defined by the researcher and may be unobserved in 

some of the subjects. [17] In case of time-varying exposure and confounding, g-computation starts 

with fitting a model for the (time-varying) confounders based on previous exposure status and 

confounder values for each point in time. Using these models and starting at the first time-point, 

values for the confounders are predicted based on the introduced exposure and baseline confounder 

values. Next, exposure at the following time-point is introduced.  Since it is introduced it is 

independent from exposure and confounder values on the previous time-point. Then, a model for 

the outcome is fitted based on exposure and confounders in the original dataset. Consequently, for 

each subject, the outcome model and exposure regimes (i.e., exposure history) of interest are used 

to generate predictions of the outcome value under that particular exposure regime. This is done for 

all possible exposure regimes, as operationalized by actual exposure in Table 1. Subsequently, the 

counterfactual outcomes are regressed on the exposure regimes, resulting in estimation of the joint 

effect of exposures A1 and A2. This effect is marginal with respect to the confounders. And since 

exposure is introduced at all time-points regardless of previous exposure and confounder values, 

time-varying exposure is no longer affected by previous exposure nor by confounder values.  

 

 

G-estimation 

G-estimation is similar to g-computation, in the sense that for each subject, based on confounders 

and exposure status a (counterfactual) outcome is predicted. In contrast to g-computation, an 

exposure effect is hypothesized. A next step is to assess whether the (predicted) counterfactual 

outcome is independent of exposure status. This is done for a range of hypothesized exposure 

effects. Those hypothetical exposure effects that result in a counterfactual outcome that is unrelated 

to the exposure (as indicated by a p value >0.05), belong to the 95% confidence interval for the effect 

of exposure. The median value is often taken as the point estimate of the joint exposure effect. 

 

5. Objectives of this thesis 



Chapter 1 

20 

 

Much research has been conducted into methods for estimation of time-varying exposure effects.[5, 

11, 18] However, it is yet unknown to what extent these methods have found their way into current 

research practice and how large their impact is, in terms of more valid and more accurate exposure 

effect estimates. Furthermore, although IPW is the most frequently used of the above mentioned 

methods to deal with time-varying confounding affected by prior exposure, clear recommendations 

on how to handle large IPW weights, application of IPW in studies of continuous exposures, and IPW 

model selection (e.g., how to deal with rare exposures and/or nonpositivity) are limited. In addition, 

it is unknown to what extent features of the estimated IPW (e.g., its range or variance) are 

informative about the quality of the weights and their ability to control for confounding. This thesis 

aims to address these knowledge gaps. Therefore, the two main objectives of this thesis are: 

1) To evaluate methods to estimate causal effects of time-varying exposures. 

2) To evaluate methods to deal with time-varying confounding in observational studies of time-

varying exposures. 

 

6. Outline of this thesis 

Chapter 2 addresses methods to estimate causal effects of time-varying exposures. Chapter 2.1 

provides an evaluation of the reporting of methods to deal with time-varying exposures applied in 

observational research of medical treatments. In Chapter 2.2 analytical methods are assessed for 

modeling the effects of a specific exposure (here: dialysis modalities) in the presence of another 

exposure (here: renal transplantation) that replaces the first. Chapter 2.3 describes a study on the 

impact of left-truncation of data on the relation between time-dependent exposure effects and 

adverse events.  

Chapter 3 focuses on methods to address time-varying confounding in observational studies of 

exposure effects. The study described in Chapter 3.1 aims to compare different IPW models for a 

continuous exposure. In Chapter 3.2 the relationship between characteristics of IPW and bias in 

effect estimates obtained by using IPW of MSM is assessed. Chapter 3.3 aims to compare 

performance of machine learning methods and automated weight truncation approaches in 

situations with varying misspecification of the IPW model, including nonpositivity and rare exposures. 

Chapter 4 discusses the findings in this thesis and presents directions for future research to further 

optimize exposure effect estimation in case of time-varying exposure and confounding. 
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ABSTRACT 

Background:  Observational studies of the effects of drug treatment in intensive care units (ICUs) 

are methodologically challenging, particularly when treatment status changes over 

time.  

Methods:  A systematic Pubmed search was performed to identify observational studies 

published in five ICU journals on the effects of drug treatment within an ICU 

population, published between January 2010 and December 2014. Information was 

collected on reporting of time-varying treatment or confounders (i.e. variables 

related to both prognosis and the treatment that may bias the observed effect of 

treatment).  

Results:  The PubMed search resulted in 212 publications, of which 41 articles were included 

for review. In 22 studies, treatment status potentially changed during follow-up. In 8 

of these, treatment status was registered on a daily basis. In the remaining 14 studies 

treatment was registered at baseline only, of which 12 studies applied an intention-

to-treat (ITT) analysis and did not report on the number of patients switching 

treatment. Loss to follow-up was not reported in 36 of the 41 articles. Missing data 

were not reported in 24 articles. Unmeasured confounders were not discussed in 24 

articles. 

Conclusion:  Reporting of aspects related to treatment switching in observational studies of time-

varying drug treatments in ICU research is far from optimal. This review shows that 

although more than half of the included articles investigated time-varying treatment, 

the time-varying aspect was not considered in the analysis. We recommend to 

extend reporting beyond what is currently advised by the STROBE checklist, by clearly 

defining the frequency in time at which treatments and potential confounders are 

recorded.  
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INTRODUCTION 

Observational studies of the effects of medical treatments are challenging, particularly when 

treatment status of individuals changes over time. Researchers should apply the correct methods to 

deal with time-varying treatments, since analysis of a time-varying treatment as if it were time-fixed 

(e.g. patient is treated or untreated throughout follow-up) may lead to misclassification of treatment 

status. Two forms of misclassification can be distinguished. First, immortal-time bias occurs when 

subject-time before initiation of treatment is classified as time on treatment. The outcome rate is 

biased downwards because exposed subjects cannot die during the time until treatment, the 

misclassified time is called immortal-time, and the resulting bias immortal-time bias. Second, 

ignoring changes (or switches) in treatment status during follow-up , sometimes referred to as  

intention-to-treat (ITT ) analysis, [1][2] will also lead to misclassification of time on a particular 

treatment and potentially lead to bias. 

Another challenge in observational studies on the effects of treatments is that treatment allocation is 

not a random process, which may lead to confounding. Confounders are variables that are related to 

both the patient’s prognosis and the probability of receiving the treatment. For example if age 

increases the risk of the outcome (e.g. mortality) and the treatment is more often prescribed to older 

patients the treatment may seem to increase mortality, while this is (at least partly) attributable to 

age. In this case, age confounds the relationship between treatment and the outcome. In case of a 

single treatment at a single point in time, conditioning on all confounders (adequately measured 

before initiation of treatment) will control for confounding and provides unbiased effect estimates 

(in the absence of other sources of bias). In settings with time-varying treatment, both treatment and 

confounder status may change over time. If time-varying confounders are affected by previous 

treatment status, standard methods to control for confounding including multivariable regression 

analysis and the use of propensity scores do not suffice.[3][4] Whether time-varying confounders 

need to be accounted for depends on the causal effect one tries to estimate.[5] Methods to estimate 

causal effects differ in their interpretations and differ in their susceptibility to the abovementioned 

biases. It is therefore crucial  that researchers report on those aspects that enable evaluation of the 

methods applied to assess the effects of time-varying treatments (including the ways to limit 

confounding).  

As indicated by previous research, diverse methods can be applied to handle confounding in various 

observational studies of the effects of medical interventions.[6][7] Additionally, the reporting of 

methodological aspects of such studies is suboptimal.[8][9][10][11] In observational studies 

conducted in a dynamic clinical setting such as the intensive care unit (ICU), treatment status may 
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very well change over time. In addition, patient characteristics are often measured on a daily basis, 

providing information for re-evaluation of treatment decisions and change in treatment status during 

follow up are likely based on changes in time-varying confounders. Therefore, reporting of the 

methods applied to assess time-varying aspects of treatment is especially important in ICU research. 

The purpose of this study was to systematically review the methods currently applied to deal with 

the time-varying treatment in observational ICU studies investigating the effect of treatments. 

 

METHODS 

Depending on the frequency of recording of treatment status, different methods for the analysis of 

the effects of treatment are available. Therefore, we will first briefly summarize methods to estimate 

causal effects of treatments that potentially vary over time and how to control for confounding in 

observational studies of such treatments. Subsequently we will describe how we conducted our 

systematic review on reporting of those issues. 

 

Methods to analyze time-varying treatment 

Analysis of a time-varying treatment as if it were constant over time (time-fixed) may lead to 

misclassification of treatment time. [1] Methods for handling time-varying treatment as if it were 

constant over time include intention to treat analysis, per protocol analysis and as treated analyses, 

which are known from randomized controlled trials. Here we use these terms to indicate similar 

methods in observational studies.  

Intention to treat (ITT) indicates that treatment status is analyzed according to how treatment was 

initially applied or prescribed, regardless of the treatment that the patient actually received (e.g., 

regardless of treatment switching or treatment adherence during follow up). The ITT effect can be 

interpreted as the effect of treatment initiation in settings with rates and allocation mechanisms of 

treatment switching similar to those in the current study. Per protocol (PP) analysis excludes patients 

from the analysis who switch treatment during follow-up. The PP estimate can be interpreted as the 

effect of treatment in the subset of patients who complete the study on their initial treatment (i.e., 

patients who do not switch treatment during follow-up). A PP analysis may yield biased estimates of 

the treatment effect, if e.g. selection into the analytical dataset depends on the treatment status and 

the probability of developing the outcome.  [12] [13] An ‘as treated’ analysis, patients treatment 

status is set to the treatment actually received during follow-up, where timing of treatment switching 
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needs to be incorporated in the analysis, in order to prevent e.g., the above mentioned immortal 

time bias. 

In case of ‘as-treated’ analysis, modeling treatment as a time-dependent variable (e.g. in a time-

dependent Cox proportional hazards model) can provide an unbiased estimate of the treatment-

outcome relation. The treatment effect thus obtained may be interpreted as independent from the 

percentage of treatment changes and independent from the allocation mechanism of treatment 

changes during follow-up and may therefore have better generalizability. In other words, the effect 

may be interpreted as the direct causal (biological) effect through which treatment affects the 

outcome. However, ignoring the time-varying nature of confounding in such an ‘as-treated’ analysis 

may still result in bias. [1] [4] 

 

Methods to control for time-varying confounding 

If treatment status changes over time, so may confounders. If time-varying confounders are affected 

by previous treatment, the effect of previous treatment on the outcome has three pathways. First, 

the direct (biological) effect of previous treatment on the outcome. Second, the effect previous 

treatment has through affecting time-varying confounders, which subsequently affect the outcome 

(i.e., those time-varying confounders are intermediates too; i.e. they are a necessary element in the 

causal pathway leading from previous treatment to the outcome). Third, the effect of previous 

treatment on the outcome may be achieved via changing the probability of subsequent treatments, 

these treatments may both be similar or different to the treatment of primary interest. When the 

total effect of treatment is defined as the sum of these pathways, controlling for confounding by 

standard methods (e.g., regression adjustment or propensity score matching) does not allow for 

estimating the total effect of treatment, because the second pathway is blocked and ‘not counted’ 

(i.e., removed from the total effect). In other words, standard methods lead to biased results, 

because the time-varying confounders that are affected by previous treatments are in fact 

intermediates between those previous treatments and the outcome.  

Several methods have been proposed to estimate causal effects in the presence of time-varying 

confounders that are affected by previous treatment, including inverse probability weighting (IPW) of 

marginal structural models (MSMs), g-computation of MSM, and g-estimation of structural nested 

models. We refer to the literature for details on these methods. [3] [14] [15] 
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Literature review - Selection of articles 

We identified all cohort studies estimating the effect of drug treatment in the ICU included in 

PubMed and published in the five highest impact intensive care journals (i.e., American Journal of 

Respiratory and Critical Care Medicine, CHEST, Critical Care Medicine, Intensive Care Medicine and 

Critical Care) from January 1
st

 2010 till January 1
st

 2015, using the following keyword search 

algorithm: (AM J RESPIR CRIT CARE MED[Jour] OR CHEST[Jour] OR (CRIT CARE MED[Jour]) OR 

(INTENSIVE CARE MED[Jour]) OR (Crit Care[Jour])) AND (cohort OR observational OR non-

randomized) AND (medication OR drug) AND ("intensive care"[title/abstract] OR "ICU"[title/abstract] 

OR "IC"[title/abstract] OR "critical illness"[title/abstract] OR "critical ill"[title/abstract] OR "critically 

ill"[title/abstract] OR "critical care"[title/abstract] OR "intensive care"[MesH Terms] OR "intensive 

care units"[MesH Terms]) AND (("2010/01/01"[PDat] : "2015/01/01"[PDat])). The Pubmed search 

was performed on May 26, 2015. Publications were excluded from the review for the following 

reasons: meta-analysis, not a drug study,pilot study, randomized controlled trial, review or a number 

of other reasons, such as combined treatments, before-after studies and non-clinical outcomes (such 

as microvascular effects or brain tissue oxygenation). Following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines, titles and abstracts were assigned to 

two independent reviewers. [16] When one of the reviewers judged a publication relevant, full text 

screening was performed. Discrepancy in qualification of the articles was solved through consensus 

by the reviewers. One reviewer extracted information from the full-text articles [CMH] and this 

information was checked by the senior researcher [RHHG]. 

 

Information extraction 

Information on the following aspects of the articles was collected: drug treatment, confounder and 

outcome characteristics ( e.g. binary, categorical, continuous, time-to-event) and the frequency of 

recording of these characteristics (e.g., baseline, monthly, daily). Additionally, information was 

collected on reporting of loss to follow up, missing confounder values and treatment switching. 

Furthermore, information was collected on the treatment comparison, for example treated versus 

untreated, or, treatment versus another treatment. With respect to confounding, criteria for 

confounder selection was assessed and we determined whether the positivity assumption was 

checked and the possibility of unmeasured confounding was discussed by the authors. Positivity is 
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defined as availability of subjects for each treatment option considered at each level of potential 

confounders. [14] We also assessed the conduct of sensitivity analyses; sensitivity analyses are 

typically performed to assess the impact of a potential threat to inference on the effect estimate. For 

example, a sensitivity analysis may be performed to estimate the potential impact of unobserved 

confounders. Specific attention was paid to the reporting of propensity score (PS) methods and 

assessment of covariate balance between treatment groups for different levels of the PS. 

Information on methods for covariate selection and balance checking were collected. In addition, for 

papers using propensity score (PS) matching, several aspects of PS-matching were recorded, 

including the matching algorithm and the inclusion of covariates used to estimate the PS in the 

outcome model. [17] [18] 

Analysis 

For each of the aforementioned elements we reported descriptive statistics. Percentage of articles 

for each category were rounded to whole numbers. The range (minimum to maximum values) and 

median were reported for continuous variables. 

 

RESULTS 

Selection of articles for inclusion 

212 articles were identified by the PubMed search; 150 were excluded based on title and abstract, 

another 21 were excluded based on full-text review. Main reasons for exclusion were: no 

intervention study (n=82) and not a drug study (n=60). After exclusion, 41 articles were included for 

analysis (see Figure 2.1.1, more details in Appendix 1). 

 

General description of included articles 

Most included articles were published in Critical Care Medicine (17/41), followed by Critical Care 

(10/41). Primarily, treatments were expressed as a binary variable (36/41); few articles investigated 

treatment as a categorical (2/41) or as a continuous (3/41) variable. Treatment was compared to ‘no 

treatment’ (i.e., no active comparator) in most (26/41) articles, whereas treatment was compared to 

another treatment in a minority of studies (15/41). Outcome types were time-to-event outcomes 

(n=22), binary outcomes (n=17), and count outcomes (n=2). The number of included patients in the 

studies varied from 81 to 53,448, with a median sample size of 615 patients. 
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Figure 2.1.1 Flow chart of articles included in the systematic review of observational ICU studies on medical 

treatments. 

 

Reporting and analysis of time-varying treatment 

The reporting and handling of time-varying treatments is shown in Figure 2.1.1 In 22 studies patients 

could, in daily practice, change treatment status during follow-up. An example of a treatment for 

which treatment status may change over time is benzodiazepine use, which is adjusted over time in 

accordance with the patient’s need for sedation. In contrast, a single treatment at one point in time, 

for example a single dose of etomidate at intubation, cannot vary over time. In the majority of 

studies in which treatment status could change during follow-up, treatment was only registered at 

baseline (15/22) and in most of these studies treatment switching was often not even mentioned 

(11/15). Of these studies in which treatment status was recorded at baseline, the majority (13/15) 

150 articles excluded based on title and abstract 

 2 Meta-analysis 

 127 Not a drug or medication study 

 8 Other (combined treatment, before-after 

   comparson) 

 4 Pilot study 

 4 Randomized controlled trial 

 5 Review 

21 articles were excluded based on full text  

 15 No drug or medication study 

 5 Other (combined treatment, before-after 

   comparson) 

 1 Pilot study 

41 articles 

available for 

review 

212 articles 

PubMed search: 
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reported an ITT analysis and two (2/15) studies did not mention the data analytic strategy. None of 

the 13 studies using ITT analysis reported on the level of adherence.  

 

Reporting of confounding adjustment 

Selection criteria for confounder selection in the 17 articles using confounder adjustment were 

diverse (see Table 2). Many articles based selection of confounders on the relation of potential 

confounders with the outcome (15/17). Of these, some (3/15) selected covariates based on a pre-

specified relation with the outcome (based on clinical knowledge and literature), whereas in others 

(11/15) selection was based on model fit and one (1/15) study used a stepwise procedure to select 

covariates for adjustment. In two articles it was unclear how confounders were selected. 

Figure 2.1.3 shows the characteristics of the 24 studies that applied propensity score (PS) analysis to 

control for confounding. Selection criteria for confounders included in the propensity score varied 

considerably. Balance was checked in two of the nine studies applying PS adjustment and 13 of the 

15 studies applying PS matching. In the studies applying PS matching, the percentage of treated 

subjects the researchers were able to match to subjects not receiving that treatment ranged from 

43% to 100%, while the percentage of available subjects used in the final PS analysis ranged from 

9.3% to 59.2%. An assessment of the positivity assumption was reported in only one article (1/15) in 

which PS matching was applied. 

Most articles measured confounders at baseline only (32/41), some measured confounders daily 

(8/41), and one (1/41) study did not when the confounders were measured. From the eight (8/41) 

studies measuring confounders on a daily basis, three (3/8) applied a Markov model, two (2/8) 

included confounders as time-fixed in the analysis, two (2/8) applied PS matching including only 

baseline confounders and one (1/8) applied PS analysis based on pre-treatment confounders and 

consequently applied a sensitivity analysis for including post-treatment confounders in the PS model.  

Methods to account for time-varying confounders affected by prior treatment (i.e. IPW, g-

computation, g-estimation) were not applied in the included articles. 

 

Loss to follow up and missing data 

Loss to follow up was reported in five (5/41) articles, of which one mentioned that there was no loss 

to follow up. Patients may be lost to follow up due to reasons related to the study which leads to 
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biased study results, a situation called informative loss to follow up. Loss to follow is informative if it 

depends on the prognosis of patients included in the study. Regarding the informativeness of loss to 

follow up, one (1/5) article mentioned loss to follow up was informative, while another mentioned it 

was not informative and the other three articles did not report on the informativeness of loss to 

follow up. Loss to follow up remained unreported in the remaining 36 (36/41) articles. 

Most articles did not mention missing data (24/41), while a minority (15/41) of studies mentioned 

that some data were missing, and (2/41) reported there were no missing data. In the 39 articles 

where missing data was a potential problem, the majority of articles did not mention how they 

handled missing data (28/39). In two studies missing data were imputed using the last observation 

carried forward method. [19] Out of the nine (9/39) studies applying complete case analysis, one 

(1/9) considered missing data irrelevant since it contained missing values for only one subject. 

 

Sensitivity analyses 

The potential for bias (note that one study can discuss more than one type of bias) was discussed in 

many articles. Six (6/41) articles considered the potential for immortal time bias. All studies 

considered confounding as a potential source of bias. The potential for unmeasured confounders was 

mentioned in 17/41 articles.  

Sensitivity analyses for diverse sources of bias were performed. For example sensitivity analyses 

were performed to quantify the potential impact of unobserved confounding (3/41), in/ excluding 

confounders in the outcome model (3/41), in/excluding patient subgroups (7/41) and using another 

definition of treatment (3/41). However the majority of articles (24/41) did not report any form of 

sensitivity analysis.  
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Figure 2.1.1: Reporting and handling of time-varying treatments in observational studies in the ICU. 

41 articles included for review 

 19 articles in which treatment switching was impossible 

Reason: 

 18/19 Single treatment applied at baseline 

 1/19 Treatment definition based on prescription: metformin 

22 articles in which treatment switching was theoretically possible 

 

15 articles in which treatment was recorded at baseline only 

Treatment switching mentioned? 

 11/15 Not mentioned 

 3/15 Reported that patients who received treatment  

somewhere during follow-up, were classified as untreated  a 

1/15 Treatment switching mentioned 

Method of analysis 

 13/15 Intention-to-treat (ITT) analysis 

 2/15 Not mentioned 

 7 articles in which treatment was recorded on a daily basis 

Method of analysis 

 1/7 Exclusion of switchers (Per protocol, exclusion) 

1/7 As treated and per protocol analyses 

3/7 First-order Markov model 

2/7 Treatment included as a time-varying covariate             a 
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Figure 2.1.2: Characteristics of studies using a propensity score (PS) to control for confounding in observational 

studies in the ICU. 

24 articles using propensity scores: 

Method used for covariate selection: 

 7/24 Based on model fit/ p-values with the outcome 

 6/24 Based on relation with treatment 

 1/24 Backward stepwise on PS model 

1/24 Based on both the standardized difference between  treatment groups and a            

m      measure for the covariate being a confounder 

 5/24 Use all covariates 

 4/24 Unclear 

9 articles using PS adjustment 

 

Method used for checking balance 

 1/9 KS- distance 

 1/9 Standardized difference 

 7/9 Balance not checked 

 

Covariates from PS model also used in 

Model for the outcome 

(Double robust estimation) 

 3/9 Double robust 

 6/9 Not double robust 

 

15  articles using PS matching 

Method used for checking balance 

 10/15 P-values 

 2/15 Standardized difference 

 1/15 Comp of matched pairs using  univariable  

         logistic regression with GEE (to account  

         for matching) 

1/15 Unknown 

1/15 Balance not checked 

 

Comparison groups 

 11/15 Treated vs untreated 

 4/15 Treated vs other treatment 

 

Matching algorithm 

 6/15 5→1 greedy 1:1 

 2/15 5→1 greedy 2:1 

 1/15 4→1 greedy 1:1 

 6/15 Other (incl. Greedy, nearest neighbor,  

         Mahalanobis, Fine-balance method, etc.) 

 

Covariates from PS model also used in 

Model for the outcome 

(Double robust estimation) 

 7/15 Double robust 

 8/15 Not double robust 
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DISCUSSION 

This systematic review of observational studies in the ICU setting where time-varying treatment is 

very common, shows that although more than half of the studies investigate treatment that is time-

varying in nature, reporting on the time-varying nature of treatment and analyzing treatment as such 

is not common. Furthermore, the majority of articles using baseline recording of treatment ignore 

potential treatment switching and apply an intention-to-treat analyses. Moreover, confounding, and 

especially time-varying confounding, was very often not adequately taken into account. Additionally, 

we found that reporting on missing data, loss to follow-up and unmeasured confounding is far from 

optimal.  

Our results are consistent with previous research on the quality of reporting of observational 

longitudinal research, which showed that accounting for loss to follow-up and missing data items in 

the analysis were rarely reported. [20] However, earlier review did not systematically asssess the 

reporting of time-varying treatment and confounding. Our study in the ICU setting, confirms the 

conclusions of previous studies,  that that reporting of methodological aspects of observational 

studies of the effects of medical treatments is suboptimal.[8][9][10][11] Reporting of confounder 

selection in the included articles was relatively good (34/41) compared with previous research, 

where only half of the articles reported the criteria to select potential confounders. [8] In articles 

using PS analysis, reporting of the method for confounder selection was reported in 18 articles 

(18/24, i.e., 83%)), which is an improvement compared to a recent review conducted in the general 

medical literature on observational studies of pharmacological treatments where 34.5% reported 

how variables for the PS model were selected. [9] 

To our knowledge this is the first manuscript that aims to review the reporting and handling of time-

varying treatment and confounding in observational studies investigating the effects of a drug 

treatment in the ICU setting, where time-varying treatment and confounding are potentially 

important issues and where both can be measured on a regular (day-to-day) basis. Additionally, the 

ICU is a setting where interest in the biological causal effects of a drug may be of interest, therefore 

reporting on the methods applied to handle time-varying treatment is relevant. Therefore, one might 

speculate that reporting of these methods is possibly better in ICU research, compared to other 

research fields. However, this could not be concluded based on our systematic review, since we 

could not compare findings in ICU research to those in the general literature, since comparable 

studies in other settings are lacking.  
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A limitation of our study is the relatively small number of manuscripts, from 5 high-impact ICU 

Journals. Our findings may therefore not be representative for the whole ICU research area. We, 

however, expect the results in this manuscript to be optimistic relative to ICU research in general, as 

we selected high-quality ICU journals.  

Methodological challenges in the analysis of longitudinal observational ICU research include 

treatment switching and loss to follow up. The existing STROBE reporting guideline regarding loss to 

follow up suggests reporting numbers of individuals at each stage of study—e.g. numbers potentially 

eligible, examined for eligibility, confirmed eligible, included in the study, completing follow up, and 

analyzed; give reasons for non-participation at each stage and consider use of a flow diagram. In 

order to allow evaluation of studies with time-varying administration of treatment and loss to follow 

up, we recommend to extend reporting beyond what is currently advised by the STROBE checklist. 

First, by clearly defining the frequency of recording of all treatments and potential confounders .In 

addition, the frequency of administration for all treatments should be reported, such that a potential 

discrepancy between the frequency of treatment administration and the frequency of recording of 

treatment administration can be detected (e.g. when treatment is administered on a daily basis, but 

recorded only at baseline or once a week). Furthermore, studies with potential for treatment 

switching should report on reasons for- and proportions of switching treatment in each treatment 

group. Researchers should be cautious when applying intention-to-treat approaches, since this 

method may yield biased estimates of treatment effects. [21][22] Preferably, treatment itself should 

be measured over time so that appropriate methods for handling time-varying treatments may be 

applied and reported on. [4] A final note concerns the reporting of loss to follow up, which is  

especially relevant in the ICU setting, since the competing risks of ICU discharge and ICU death may 

be considered as a form of informative loss to follow up. [23][24] In addition to existing STROBE 

guidelines we recommend reporting reasons for and proportions of loss to follow up in each 

treatment group. 

In conclusion, the reporting on observational studies of the effects of (time-varying) treatments 

could benefit from extended reporting guidelines. When time-varying recording of treatment is 

unavailable, studies performing ITT analysis should report numbers of patients that change 

treatment in each treatment group. Currently, studies differ in the methods used to account for 

treatment switching and loss to follow up. Since appropriate methods to control for time-varying 

confounding, informative loss to follow up and treatment switching are available,  we recommend to 

collect and report on these aspects especially in studies conducted in dynamic settings such as the 

ICU. [3] 
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APPENDIX 

Appendix 1: Table including number of studies per category of drug treatment and range in sample 

size 

Category Number of studies Range sample size per study 

Statin treatment 4 81-2139 

Corticosteriod treatment 8 208-17239 

Antibiotic treatment 11 100-4662 

Fluid replacement  3 451-53448 

Anti-diabetic medication 2 3529-7404 

Human recombinant activated C-protein 

treatment 

4 162-7392 

Etomidate treatment 2 224-2014 

Other treatment 7 140-7664 
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ABSTRACT 

Background:  During the follow-up of a randomized controlled trial (RCT), participants may receive 

additional (non-randomly allocated) treatment that might affect the risk of the 

outcome. Typically, such additional treatment is not taken into account. Two pivotal 

trials of the effects of hemodiafiltration (HDF) vs. hemodialysis (HD) on mortality in 

patients with end-stage renal disease (ESRD) reported conflicting results and were re-

analyzed to compare different analytical methods to deal with renal transplantation 

during the follow-up period of these trials. 

Methods:  Using individual patient data from the ESHOL (n=902) and CONTRAST (n=714) trials, 

four methods for estimating the effect of HDF versus HD on mortality risk were 

compared: intention-to-treat (ITT) analysis (i.e., not taking renal transplantation into 

account), per protocol exclusion (PPexcl; exclusion of patients who receive 

transplantation), PPcens (censoring patients at time of transplantation), and 

transplantation-adjusted (TA) analysis. Cox proportional hazards models were 

applied with and without adjustment for covariates related to both receiving a 

transplantation and experiencing the outcome (transplantation-outcome 

confounders). 

Results:  Unadjusted ITT analysis led to conflicting results in CONTRAST and ESHOL: HR 0.95 

(95%CI 0.75, 1.20) and HR 0.76 (95%CI 0.59, 0.97), respectively. Similar difference 

between the two trials were observed for the other analytical methods, e.g. , for 

PPcens HR 0.88 (0.69, 1.13) and HR 0.73 (95%CI 0.56, 0.94), for CONTRAST and ESHOL, 

respectively. Between CONTRAST and ESHOL, HRs of HDF versus HD treatment 

became more similar after adjustment for transplantation-outcome confounders. For 

example, unadjusted and adjusted TA analyses resulted in HR 0.77 (95%CI 0.60-0.99) 

and HR 0.80 (95%CI 0.62-1.02), respectively in ESHOL, and HR 0.95 (95%CI 0.75-1.21) 

and HR of 0.89 (95%CI 0.69-1.13), respectively in CONTRAST. Similar changes were 

observed for the other methods. 

Conclusion:  Different analytical methods to deal with renal transplantation during the follow-up 

resulted in differences between estimated effects. Adjustment for transplantation-

outcome confounders led to more similar effect estimates between the ESHOL and 

CONTRAST trials. Re-analysis of these studies indicate that HDF reduces mortality by 

10-20% compared to HD. 
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INTRODUCTION 

The randomized controlled trial (RCT) is the preferred design to assess the effects of medical 

treatments. When patients switch to the other trial treatment arm, receive additional treatment that 

is not randomly allocated, or stop their treatment, estimation of treatment effects may not be 

straightforward, notably when treatment switching depends on patient characteristics [1]. 

For example, in RCTs comparing hemodiafiltration (HDF) with hemodialysis (HD) on the risk of 

mortality among patients with end stage renal disease (ESRD), during follow-up a subset of patients 

may receive another (non-randomly allocated) treatment that may effectively improve patient 

outcome. For example, renal transplantation is highly effective in reducing mortality risk and 

differences in handling renal transplantation during follow-up in the analysis of a trial may lead to 

different results [2]. Two pivotal dialysis trials reported conflicting findings: results of the ESHOL trial 

indicated improved survival for HDF compared to HD (HR=0.70; 95%CI 0.53-0.92), while results from 

the CONTRAST analysis reported no difference in mortality between treatment groups (HR 0.95; 

95%CI 0.75-1.20) [3, 4]. These contrasting results may be explained by differences in accounting for 

renal transplantation during follow-up. Notably, in the original ESHOL study no patient information 

was collected after renal transplantation, which was considered as loss to follow-up [4]. Such loss to 

follow-up may introduce bias if censoring is associated with the allocated treatment and the risk of 

the outcome [1, 5]. Alternatively, in the CONTRAST trial participants were followed-up for the 

primary outcome (i.e. all-cause mortality), irrespective of a renal transplantation and the effects of 

the dialysis treatments were estimated based on an intention-to-treat analysis (and ignoring 

transplantation) in that study [3]. 

The aim of this study was to assess whether the differences in effects observed between the two 

RCTs are due to the fact that these RCTs applied different methods of analysis. For this purpose, we 

re-analyzed individual patient data from the CONTRAST and ESHOL studies. 
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METHODS 

 

Data design and study population 

Individual patient data from the CONTRAST and ESHOL studies were used for the current study. 

Detailed descriptions of the study designs, patient characteristics, and treatment procedures of each 

of the studies have been reported elsewhere [6]. The ESHOL dataset was completed by adding 

follow-up data on all-cause mortality for those patients who had discontinued randomized treatment 

(received a renal transplant) and were censored alive in the previously published analyses [6]. The 

ESHOL study included 906 patients; 456 were randomized to receive HDF and 450 to HD. Median 

follow-up time was 3 years (range 0.01, 3.08) [4]. The CONTRAST study included 714 patients; 358 

received HDF and 356 were allocated to HD. Median follow-up time was 2.90 years (range 0.04, 6.56) 

[3]. Due to missing outcome and time of transplantation data, four patients were excluded from the 

current analysis of the ESHOL dataset. 

Given a large sample size, randomization is expected to create treatment groups that are on average 

comparable with respect to patient characteristics, i.e., treatment is independent of patient 

characteristics. Receiving a renal transplantation, however, may be dependent on patient 

characteristics. For example, younger patients with less co-morbidity are more likely to receive a 

renal transplantation. These patient characteristics are also predictive of the outcome (mortality). 

Since these patient characteristics are related to both transplantation and the outcome we will refer 

to them as confounders of the transplantation-outcome relation (See Figure 2.2.1). 
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Figure 2.2.1: Causal diagram of renal transplantation in randomized controlled trials of dialysis modalities. 

When treatment is related to receiving a transplantation, and patient characteristics (transplantation-outcome 

confounders) are related to both transplantation as well as experiencing the outcome. Selection bias arises 

when only patients who did not receive a transplantation are selected for analysis (or similarly, when we 

condition on-, or adjust for- transplantation). Since patient characteristics for patients receiving a 

transplantation are different from those who do not receive a transplantation. And a different proportion of 

patients in each treatment group receives a transplantation, the remaining treatment groups are no longer 

comparable on these transplantation-outcome confounders. The induced bias is a result of selection of 

patients for analysis (i.e. non-transplanted patients) which is different between treatment groups (i.e. patients 

in the treatment group are more likely to receive transplantation), and is therefore called selection bias. 

Depending on the method of analysis, this may bias the estimated treatment effect. 

 

Post-randomisation renal transplantation may induce confounding 

In dialysis trials, the probability of receiving a renal transplantation may not only depend on patient 

characteristics, but also on the randomly allocated treatment a patient receives (here: on the dialysis 

modality). For example, patients treated with HDF may more often receive a renal transplant 

compared to patients treated with HD (e.g. when HDF brings patients in a better shape for 

transplantation). As a result, in dialysis trials, the probability of receiving a transplant may differ 

between treatment arms. 

Therefore, restricting the analysis to those who did not undergo a renal transplantation (e.g. in a per 

protocol analysis), may result in incomparable treatment groups. As an example, imagine that 20% of 

HDF treated patients receives a renal transplantation, compared to 10% of HD treated patients and 

that transplantation is more likely in younger patients. Due to the randomization procedure, the age 

distribution at baseline of patients receiving HDF or HD is comparable However, restricting the 
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analysis to those patients who did not undergo a renal transplantation, leads to excluding a larger 

proportion (20%) of patients (who are on average younger) in the HDF treatment group, compared 

to the (10%) of patients in the HD treatment group. The remaining patients in the HDF treatment 

group are on average older than the patients in the HD treatment group, which introduces 

confounding, because age is also associated with the outcome (here: survival). 

In other words, if treatment increases the probability to receive a renal transplant and risk factors for 

the outcome (mortality) are also related to receiving renal transplantation, restricting the data 

analysis to those patients who did not receive a transplantation (or similarly, adjusting for 

transplantation) may distort the balance between treatment groups achieved by randomization (See 

Figure 2.2.1). If the selection of patients for the analysis (e.g. non-transplanted patients) differs 

between treatment groups (i.e. if patients in one of the two comparison groups are more likely to 

receive transplantation), the effect estimate will be biased [7]. 

 

Methods to analyze dialysis trials in the presence of renal transplantation 

Were compared four methods to handle renal transplantation in dialysis trials. These methods are 

described in more detail below and summarized in Table 2.2.1. 
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TABLE 2.2.1: Methods to deal with treatment switching in randomized controlled trials 

Method Description Interpretation of effect estimate Potential for bias 

Intention to treat (ITT) Data of all patients is used. Treatment status 

is analyzed as allocated. Transplantation is 

ignored in the analysis. 

The effect of treatment in settings with rates and 

allocation mechanisms of transplantation similar 

to the current trial. 

Unbiased when randomization is successful. 

Per protocol (PP) 

(Exclusion) 

Exclude patients who receive transplantation 

from the analysis. 

The effect of treatment in the group that 

completes the trial according to protocol (i.e. 

patients who do not receive transplantation). In 

other words, the effect of treatment in non-

transplanted patients. 

This effect is biased when both treatment affects 

the probability to receive transplant and 

transplantation-outcome confounders are present. 

Bias can be avoided by adjusting for 

transplantation-outcome confounders. 

Per protocol (PP) 

(Censored) 

Censor patients who receive transplantation at 

transplantation (follow-up info after 

transplantation is discarded). 

See per protocol exclusion. Difference is that we 

gain the patient-time until transplantation for 

patients receiving transplantation. This may lead 

to narrower confidence intervals. 

See per protocol exclusion. 

Accounting for transplant 

as time-dependent 

covariate 

Transplantation is added to the outcome 

model as a time-dependent covariate. 

The effect of treatment in transplanted and non-

transplanted patients. 

This effect is biased when treatment affects the 

probability to receive transplant and there are 

transplantation-outcome confounders. Bias can be 

avoided by adjusting for transplantation-outcome 

confounders. 
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1 Intention-to-treat (ITT) analysis 

In ITT analysis, patients are analyzed according to the treatment group they are allocated to. This 

analysis ignores the fact that a subgroup of patients received a renal transplantation and stopped the 

allocated treatment. We are not taking into account other forms of treatment switching (e.g. from 

HD to HDF or the other way around). Since the equal distributions of patient characteristics 

(including those also associated with the outcome) between treatment groups obtained by 

randomization remains intact, ITT analysis allows for unbiased effect estimation. The ITT estimate is 

interpreted as the effect of the treatment strategy; implying that renal transplantation during the 

follow-up period of the trial is an inherent part of the treatment strategy. In other words, results 

from the current study will not be applicable to a future population in which the proportion of 

patients receiving a renal transplantation and / or the patient characteristics of those receiving a 

transplantation (i.e. the strategies) differs from those in the current trial. ITT treatment effects are 

sometimes called pragmatic or total effects, since the ITT estimate includes the effect treatment has 

through changing the probability of receiving additional interventions (including here a renal 

transplantation) after the treatment has been initiated. 

 

2 Per protocol exclusion (PPexcl) analysis 

Similar to ITT analysis, in PP analysis patients are analyzed according to the treatment group they 

were allocated to. However, in PPexcl analysis those subjects who receive a renal transplantation are 

excluded from the analysis. The PP estimate is interpreted as the effect of treatment in the subset of 

patients that complete the trial according to protocol (here, non-transplanted patients). Patients 

receiving renal transplantation have different prognosis (e.g. these patients are on average younger) 

compared to patients who remain on treatment, therefore PP analyses are biased in case 

transplantation occurs more often in one of the treatment groups. [1, 8] However, when these 

prognostic differences (i.e., confounders of the transplantation-outcome relation) are adjusted for, 

the estimated treatment effect should be unbiased, provided no other sources of bias exist [1]. 

 

3 Per protocol censoring (PPcens) analysis 

In a PPcens analysis, patients receiving a renal transplantation are not excluded from the analysis (as in 

the PPexcl analysis), but censored (i.e considered excluded without developing the outcome) from 

time they receive the transplantation. Similar to PPexcl , PPcens analyses are biased in case 
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transplantation occurs more often in one of the treatment groups and the reasons for this are 

associated with the outcome. However, the bias is less pronounced compared with PPexcl, since 

patient-time until transplantation is still accounted for in the analysis. Again, adjustment for 

confounding leads to an unbiased effect estimate, provided no other sources of bias exist. 

 

4 Including transplantation in the outcome model, transplantation adjusted (TA) analysis 

Treatment effects obtained by ITT and PP may be of limited generalizability. Specifically, PP effects 

are only applicable to patients who do not receive transplantation, and ITT effects are only 

generalizable to populations with a comparable percentage and allocation mechanism of 

transplantation. Therefore it may be of interest to estimate the controlled direct effect of treatment, 

which is the effect of treatment (i.e., dialysis) excluding the effect treatment has through changing 

the probability of receiving a renal transplantation (either by chance or through some causal, known 

or unknown, mechanism). [9] To estimate these effects, researchers would measure the effect of a 

treatment while holding renal transplant at a fixed level [10]. 

The controlled direct effect is estimated by including transplantation in the outcome model. The 

transplanted-adjusted (TA) estimates can be interpreted as the effect of treatment among 

transplanted and non-transplanted patients. Since the effect estimates are conditional on 

transplantation, the resulting effect estimates are prone to bias (as in the PP analysis). Therefore, it is 

necessary to adjust for transplantation-outcome confounders in the outcome model. This assumes 

that information about these confounders is collected. Transplantation should be modelled as a 

time-dependent covariate in the outcome model [11,12]. 

 

Statistical analysis 

R 3.0.1 (www.r-project.org) was used to perform the statistical analyses. [13] Missing data on 

transplantation-outcome confounders were imputed using multiple imputation by chained equations 

using the R-package “mice” [14]. Ten imputed datasets were created for each study. The R-package 

“survival” was used to fit the Cox proportional hazard (PH) models. Cox PH models were applied with 

and without adjustment for covariates related to both receiving a transplantation and experiencing 

the outcome (transplantation-outcome confounders). When transplantation was included in the Cox 

proportional hazard model, it was included as a time-varying covariate in order to prevent immortal-

time bias. Immortal-time bias is the result of classifying patient-time, before onset of treatment, as 

time on treatment. Because patients have to survive until they receive the treatment of interest, the 
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misclassified time before the start of treatment is called immortal-time, and the resulting bias 

immortal-time bias. [11, 12, 15, 16] Results from the imputed datasets were combined using Rubin’s 

rule to obtain hazard ratios (HRs) and 95% confidence intervals (CI) [17], for which the function 

MIcombine from the package “mitools” was used. Log-log and Schoenfeld residual plots were 

obtained and checks for PH-assumptions were performed. 

 

RESULTS 

Baseline patient characteristics 

Baseline characteristics of patients enrolled in the ESHOL and CONTRAST studies are presented in 

Table 2.2.2. A total of 28,326 observation months from 902 patients were included in the analysis of 

the ESHOL study. The mean age of patients was 65.5 years (sd 14.3 years) and 298 (33.0%) had a 

history of cardiovascular disease. A subset of 179 (19.8%) patients received a renal transplantation 

during follow-up. Missing covariate data were most common for c-reactive protein, which had 

missing entries for 211 (23.4%) patients. The CONTRAST study consisted of 26,398 observation 

months from 714 patients. The mean age of patients was 64.1 years (sd 13.7 years) and 313 (43.8%) 

had a history of cardiovascular disease. During follow-up, 151 (21.1%) patients received a renal 

transplantation. Again, missing covariate data were most prevalent for c-reactive protein, on which 

309 (43.3%) patients had missing entries. 

As expected, in both EHSOL and CONTRAST, baseline characteristics of patients receiving 

transplantation during follow up differed from patients who did not receive a renal transplant (Table 

2.2.2). In the non-transplanted patient group of the ESHOL study, treatment groups differed with 

respect to history of cardiovascular disease (HD 38.0%, HDF 34.9%) and diabetes mellitus status (HD 

29.3%, HDF 25.4%). Among patients not receiving a renal transplantation In the CONTRAST study,  

transplantation-outcome confounders were comparable in the two treatment groups. For example,  

the prevalence of a history of cardiovascular disease  (HD 50.9% vs HDF 48.6%) and diabetes mellitus 

(25.2% HD vs 26.8% HDF) were similar. 



The importance of considering competing treatments 

57 

 

TABLE 2.2.2: Baseline characteristics of patients in CONTRAST and ESHOL. Due to the nature of MI and rounding of numbers, the separate DM categories do not sum to the 

overall DM count.  

  CONTRAST ESHOL 

 

All patients  

n=714 

Transplanted  

n=151 (21.1%) 

Non-transplanted 

n= 563 (78.9%) 

All patients 

n=902 

Transplanted 

n= 179 (19.8%) 

Non-transplanted 

n= 723 (80.2%) 

# of 

missing 

values 

Overall HD 

n=73 

HDF 

n=78 

HD 

n=283 

HDF 

n=280 

# of 

missing 

values 

Overall HD 

n=78 

HDF 

n=101 

HD 

n=368 

HDF 

n=355 

Male sex, n(%) 

0 445 

(62.3%) 

44 

(60.3%) 

44 

(56.4%) 

187 

(66.1%) 

170 

(60.7%) 

0 602 

(66.7%) 

48 

(61.5%) 

71 

(70.3%) 

237 

(64.4%) 

246 

(69.3%) 

Age, mean (sd) 

0 64.1 

(13.7) 

55.9 

(11.4) 

51.1 

(12.8) 

66.1 

(13.1) 

67.7 

(12.0) 

0 65.5  

(14.3) 

52.7  

(13.0) 

55.5  

(11.6) 

69.4  

(12.8) 

67.1  

(14.0) 

History of 

cardiovascular 

disease, n (%) 

0 313 

(43.8%) 

18 

(24.7%) 

15 

(19.2%) 

144 

(50.9%) 

136 

(48.6%) 

0 298 

(33.0%) 

14 

(18.0%) 

20 

(19.8%) 

140 

(38.0%) 

124 

(34.9%) 

Serum creatinine 

(mg/dL), mean (sd) 

3 9.74 

(2.90) 

11.15 

(2.62) 

11.12 

(2.65) 

9.63 

(2.82) 

9.09 

(2.87) 

33 8.02  

(2.38) 

8.25 

(2.32) 

8.90  

(2.43) 

7.91  

(2.39) 

7.83  

(2.33) 
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Diabetes mellitus, n 

(%) 

25 177 

(24.8%) 

12 

(16.2%) 

19 

(24.4%) 

71 

(25.2%) 

75 

(26.8%) 

0 226 

(25.0%) 

13 

(16.7%) 

14 

(13.9%) 

108 

(29.3%) 

90 

(25.4%) 

Hemoglobin (g/dL), 

mean (sd) 

1 11.8 

(1.25) 

11.8 

(0.99) 

12  

(1.26) 

11.7 

(1.22) 

11.8 

(1.34) 

2 12.0  

(1.43) 

12.1  

(1.28) 

12.4  

(1.37) 

11.9  

(1.44) 

11.9  

(1.46) 

Albumin (g/dL), 

mean (sd) 

9 4.04 

(0.39) 

4.17 

(0.43) 

4.10 

(0.29) 

4.03 

(0.38) 

4.00 

(0.40) 

24 4.09 

(0.43) 

4.20  

(0.44) 

4.21  

(0.43) 

4.03  

(0.44) 

4.08  

(0.42) 

Body surface area 

(m2), mean (sd) 

0 1.85 

(0.21) 

1.87 

(0.20) 

1.83 

(0.21) 

1.87 

(0.20) 

1.84 

(0.23) 

1 1.73  

(0.19) 

1.73  

(0.18) 

1.76  

(0.18) 

1.72  

(0.19) 

1.74  

(0.19) 

Log(months on 

dialysis), mean (sd) 

0 3.22 

(0.87) 

3.42 

(0.83) 

3.12 

(0.81) 

3.22 

(0.88) 

3.20 

(0.88) 

3 3.32  

(1.14) 

3.01  

(1.00) 

3.22  

(1.18) 

3.38  

(1.17) 

3.36  

(1.12) 

Log(c-reactive 

protein), mean (sd) 

309 1.70 

(1.06) 

1.52 

(1.02) 

1.43 

(1.03) 

1.71 

(1.05) 

1.82 

(1.12) 

211 2.09  

(0.92) 

1.86  

(0.93) 

1.92  

(0.91) 

2.13  

(0.90) 

2.14  

(0.96) 
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The effect of HDF vs. HD treatment on all-cause mortality 

Table 2.2.3 shows the effect of HDF treatment against HD treatment on all-cause mortality, when 

applying different analytical methods in the two  studies. In ESHOL, the effect of HDF vs HD 

treatment was estimated to be HR 0.76 (95%CI 0.59-0.97) and HR 0.79 (95%CI 0.62-1.02) for the 

unadjusted ITT and adjusted ITT analysis, respectively. In CONTRAST, the effect of HDF vs HD 

treatment was estimated to be HR 0.95 (95%CI 0.75-1.20) and HR 0.89 (95%CI 0.7-1.14) for the 

unadjusted ITT and adjusted ITT analysis, respectively. 

Unadjusted PP analysis of the ESHOL study resulted in HRs of 0.73 (95% CI 0.56-0.94) and 0.74 (95%CI 

0.58-0.96) for censoring (PPcens) and exclusion (PPexcl) respectively. Adjustment for transplantation-

outcome confounders changed the protective effect of HDF to HRs 0.75 (95%CI 0.58-0.97) and 0.76 

(95%CI 0.59-0.98) in ESHOL. In the CONTRAST study, the unadjusted PP analyses resulted in a HR of 

0.88 (95%CI 0.69-1.13) and 0.90 (95%CI 0.70-1.16) for PPcensand PPexcl, respectively. In CONTRAST, 

adjustment for transplantation-outcome confounders increased the protective effect of HDF to HRs 

of respectively 0.80 (95%CI 0.62-1.04) and 0.80 (95%CI 0.62-1.03). 

In ESHOL, transplantation adjusted (TA) analysis resulted in an unadjusted HR of 0.77 (95%CI 0.60-

0.99). Adjustment for transplantation-outcome confounders leads to a HR of 0.80 (95%CI 0.62-1.02). 

In the CONTRAST study resulted in HR 0.95 (95%CI 0.75,1.21) and  HR 0.89 (95%CI 0.69-1.13) for the 

unadjusted and adjusted TA analysis, respectively. 
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TABLE 2.2.3: Estimates of the hazard ratio (HR) of HDF against HD for all-cause mortality for different methods in ESHOL and CONTRAST 

 ESHOL CONTRAST 

Method HR (95% CI) 

 HR (95% CI) adjusted 

for transplantation-

outcome confounders  

HR (95% CI) 

 HR (95% CI) adjusted for 

transplantation-outcome 

confounders  

Intention to treat (ITT) 0.76 (0.59, 0.97) 0.79 (0.62, 1.02)  0.95 (0.75, 1.20)§CONTRAST  0.89 (0.70, 1.14) 

Per protocol (PP) (Censored) 0.73 (0.56, 0.94)§ESHOL 0.75 (0.58, 0.97)  0.88 (0.69, 1.13)  0.80 (0.62, 1.04) 

Per protocol (PP) (Exclusion) 0.74 (0.58, 0.96) 0.76 (0.59, 0.98)  0.90 (0.70, 1.16)  0.80 (0.62, 1.03) 

Accounting for transplant as a  time-

dependent covariate 
0.77 (0.6, 0.99) 
0.27 (0.15, 0.5)† 

0.80 (0.62, 1.02) 
0.56 (0.30, 1.06)† 

 0.95 (0.75, 1.21) 
 0.38 (0.24, 0.59)† 

 0.89 (0.69, 1.13) 
 0.71 (0.44, 1.14)† 

† HR transplantation, § original ESHOL and CONTRAST analysis, For ESHOL: The ESHOL dataset was completed by adding follow-up data on all-cause mortality for those 

patients who had discontinued randomized treatment (received a renal transplant) and were considered alive in the previously published analyses. In the current analysis 4 

subjects were excluded due to missing data)
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DISCUSSION 

This study assessed whether differences in published effect estimates observed between two RCTs 

(ESHOL and CONTRAST) investigating the effect of HDF versus HD on mortality in end-stage renal 

disease were due to the fact that these RCTs applied different methods of analyzing the occurrence 

of renal transplantation during the trial. Indeed, the effects in the two studies differed less when the 

same analysis was performed; especially adjustment for transplantation-outcome confounders led to 

more similar effect estimates between ESHOL and CONTRAST studies. This indicates that differences 

in applied analytical methods explain part of the differences in effects observed between the ESHOL 

and CONTRAST trials. Our analyses show that HDF reduces mortality by approximately 10-20% 

compared to HD, albeit that in the transplantation adjusted analysis the confidence interval for this 

effect included 1 indicating that this effect was not statistically significant. 

Apart from the method of analysis, varying results from RCTs in end stage renal patients may be 

explained by other factors, such as differences in patient characteristics, random sampling variability, 

variation between practices, and the dosage of the delivered intervention. Future trials should 

include these potential confounding variables, including also  “suitability for transplantation” and 

“registration on transplant waiting list”. Furthermore, aspects of treatment such as time on 

exposure, convection dose and total ultra-filtered volume may also have an impact. In the current 

analysis , only confounders (patient characteristics) that were measured at baseline were considered. 

Adjustment for baseline patient characteristics ignores the fact that patient characteristics, including 

confounders, may change over time. When treatment affects future patient characteristics and these 

(intermediate) patient characteristics increase the probability of transplantation, analysis adjusting 

for baseline patient characteristics only may be biased. Therefore, future RCTs in end stage renal 

patients could benefit by measuring patient characteristics, notably potential confounders, over 

time. Standard methods to adjust for time-varying patient characteristics affected by prior treatment 

do not suffice [7,18]. In that case, advanced methods, such as inverse probability of treatment 

weighting (IPTW), G-computation and G-estimation should be used to obtain unbiased effect 

estimates. 

One of the strengths of our study is that by using the original individual patient data we were able to 

compare different methods of analysis in the same data, such that differences in results obtained are 

likely due to the method applied. Different analytical methods to deal with renal transplantation 

during the follow-up resulted in differences between effect estimates. Between CONTRAST and 

ESHOL, estimated HRs of HDF versus HD treatment became more similar after adjustment for 

transplantation-outcome confounders. Of the four methods considered, TA analysis appears to be 
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the preferred method of analysis. Here, we shall provide a hypothetical example to illustrate when 

estimation of treatment effects using TA analysis may be preferred to ITT analysis. Imagine that the 

only effect of HDF treatment is through increasing the probability of transplantation; the latter being 

highly effective in reducing mortality (i.e. there is no direct effect of HDF on mortality). In this case 

the ITT effect would indicate a beneficial treatment effect, in contrast to the fact that there is no 

direct effect of HDF treatment, which would be correctly estimated by TA. In this case and when 

there is limited availability of renal donors in the population, complete implementation of HDF 

treatment based on the beneficial ITT effect will not provide any benefit in real life. This example 

illustrates the benefit of estimating causal direct effects of HDF treatment using TA compared to 

estimating “pragmatic” or total treatment effects using ITT. Furthermore, using the causal estimates 

obtained using TA, we can calculate the effect of interventions for specific future scenarios (for 

example an increased availability of transplantations). Additionally, if we were be able to separate 

patients into two groups: one group very unlikely to ever receive a transplantation, and another for 

very likely to be transplanted, one could consider to apply HDF treatment in the patients for whom 

we are certain that they will never receive a transplantation, and to apply HD treatment in the 

patients for whom transplantation is likely. 

In conclusion, application of the same method of analysis resulted in similar effect estimates in the 

ESHOL and CONTRAST trials. Furthermore, adjustment for transplantation-outcome confounders 

leads to more similar effect estimates between ESHOL and CONTRAST studies and indicates that HDF 

reduces mortality compared to HD. 
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Chapter 2.3  
 

Left-truncation results in substantial bias of the relation between time-

dependent exposures and adverse events  
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ABSTRACT 

Purpose:  To assess the impact of random left-truncation of data on the estimation of time-

dependent exposure effects.  

Methods:  A simulation study was conducted in which the relation between exposure and 

outcome was based on an immediate exposure effect, a first-time exposure effect, or 

a cumulative exposure effect. The individual probability of truncation , the moment 

of truncation, the exposure rate, and the incidence rate of the outcome were varied 

in different simulations. All observations prior to the moment of left-truncation were 

omitted from the analysis. 

Results:  Random left-truncation did not bias estimates of immediate exposure effects, but 

resulted in an overestimation of a cumulative exposure effect and underestimation of 

a first-time exposure effect. The magnitude of bias in estimation of cumulative 

exposure effects depends on a combination of exposure rate, probability of 

truncation and proportion of follow-up time left-truncated.  

Conclusion:  In case of a cumulative or first-time exposure, left-truncation can result in substantial 

bias in pharmacoepidemiologic studies. The potential for this bias likely differs 

between databases, which may lead to heterogeneity in estimated exposure effects 

between studies. 
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INTRODUCTION 

The first-choice study design to assess the intended effects of medical treatments is the randomized 

controlled trial. However, in case of rare outcomes or adverse events a randomized trial may be 

unfeasible. Therefore, studies on adverse events are often based on observational data. An 

important potential limitation of observational studies is that the moment of initiation of treatment 

may not be known accurately. One of the reason for this is that to study rare adverse events, 

researchers often use routinely collected healthcare data.  

 

The time period covered by healthcare registry databases is typically not the entire life span. For 

example, claims databases sometimes have substantive changes in membership over time, as e.g. 

employers may regularly change the insurer for their employees or as eligibility for the insurance 

changes over time. In databases containing delayed entry times left-truncation may occur. Left-

truncation occurs when it cannot be accurately determined whether exposure and/or events have 

occurred prior to study entry  [1]. 

 

Left-truncation of data can bias the results of studies [2-4], particularly if the effect of exposure is not 

constant over time [5-7]. However, there are only few examples that quantify this problem [2, 3, 8, 

9]. We aimed to illustrate in which situations left-truncation of data may bias exposure effects and to 

quantify this bias using simulations. 

 

BIAS OF EXPOSURE EFFECTS DUE TO LEFT-TRUNCATION 

The term left-truncation of data applies to situations in which subject information prior to cohort 

enrolment is unobserved. Obviously, because data are unobserved, they cannot be included for 

analysis, which may bias estimates of exposure effects, if the risk of the outcome is not constant and 

exposure changes over time [5, 6]. We distinguish three temporal relations between exposure and 

the risk of an adverse event: 1.) an immediate (i.e., on/off) exposure effect; 2.) a cumulative 

exposure effect; and 3.) a first-time exposure effect. These effects are illustrated in Figure 2.3.1.  

 

An example of an exposure with an immediate effect is benzodiazepine use and the risk of a hip 

fracture (due to falling as a result of dizziness): the effect of exposure is acute and transient (on/off 

effect). In that case, the relation between exposure and outcome is constant over time and left-

truncation of data will likely not result in a bias of the exposure effect.  
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Figure 2.3.1: Examples of an immediate exposure effect, a cumulative exposure effect, and a first-time 

exposure effect.  

 

 

In case of a first-time exposure effect, the risk of an adverse event is increased already the first time 

a subject is exposed. If an adverse event occurs, it’s unlikely that the drug is ever used thereafter. For 

example, an allergic reaction to antibiotic exposure typically develops within hours of the first or 

second use of the antibiotic, which is then probably not used anymore afterwards. In case of left-

truncation of data, some of the first-time exposures may be unobserved. Hence, the first exposure 

that is observed during follow-up (but not necessarily the first exposure in life) may be incorrectly 

classified as being the first exposure. Since subjects who experienced an adverse event upon actual 

first exposure will likely refrain from subsequent use, subjects who tolerate the drug are 
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overrepresented among those for whom a ‘first exposure’ is observed during follow-up. Hence, the 

event rate among ‘first exposed’ is underestimated and consequently the first-time exposure effect 

as well. This effect has also been coined as ‘depletion of susceptibles’ and was evaluated  previously 

in an example of non-steroidal anti-inflammatory drug (NSAID) use and upper gastrointestinal 

bleeding [8]. 

 

A positive cumulative exposure effect means that the risk of an event increases with increasing 

cumulative exposure. For example, the risk of pancytopenia with methotrexate use increases with 

cumulative use. In case of left-truncation of data, the observed cumulative exposure may be lower 

than the actual cumulative exposure, because part of the exposure is not observed. Such 

misclassification of cumulative exposure will then result in an overestimation of the relation between 

cumulative exposure and the risk of an adverse event.  

 

The impact of left-truncation in studies of cumulative or first-time exposure effects may be limited by 

restricting the study population to new-users only [5-7]. However, often classification of new-users is 

based on the available data that are possibly left-truncated. To overcome this problem researchers 

may define an inception cohort, which consists of a selection of patients at risk for developing a 

specific clinical outcome. Often a run-in period of non-use is defined, after which users are 

considered new-users [10, 11]. 

 

The duration of the run-in period can have a large impact. For example, Gardarsdottir et al. showed 

that the length of the drug-free interval prior to enrolment in an inception cohort can substantially 

influence the characteristics of the inception cohort [9], and thus the observed relation between 

exposure and adverse events. Thus, when conducting epidemiologic research using routinely 

collected healthcare data that is subject to left-truncation, constructing a cohort of new-users to 

overcome bias due to left-truncation may not always be straightforward. It is therefore important to 

understand to what extent left-truncation may bias estimates of exposure effects.  

 

METHODS 

We used simulations to quantify the impact of left-truncation of data on time-dependent exposures. 

In contrast to studies using empirical data, simulation studies allow investigators to change 

parameters of interest (e.g., proportion truncation, proportion of subjects truncated, proportion of 



Chapter 2.3 

70 

 

exposed subjects) in a systematic and controlled way, which allows them to evaluate their impact on 

bias of estimates of the exposure effect.  

 

Simulation setup 

Datasets with a sample size of 1,000 subjects were simulated, containing information on exposure 

and outcome for ten time intervals per subject. These intervals were independent of each other and 

of the same length (1 unit of time). Data generation started with sampling the individual probability 

of exposure for each subject from a uniform distribution. This exposure probability was considered to 

be constant over time within subjects (notably past exposure status did not affect future probability 

of exposure), except in scenario 2 (see below). For each time interval, binary exposure status was 

sampled from a Bernoulli distribution, with the probability of success based on the individual 

exposure probability. Individual exposure probability was generated in such a way that 

approximately 20% of subjects were exposed in each time interval. 

 

The binary outcome was simulated based on exposure status, using a log-linear outcome model:  

log(P(Y | X)) = α + βX, 

 

where X indicates exposure status. The default setting for the parameter α was -2.30, corresponding 

to an incidence rate among the unexposed of 0.1 per unit time. The parameter β indicates the effect 

of exposure on the outcome. The relation between exposure and outcome was considered to be an 

immediate exposure effect, a cumulative exposure effect, or a first-time exposure effect. In 

simulations of cumulative exposure effects, the cumulative exposure within an individual was 

calculated at each time interval. In simulations of first-time exposure effects, only the first exposure 

was considered for the outcome model. In this scenario, subjects who experienced an adverse event 

the first time they used the drug, were considered not to use the drug after this first adverse event. 

The binary outcome was generated by sampling from a Bernoulli distribution with subject-specific 

probabilities of the outcome: π =P(Y|X).  

 

To assess the impact of left-truncation of the data, we adopted different scenarios and parameter 

settings (Table 2.3.1). When one of the parameters was varied, the other two were set to default 

values. All observations prior to the moment of left-truncation were omitted from the analysis (i.e., 

they were considered unobserved). No information is available for subjects before entry into the 

study (left-truncation time), these subjects are considered non-existent in the outcome regression.  
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Table 2.3.1: Scenarios and parameters of the simulation study. 

 

 

 

 

 

 

 

 

Parameters Default
#
 Values 

Exposure effect 

- immediate exposure effect (RR) 

- cumulative exposure effect
†
 (RR) 

- first-time exposure effect (RR) 

  

1.5; 2.0 

1.1; 1.2 

3.0; 5.0 

Moment of truncation  

(proportion of follow-up time) 

0.5 0.1 – 0.9; steps of 0.1 

Average probability of truncation 1  0 – 1; steps of 0.1 

Exposure rate 0.2 0.05 – 0.45; steps of 0.05 

† Increase in risk per unit time exposure 

# The default setting was applied in all simulations, unless indicated otherwise 

 

 

For each parameter we considered three scenario’s. First, the standard scenario with random left 

truncation. Second, an extension of the standard scenario (again, with random left truncation), 

where the subjects probability to receive exposure increases by 30% once the subject is exposed for 

the first time and subjects are removed from the analysis after they experience their first event. In 

the third scenario left truncation is proportional to the individual probability to receive treatment. 

Scenario Characteristics 

Scenario 1 Standard scenario (Random truncation) 

Scenario 2 Random truncation 

After first exposure, probability of exposure increases by 30%.  

No repeated events. 

Scenario 3 Truncation dependent on probability of exposure 

Scenario 4 Average probability of truncation is set to 0.75 
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The fourth scenario contains all of the above scenario’s, although the default value for average 

probability of truncation is set at 75%.  

 

Analysis 

Within each simulated dataset, the effect of the exposure on the outcome was estimated using 

Poisson regression (a generalized linear model with a log-link and a Poisson distribution).  When the 

outcome is binary, the exponentiated coefficients from the Poisson regression model are risk-ratio’s 

instead of incidence-rate ratio’s [12-14]. Each unit of observation time contributed a record to the 

data. Clustering of observations within an individual was not accounted for in the analysis. Separate 

analyses in which clustering of observations was accounted for by means of a random effects Poisson 

model (with random exposure effects per individual) indeed yielded identical results as analyses in 

which clustering was ignored (data not shown).  

 

For the different exposure effects, exposure was included differently in the analytical model. In case 

of a first-time exposure effect, only the first exposure during the observed time window was included 

in the analysis as ´exposed´. All other exposure time intervals were included as ´unexposed´. When 

estimating a cumulative exposure effect, the cumulative exposure during the observed time window 

(calculated as the sum of the number of exposures to this time window) was included in the model as 

a continuous variable.  

Within each scenario, results from the simulations were pooled by averaging the estimated exposure 

effects (log(risk ratio)) over 1000 simulation runs for every parameter. Bias was defined as the 

difference between the average of the estimates of the log(risk ratio) and the ‘true’ log(risk ratio). 

Confidence intervals around the mean of the estimated log(risk ratio) were constructed based on the 

standard error of the mean (i.e., standard deviation of the distribution of exposure effect estimates, 

divided by the square root of the number of simulations).  All simulations and analyses were 

performed in R for windows, version 2.13.1 [15]. 
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RESULTS 

In simulations of an immediate (on/off) exposure effect, random left-truncation did not result in bias 

of the association between exposure and the risk of an adverse event, irrespective of the amount of 

time prior to cohort enrolment that was truncated (data not shown). Similarly, no bias was observed 

when the proportion of patients with left-truncation was varied, as well as when the exposure rate 

was varied.  

 

Figure 2.3.2 shows the impact of left-truncation in a study of first-time exposure effects. Random 

left-truncation (scenario 1) resulted in an underestimation of the first-time exposure effect. The 

magnitude of the bias increases with the amount of data being left-truncated for each subject (Figure 

2.3.2, top-left), the proportion of subjects who are truncated (Figure 2.3.2, middle-left), and the 

exposure rate (Figure 2.3.2, bottom-left). Bias increased in scenario 2 compared to scenario 1, 

particularly at higher proportions (0.8 - 1) of subjects truncated, and for lower proportions of 

exposed subjects. This can be explained by a higher probability of first-exposure misclassification in 

the second scenario. A similar pattern is observed for scenario 3.  

 

Random left-truncation (scenario 1) resulted in overestimation of the cumulative exposure effect 

(Figure 2.3.3). The magnitude of bias in the cumulative exposure effect depends on the proportion of 

subjects for whom data were left-truncated (Figure 2.3.3, middle-left). Compared to the first 

scenario, in the second scenario (Figure 2.3.3, middle) the magnitude of bias is increased at low 

proportions of exposed subjects (0.05 – 0.25). The explanation for this difference is increased 

cumulative exposure underestimation when the probability to receive subsequent exposures 

increases after first exposure. The effect for cumulative exposure in the third scenario (non-random 

truncation) (Figure 2.3.3, right) is more biased at intermediate (0.5-0.9) proportions of subjects 

truncated compared to the first scenario. This is explained by increased probability of cumulative 

exposure underestimation, since truncation is related to probability to receive exposure. 

 

Figure 2.3.4 shows the impact of left-truncation in a study of cumulative exposure effects, where the 

left-truncation occurs in 75% of the subjects (scenario 4). Cumulative exposure is overestimated for 

intermediate (0.2 - 0.5) proportions of follow-up truncated, and cumulative exposure is 

underestimated for high (0.6 – 0.8) proportions of follow-up truncated (figure 2.3.4, top-left). At high 
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proportions of follow-up truncated individuals whose follow-up time is left-truncated have lower 

observed values of cumulative exposure and higher a probability of experiencing the outcome 

relative to the non-truncated individuals. Since the risk of an event is high at low values of observed 

exposure, the intercept for the Poisson model is overestimated and consequently the effect of 

cumulative exposure is underestimated. 

 

 

Figure 2.3.2 The impact of left-truncation on the estimated first-time exposure effect.  

Unless indicated otherwise, for all panels the proportion of truncated follow-up time was 50%, the individual probability of truncation was 

100%, the exposure rate was 0.2 per unit time, and the incidence rate of the outcome was 0.1 per unit time, in scenarios with a true 

(unbiased) first-time exposure effect of RR 2.0 (black) or RR 3.0 (grey). The first row of plots show the impact of different proportions of 

truncated follow-up time. The plots on the second row show the effect of a change in the proportion of subjects whose follow-up time is 

truncated. The bottom plots show the impact of different exposure rates. Dashed lines indicate the true (unbiased) exposure effect in case 

of no truncation. Scenario 1: standard scenario (random truncation). Scenario 2: extension of the standard scenario (random left 
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truncation) where the subjects probability to receive exposure increases (by 30%) after the first time subject is exposed and subjects are 

removed from the analysis after they experience the outcome (no repeated events). Scenario 3 non-random left truncation, where 

truncation is dependent on the probability of exposure. 

 

 

Figure 2.3.3 The impact of left-truncation on the estimated cumulative exposure effect. 

Unless indicated otherwise, for all panels the proportion of truncated follow-up time was 50%, the individual probability of truncation was 

100%, the exposure rate was 0.2 per unit time, and the incidence rate of the outcome was 0.1 per unit time, in scenarios with a true 

(unbiased) cumulative exposure effect of RR 1.1 (black) or RR 1.2 (grey). The first row of plots show the impact of different proportions of 

truncated follow-up time. The plots on the second row show the effect of a change in the proportion of subjects whose follow-up time is 

truncated. The bottom plots show the impact of different exposure rates. Dashed lines indicate the true (unbiased) exposure effect in case 

of no truncation. Scenario 1: standard scenario (random truncation). Scenario 2: extension of the standard scenario (random left 

truncation) where the subjects probability to receive exposure increases (by 30%) after the first time subject is exposed and subjects are 

removed from the analysis after they experience the outcome (no repeated events). Scenario 3 non-random left truncation, where 

truncation is dependent on the probability of exposure. 
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Figure 2.3.4 The impact of left-truncation on the estimated cumulative exposure effect. 

Unless indicated otherwise, for all panels the proportion of truncated follow-up time was 50%, the individual probability of truncation was 

75%, the exposure rate was 0.2 per unit time, and the incidence rate of the outcome was 0.1 per unit time, in scenarios with a true 

(unbiased) cumulative exposure effect of RR 1.1 (black) or RR 1.2 (grey). The first row of plots show the impact of different proportions of 

truncated follow-up time. The plots on the second row show the effect of a change in the proportion of subjects whose follow-up time is 

truncated. The bottom plots show the impact of different exposure rates. Dashed lines indicate the true (unbiased) exposure effect in case 

of no truncation. Scenario 1: standard scenario (random truncation). Scenario 2: extension of the standard scenario (random left 

truncation) where the subjects probability to receive exposure increases (by 30%) after the first time subject is exposed and subjects are 

removed from the analysis after they experience the outcome (no repeated events). Scenario 3 non-random left truncation, where 

truncation is dependent on the probability of exposure. 
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DISCUSSION 

Random left-truncation can result in substantial bias in pharmacoepidemiologic studies of adverse 

events. According to theory, random left-truncation may lead to an overestimation of a cumulative 

exposure effect and underestimation of a first-time exposure effect. In this simulation both 

overestimation and underestimation of the cumulative exposure effect were observed. Our 

simulation study indicates that the bias in the estimated exposure effect due to left-truncation can 

be substantive. There were only minor differences in magnitude of bias between the different 

scenario’s considered (repeated events vs no repeated events; future exposure probability unrelated 

to prior exposure vs future exposure probability dependent on prior exposure; and random 

truncation vs truncation related to probability of exposure). 

 

The bias of exposure effect estimates that was observed in our simulations is the result of 

misclassification of the exposure. This misclassification should not be confused with the 

misclassification that results in immortal-time bias [12]. In case of immortal time bias prior 

unexposed time is misclassified as exposed time, however true exposure status is known and should 

be treated correctly as time-dependent in the analysis [17]. In the current manuscript we discuss left-

truncation, in case of left-truncation information on exposure and or events study/database entry is 

unavailable. 

 

In pharmacoepidemiologic studies the effects of drug are often assessed by comparing periods of use 

with periods of no use. This is a valid analysis in case the drug effect is immediate (i.e., on/off, acute 

and transient). In that case random left-truncation will not bias exposure effect estimates, 

irrespective of whether the study includes incident or prevalent users and whether exposure is time-

dependent or not. In studies of cumulative exposure effects, however, left-truncation may result in a 

substantial bias of the exposure effect. The reason for this is that the observed cumulative exposure 

at the moment of an event underestimates the actual cumulative exposure and consequently the 

relation between cumulative exposure and the risk of an adverse event is overestimated. In studies 

of a first-time exposure effect, left-truncation may result in a selective misclassification of first-time 

exposure (subsequent exposure may be incorrectly classified as being first-time exposure), which 

leads to underestimation of the exposure effect. 
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The impact of left-truncation in studies of cumulative or first-time exposure effects may be limited by 

excluding prevalent users (i.e., analysis of an inception cohort). Inception cohorts are therefore 

frequently used in pharmacoepidemiologic research. The results of our simulation study underline 

the importance of this design in studies of cumulative or first-time exposure effects.  

 

Left truncation time may be assumed as time since cohort start, or a proxy for left-truncation time 

such as age minus typical age of entry into the database may be used. When left-truncation is non-

random, the analysis could take this late entry bias into account  by addition of left-truncation time 

as a covariate [18]. However, this doesn’t remedy the misclassification of exposure. Inverse 

probability of censoring weighting (IPCW), a method to account for informative right-censoring, 

could potentially be applied to left-truncation [14]. However, this method is not fully studied in the 

context of informative left-truncation. Additionally the left-truncation time may be considered a 

missing data problem on which imputation may be performed [20]. Future research concerning these 

methods would benefit by using an extended survival model [17]. 

 

Several possible limitations of our simulations require attention. In all simulations, the maximum 

number of time intervals per subjects was ten, and all time intervals were of the same duration (1 

unit of time). Simulations in which the number of time intervals differs between subjects or the 

duration of those intervals differs, can be considered more realistic, yet yield the same patterns of 

bias. In addition, we did not consider right truncation (i.e., no information available after a certain 

moment in time), because this type of truncation is much better known and will probably have a 

similar impact on the exposure effects that we evaluated in this study. Additionally, misclassification 

of time-dependent exposure leads to non-constant hazards [21]. This is a problem when Cox 

regression is used to analyze the time to an event. Here we did not explore this alternative outcome 

model, since when the hazard is constant (as in our simulation) Cox regression has no added value 

above estimating the risk ratio using a Poisson model (i.e. Cox regression takes into account the time 

at which a subject enters the database, however this doesn’t change the consequent 

misclassification of first time exposure/ underestimation of cumulative exposure). Furthermore, we 

did not include duration, dosage and sensitivity time-window in the simulation of cumulative 

exposure. Finally, we did not consider confounding in our simulations. Whether confounding is likely 

to be present in observational pharmacoepidemiologic studies depends on the type of adverse event 

that is studied (i.e., unlikely to be present in studies of unexpected, type B, adverse events) [22]. 

Apart from that, inducing confounding would add to the complexity of our simulations and not 

necessarily provide more information on the impact of left-truncation (with or without confounding 

being present). When baseline or time-dependent confounders have an immediate effect on the 
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outcome, adjustment for these characteristics in the analysis will remove confounding bias. 

However, adjustment for confounders that exert a cumulative effect and are similarly misclassified as 

is the cumulative exposure in our simulation, faces issues comparable to that of left-truncation bias. 

Adjustment for these confounders may not remove confounding bias. Note that typical adjustment 

for time-dependent confounders affected by prior exposure will not result in an unbiased effect 

estimate [6].  

 

When comparing results from studies based on the information from different databases, differences 

in left-truncation should be considered as one of the possible reasons for an observed heterogeneity 

in exposure effects between studies. For example, the population for whom information is available 

in a claims database may change quickly over time and is thus prone to left-truncation. In contrast, 

databases containing electronic health records (e.g., electronic files of family physicians) typically 

have information over longer periods of time and are thus less sensitive to bias due to left-

truncation. Obviously, with periods of collection of data on exposure that cover a greater proportion 

of the life course, the misclassification in exposure status will become smaller,
1
 resulting in less 

impact of left-truncation on the estimated exposure effects and hence less heterogeneity in results 

from studies conducted in different databases.  

 

In conclusion, left-truncation may result in substantial bias in pharmacoepidemiologic studies of 

adverse events. The potential for this bias likely differs between databases, which may lead to 

heterogeneity in estimated exposure effects between studies. Researchers should consider the 

potential for this bias, when evaluating and interpreting the results of pharmacoepidemiologic 

studies. Additionally, these results may be of interest to researchers in other areas of research, i.e. 

reproduction and nutritional intake. 
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 Modeling continuous exposures in inverse probability weighting estimation 

of marginal structural models: an application 
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ABSTRACT  

Background: Marginal structural models (MSMs) are  used to estimate causal exposure effects in 

observational studies where time-dependent confounders are affected by previous 

exposure.  

Methods: This study aims to compare different inverse probability weighting (IPW) models for 

continuous exposures in an empirical study relating benzodiazepine exposure to the 

risk of delirium in a cohort of 1028 critically ill adults. The effect of benzodiazepine 

exposure was estimated using a multinomial model (outcome states: awake, coma, 

delirium, and death/discharge). Covariate adjustment (7 time-fixed and 10 time-

varying confounders) was compared to MSM with normal, gamma, quantile binning 

(dividing exposure into a number of categories) or zero-inflated Poisson (a 

distributional form characterized by zero inflation and right skewness) IPW models 

for benzodiazepine exposure as a continuous exposure. Confidence intervals (CI) 

were obtained through bootstrapping. The trade-off between reducing confounding 

bias and increasing bias and variance due to non-positivity was explored by fitting 

weighted exposure models using previously obtained inverse probability weights at 

different levels of truncation.  

Results: After covariate adjustment, the odds ratio (OR) for delirium was 1.060 (95% CI 1.033; 

1.087) per 10 milligram (mg) of benzodiazepine administered. MSM estimates based 

on normal, gamma, quantile binning and zero-inflated Poisson IPW models were 

similar. For example MSM estimates from the normal weight model ranged from OR 

0.978 (95%CI 0.865; 1.086) for untruncated weights to OR 1.055 (95%CI 1.026; 1.088) 

for weights truncated at the 5
th

 and 95
th

 percentiles. The normal exposure model 

(before weighting) had a R
2
 of 0.51, while re-fitting this exposure model with 

untruncated weights resulted in an increased R
2
 of 0.54. Re-fitting the normal model 

with weights at different levels of truncation resulted in a minimum imbalance at 4% 

truncation (R
2
=0.124). 

Conclusion: Different methods for obtaining inverse probability weights for continuous exposures 

yielded similar exposure-outcome effect estimates. However, these results should be 

interpreted cautiously since large untruncated weights,  and remaining imbalance 

after truncation, suggest that non-positivity (possibly with respect to a combination 

of confounders) may invalidate estimates. 
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INTRODUCTION 

The validity of observational comparative effectiveness and safety research is potentially hampered 

by confounding.[1-4] Standard methods to control for confounding include regression adjustment, 

adjustment for the propensity score and propensity score matching. In clinical settings where time-

dependent confounders are often affected by previous exposure to a drug (medication) of interest, 

standard methods to control for confounding do not suffice.[5] Three different methods for 

estimating the exposure effects in these situations have been proposed: g-computation, g-estimation 

of structural nested models, and inverse probability of treatment (exposure) weighting of marginal 

structural models (MSMs).[6] Of these,  inverse probability weighting (IPW) of MSMs is most 

commonly used given that it is relatively easy to implement using existing statistical packages.[22] 

Under the assumptions of well-defined interventions (exposures), positivity and (conditional) 

exchangeability, weighting by correctly estimated IPWs will lead to an asymptotically unbiased 

estimator for the average causal exposure effect in the population.[8] 

 

The application of MSMs is generally limited to research settings with binary exposures.[7] In the 

case of continuous exposures, the IPW model needs to identify a correct distributional form for the 

exposure, deal with possible non-constant exposure variance (i.e. heteroscedasticity) and possible 

outliers.[9] Applications have been described for a normally distributed exposure.[10] Recent 

advances in methods to construct inverse probability weights using a normal distribution, a gamma 

distribution and a quantile binning approach (dividing exposure into a number of categories and 

consequently model these categories using a multinomial model) have been demonstrated using 

simulations.[9] Here, we apply normal, gamma, zero-inflated Poisson and quantile binning (QB) 

exposure models in an empirical example in which the exposure distribution is highly skewed. 

Specifically, we apply these methods to estimate the effect of benzodiazepine exposure on the risk of 

delirium occurrence in a large cohort of critically ill adults admitted to the intensive care unit (ICU). 

Although benzodiazepine medications are commonly used on the ICU to promote patient comfort 

and safety, their use has been associated with delirium.[11] 

 

METHODS 

Data, design and study population 

In this observational cohort study, consecutive adult patients admitted for at least 24 hours to the 

32-bed mixed-ICU at University Medical Center Utrecht (Utrecht, Netherlands) between January 

2011 and June 2013 were eligible. Only patients admitted with a condition precluding the ability to 

evaluate delirium (e.g., an acute neurological disease) were excluded. All clinical and drug exposure 
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data were prospectively collected as part of a large ongoing cohort study, the details of which have 

been previously described [12]. For the current study, patients entered the cohort two days after ICU 

admission.  

 

Exposure, outcome and confounder assessment 

Benzodiazepine exposure on a particular ICU day was extracted from the electronic patient record. 

All daily benzodiazepine exposure was converted to midazolam equivalents using standard 

conversions and  oral/enteral doses were decreased by 50% compared to intravenous administration 

given the reduced bioavailability by this route.  Each day, the presence of delirium was assessed by a 

study investigator, using a previously described multi-step algorithm [13] and patients were classified 

as i) not delirious, ii) delirious; or iii) unable to assess. The patient’s mental status was categorized as 

follows: “awake not delirious” (awake), “delirious” and “comatose”. The primary outcome of interest 

was patients’ transition from an awake, non-delirious state to a delirious state.  Potential 

confounders affecting the relationship between benzodiazepine exposure and delirium, were chosen 

a priori based on the results of a recent ICU delirium risk factor systematic review. [14] [15] In 

particular, variables known to influence daily delirium transition (e.g, sedative and opioid drug 

exposure in the prior 24 hrs) were included. [16, 17] A total of 7 potential confounders at the time of 

ICU admission (i.e. baseline confounders) were included; age, severity of illness (Acute Physiology 

and Chronic Health Evaluation IV Score),
 
[18] the Charlson Comorbidity Index , [19] body mass index 

(BMI), the admission category (i.e. medical, surgical or trauma), whether the ICU admission was 

planned (versus an emergency), and whether a history of psychoactive medication use at the time of 

ICU admission was present. A total of 10 potential time-varying confounders were considered: daily 

severity of illness (using the modified Sequential Organ Failure Assessment without central nervous 

system component), use of mechanical ventilation, presence of severe sepsis or septic shock and the 

use of an opioid, an alpha-1-agonist (clonidine or dexmedetomidine) and/or propofol in the previous 

24 hours.
 
[20-23]  Time-varying confounders were measured daily and are possibly affected by prior 

benzodiazepine exposure (Figure 3.1.1). Table A1 in the appendix provides details on these potential 

confounders. We performed a simple mean imputation for missing values. 
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FIGURE 3.1.1: Directed acyclic graph of association between benzodiazepine exposure and delirium. Illustrating the role of 

Sequential Organ Failure Assessment (SOFA) as an example of a possible time-dependent confounder. Conditioning on 

SOFA t-1 blocks the backdoor path (i.e. removes confounding) from SOFA t-1 to benzodiazepine t-1. However, conditioning 

on SOFA t-1 is adjusting for an intermediate for the effect of benzodiazepine t-2 through SOFA t-1. Also, conditioning on 

SOFA t-1 may introduce collider stratification bias when confounders related to both SOFA t-1 and delirium t are present. 

 

Inverse probability weighting estimation of marginal structural models 

Inverse probability of exposure (here: treatment) weighting enables the average causal effect of an 

exposure to be estimated given that it creates a pseudo population in which the association between 

the confounders and the exposure of interest has been removed. This pseudo population represents 

a weighted version of the original sample where each subject receives a weight inversely 

proportional to their probability of receiving the exposure based on their confounder status and 

previously received exposure. These probabilities originate from an exposure-model. In the case of a 

binary exposure, a logistic model is typically used, predicting the probability to receive exposure  

at time t given confounders  at time t and previous exposure . The probability to receive 

the exposure that is actually received is calculated as  for exposed subjects and as 

 for those who are unexposed. The IPWs are then 

calculated as and for exposed and unexposed patients, respectively.  

 

For a continuous exposure, the exposure distribution is modeled using a parametric model (e.g. a 

linear or gamma model) based on confounders and previous exposure: . The 

denominator of the weight is defined as the density of the exposure model at the observed 



Chapter 3.1 

90 

 

confounder and exposure values for patient � at day � (i.e. the density of the residual). The IPWs are 

then obtained using 
������	
	�		��	��������.[6] Robins et al. noted the instability of the resulting 

weights, and suggested using stabilized weights. For patient � at day � stabilized IPW are defined as: 

 

 
���	 � ����|��	���,	,  �!����|"��,��,�#$���,	,	%�,  �, &�,	! 

 

(1) 

. [6] Where ��∙! denotes the probability density function for the received exposure. Notice that both 

the numerator and denominator are conditional on  , stabilizing the resulting weights. However, 

since   is in the numerator of the weights ���	  the resulting weighted sample is still confounded by  , and thus adjustment for   in the outcome model is still necessary. 

 

Analysis 

We adopted three different exposure models for estimating IPW weights for a continuous exposure 

using the methods from Naimi et al. [9] For each density function, numerator and denominator 

models were used to create stabilized weights according to (1). The first model is the normal IPW 

model that assumes that the density function for the drug exposure follows a normal distribution.  

The second model, the gamma linear model, assumes a gamma distribution for the drug exposure 

and thus a generalized linear model with a log-link and gamma distribution is used. The third 

exposure model, the quantile binning (QB) approach, requires that the continuous exposure is 

categorized (i.e., 4, 6, or 8 categories). For this model, we considered the first category to contain ICU 

days without benzodiazepine exposure with the rest of the distribution being split into a number of 

(4, 6 or 8) bins; each bin contained an approximately equal numbers of observations. Conditional 

multinomial models were fitted to obtain predicted probabilities for received exposure on each 

patient day. Finally, we added the zero-inflated Poisson model, where the continuous variable 

benzodiazepine exposure was rounded to integers and modeled using the zero-inflated Poisson 

distribution. Since the zero-inflated Poisson residuals do not follow a pre-specified distribution, we 

created 50 equally spaced bins for the residuals in order to estimate the probability density to 

receive exposure actually received by dividing the number of observation days in each bin by the 

total number of observation days. See Table A2 in the appendix for formulas and details concerning 

these distributions. 

 

Using the stabilized IPWs generated by these approaches, MSMs were fitted to estimate the average 

causal effect of 10 mg benzodiazepine exposure on the risk of delirium (specifically the odds of a 



Modeling continuous exposures in IPW of MSM 

91 

 

transition from an awake and not delirious state to a delirious state if everyone was exposed to 10 

mg of benzodiazepine versus no one being exposed to benzodiazepine). To this end, we modeled all 

9 (3x3) transitions (e.g. from awake towards awake, from awake towards comatose, from awake 

towards delirium, etc.) using weighted multinomial outcome models. Interest was in the odds ratio of 

transition from an awake and not delirious state to a delirious state per 10 mg of benzodiazepine 

exposure. The estimates that were obtained were conditional on those baseline covariates used to 

stabilize the weights. Conditional on the confounders that were included in the model, the 

probability of transfer was assumed to be independent of patient history (Markov assumption). MSM 

estimates from different sets of weights were compared.  

 

Data scarcity for certain combinations of confounders may result in non-positivity.[24, 25] As noted 

in previous research,[8] there is a trade-off between reducing confounding bias and increasing bias 

and variance due to non-positivity. [8] To investigate this bias-variance trade-off, the weights were 

progressively truncated. Confidence intervals for each estimate were obtained through 

bootstrapping.  

To assess the relation between truncation of the weights and imbalance of the confounders with 

respect to exposure, we re-fitted the exposure models using weights previously obtained by IPW.  

IPW weights are based on an exposure model; these weights obtained by IPW were then used to fit a 

weighted version of exactly the same exposure model. Since IPW weights are designed to remove the 

relationship between covariates and exposure, the coefficients indicating the relationship between 

these covariates and exposure for the weighted exposure model and the R
2
 for this weighted 

exposure model are expected to be approximately zero. To find the level of truncation that leads to a 

minimal imbalance (lowest R
2
), we repeated this approach for different levels of weight truncation. 

Two-sided weight truncation was applied, where 1% truncation means weights with a value below 

the 1
st

 percentile are truncated to the value of the weight distribution at the 1
st

 percentile and 

weights with a value above the 99
th

 percentile received a value of the weight distribution at the 99
th

 

percentile. We also looked at the variance of the natural logarithm of weights obtained by fitting a 

weighted IPW, with the weights previously obtained by IPW truncated at different levels. The 

variance of the natural logarithm of the weights correlates highly with the effect of confounders on 

exposure (WM van der Wal, Causal modeling in epidemiological practice, 2011). If the weights 

completely remove confounding bias, all the weights resulting from the weighted IPW would be 1 

and the variance of the natural logarithm of the weights would be 0. We fitted weighted IPW at 

different levels of weight truncation in order to find the level of truncation with the least imbalance 

of the confounders with respect to exposure. 



Chapter 3.1 

92 

 

For comparison, we performed ”typical adjustment” for time-varying confounders, in which a 

conditional effect estimate of benzodiazepine exposure on the risk of delirium was estimated using a 

multinomial model including the 7 time-fixed and 10 time-varying confounders as covariates. We will 

refer to this model as the “ordinary adjustment model”.  

SPSS 20 (IBM, New York, USA) and R 3.0.1 (www.r-project.org) were used to perform the statistical 

analyses. The R-package “nnet” was used for the multinomial log-linear analysis. [26] The function 

ipwpoint from the R-package “ipw” was used to estimate the normal IPW.[27] For estimating the 

gamma weights, SAS code written by Hernan is available in the e-appendix from Naimi et al, which 

we translated into R code. Zero-inflated Poisson models were fitted using R-package “pscl”  function 

zeroinfl().[28, 29] 

 

RESULTS 

 A total of 8755 observation days from 1028 patients were included in the analysis. The mean age of 

the patients was 60.4 years (sd 15.5) and 61% were male. Patients’ were most frequently admitted 

after surgery (49.8%) and the median duration of admittance to the ICU was 5 (range 2 to 115, IQR 8) 

days (Table 3.1.1). A total of 305 of 1028 (29.7%) patients received benzodiazepines during their ICU 

stay. Benzodiazepines were administered on half (50.7%) of the observation days with the median 

daily midazolam equivalent dose being 6.6 milligram (mg) (range 0.1 to 858.7, IQR 57.5) mg (Figure 

2). About half (51.5%) of the patients ever experienced delirium during their time spent on the ICU; 

patients spent a total of 25.7% of their ICU stay in a delirious state.  

 

 

FIGURE 2.1.2: Distribution of the logarithm of benzodiazepine exposure. 
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TABLE 3.1.1: Baseline characteristics of entire cohort and by benzodoziazepine exposure. Abbreviations: APACHE IV, Acute Phsysiology and Chronic Health Evaluation IV. CI, 

confidence interval. N, number of subjects. OR, Odds ratio. SOFA, Sequential Organ Failure Assessment. Sd, Standard deviation.  

  All patients  Benzodiazepine Exposed   

  N=1028  N=1028  

Baseline covariates    
Yes 

305 (29.7) 

No 

723 (70.3) 
OR (95%CI) for benzodiazepine exposure 

Age, mean (SD)  60.4 (15.5)  58.9 (14.5) 61 (15.9) 0.99 (0.98,1.00) 

APACHE IV score, mean (SD)  74.4 (27.9)  75.2 (28.2) 74 (27.8) 1.00 (0.99, 1.01) 

Unadjusted Charlson 

Comorbidity Index 2011, 

mean (SD) 

 6.8 (6.2)  6.9 (6.2) 6.9 (6.3) 1.00 (0.98, 1.02) 

BMI, mean (SD)  25.8 (6.3)  25.7 (5.5) 25.8 (6.6) 1.00 (0.98, 1.02) 

Admission category, n (%) 1 (Medical) 447 (43.5)  133 (43.6) 314 (43.4) Reference category 

 2 (Surgical) 512 (49.8)  158 (51.8) 354 (49) 1.05 (0.80, 1.39) 

 3 (Trauma) 69 ( 6.7)  14 (4.6) 55 (7.6) 0.60 (0.31, 1.09) 

Planned ICU admission, n (%) 302 (29.4)  86 (28.2) 216 (29.9) 0.92 (0.68, 1.24) 

Psychoactive medication, n (%) 193 (18.8)  75 (24.6) 118 (16.3) 1.67 (1.21, 2.31) 
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TABLE 3.1.2: Characteristics of ICU days by exposure to benzodiazepines. Abbreviations: APACHE IV, Acute Phsysiology and Chronic Health Evaluation IV. CI, confidence 

interval. N, number of subjects. OR, Odds ratio. SOFA, Sequential Organ Failure Assessment. Sd, Standard deviation.  

  
At 

Baseline 
 

During follow-up 

(by daily benzodiazepine exposure) 
 

  1028  N=8755  

    
Yes 

4438 

No 

4317  

Time-varying confounders   
During follow-up  

(by daily benzodiazepine exposure) 
OR (95%CI) for benzodiazepine exposure 

SOFA renal, mean (SD) 0.85 (1.30)  0.97 (1.43) 0.92 (1.35) 0.97 (0.95, 1.00) 

SOFA liver, mean (SD) 0.30 (0.72)  0.33 (0.79) 0.31 (0.72) 0.96 (0.90, 1.01) 

SOFA circulation, mean (SD) 1.83 (1.52)  1.36 (1.36) 1.93 (1.53) 1.31 (1.27, 1.35) 

SOFA coagulation, mean (SD) 0.77 (1.05)  0.53 (0.96) 0.70 (1.07) 1.18 (1.13, 1.23) 

SOFA respiration, mean (SD) 1.79 (1.03)  1.67 (0.95) 1.99 (1.01) 1.39 (1.33, 1.45) 

Mechanical ventilation, n (%) 714 (69.5)  3015 (69.8) 3834 (86.4) 2.74 (2.46, 3.05) 

Severe sepsis/ septic shock, n (%) 231 (22.5)  874 (20.2) 1314 (29.6) 1.66 (1.50, 1.83) 

Administration of opioids, n (%) 448 (43.6)  1823 (41.1) 940 (21.8) 2.51 (2.28, 2.75) 

Alpha agonists, n (%) 98 (9.5)  621 (14.0) 338 (7.8) 1.92 (1.67, 2.20) 

Propofol, n (%) 

 

165 (16.1)  940 (21.8) 1823 (41.1) 1.71 (1.49, 1.96) 

Previous exposure      Benzodiazepine1%2 , mean (SD) 23.11 (69.62) 

 
 58.87 (121.29) 3.67 (25.90)  
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TABLE 3.1.3: Estimates of the relationship between benzodiazepine use and delirium for different models 

Method 

Two-sided 

weight 

truncation 

Percentile 

OR for transfer 

to delirium 

per 10mg 

benzodiazepine 

exposure (SD) 

95%CI
a
 

Mean 

weight 

Min 

weight 

Max 

weight 

  

Quantile binning(8)  0,986 (0.039) (0.914, 1.065) 1,06 0,05 89,25 

Quantile binning(8) 0.1 0,989 (0.034) (0.929, 1.065) 1,04 0,07 53,23 

Quantile binning(8) 1 1,022 (0.025) (0.972, 1.077) 0,92 0,12 10,85 

Quantile binning(8) 2.5 1,039 (0.021) (0.999, 1.088) 0,83 0,15 5,62 

Quantile binning(8) 5 1,053 (0.017) (1.021, 1.092) 0,76 0,17 3,51 

  

Normal  0,978 (0.059) (0.865, 1.086) 2,58 0,01 1488,13 

Normal 0.1 0,980 (0.050) (0.897, 1.083) 2,14 0,02 426,52 

Normal 1 1,030 (0.021) (0.987, 1.076) 1,24 0,06 22,41 

Normal 2.5 1,047 (0.016) (1.012, 1.081) 1,01 0,08 7,94 

Normal 5 1,055 (0.014) (1.026, 1.088) 0,85 0,16 3,23 

       

Gamma  0,853 (0.073) (0.837, 1.101) 46,76 0,01 153599,

3 
Gamma 0.1 0,998 (0.044) (0.940, 1.098) 4,79 0,04 1819,1 

Gamma 1 1,015 (0.017) (1.009, 1.081) 1,29 0,09 31,7 

Gamma 2.5 1,036 (0.014) (1.025, 1.087) 0,97 0,14 9,48 

Gamma 5 1,054 (0.013) (1.040, 1.096) 0,78 0,22 3,64 

       

Zero-inflated Poisson  1,006 (0.029) (0.947, 1.056) 1.68 0.01 889 

Zero-inflatedPoisson 0.1 1,006 (0.027) (0.954, 1.059) 1.49 0.01 85.75 

Zero-inflated Poisson 1 1,010 (0.022) (0.981, 1.069) 1.24 0.03 15.12 

Zero-inflated Poisson 2.5 1,025 (0.019) (0.998, 1.074) 1.14 0.07 8.87 

Zero-inflated Poisson 5 1,031 (0.016) (1.015, 1.082) 1 0.08 5.38 

       

Ordinary adjustment  1.060 (0.013) (1.033, 1.087) 

Crude (no adjustment)  1.078 (0.013) (1.051, 1.106) 

a) for MSMs the 95% confidence intervals were obtained by bootstrapping 
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Characteristics of patients exposed to benzodiazepine at some stage of follow-up differed from 

patients who were never exposed to benzodiazepine (Table 3.1.1). For example, patients admitted 

with trauma were less likely to receive a benzodiazepine compared to those admitted with a medical 

condition (OR 0.60, 95% CI 0.31; 1.09). Patients with a history of psychoactive medication use were 

more likely (OR 1.67, 95%CI 1.21; 2.31) to be administered a benzodiazepine. Also, across ICU days, 

patient characteristics differed on  days a benzodiazepine was administered versus those days it was 

not (Table 3.1.2). For example, patients were more likely to be administered a benzodiazepine on the 

days where the cardiovascular  Sequential Organ Failure Assessment (SOFA) subscore was higher  

(OR 1.31, 95%CI 1.27; 1.35). 

 

Table 3.1.3 shows the effect of benzodiazepine exposure on delirium, estimated from the different 

IPW of MSM models. For all IPW models, the untruncated IPWs yielded estimates towards the null 

(OR 1). For increasing levels of weight truncation the MSM effect estimates are more similar to the 

estimate from the multinomial model with ordinary adjustment for time-varying covariates (OR 

1.06). Regarding the untruncated weight distributions, the gamma (mean 46.76, min 0.01, max >1.5 

10
5
)  and normal (mean 2.58, min 0.01, max 1488.13) IPWs had  larger maximum weights and a mean 

further away from 1 compared to the quantile binning (e.g. QB6: mean 1.06, min 0.06, max > 100) 

and the zero-inflated Poisson models (mean 1.68, min 0.01, max 169).  

 

After truncation of the IPWs, the difference between the weight distributions resulting from the IPW 

models under comparison decreased as the degree of truncation increased.  . For example, the mean 

weight for the gamma IPW truncated at the 2.5
th

 and 97.5
th

 percentiles was 0.97 (min 0.14, max 9.48) 

and when truncated at the 5
th

 and 95
th

 percentiles it was 0.78 (min 0.22, max 3.64). Standard 

deviations from the MSM estimates decreased with increasing levels of truncation, for weights 

truncated towards the 5
th

 and 95
th

 percentiles the standard deviation approximated the standard 

deviation of the ordinary adjustment model.  

 

The graphs in Figure 3.1.3 illustrates the level of truncation for which the remaining imbalance in 

observed confounders is minimal. Figure 3.1.3 shows the imbalance in observed confounders as 

represented by the R
2
 of the weighted normally distributed exposure model, using weights previously 

obtained by IPWs using a normal exposure model. Ideally, the weights will lead to an R
2
 of 0 and thus 

the optimal level of truncation achieved is at the lowest value for R
2
. For the normal IPW model this 

minimum appeared to be around 4% truncation (i.e., 4% truncation at both extremes of the IPW 

distribution), with a corresponding R
2
 of 0.124. The original exposure model (before weighting) had a 

R
2
 of 0.51, re-fitting the exposure model with untruncated weights resulted in an increased R

2
 of 
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0.54. Since the lowest value for R
2
 was >0 (R

2 
0.124), this indicates there is still a small association 

between confounders and exposure after weighting. Since checking the R
2
 is only possible for the 

normal exposure model, we decided to look at the variance of the natural logarithm of the weights 

obtained by applying weighted IPW. The variance of the natural logarithm of weights resulting from 

IPW using a weighted normal exposure model was minimal for weights truncated around 4% 

truncation (see figure 3.1.4). When each confounder was plotted against exposure (data not shown), 

we observed positivity for individual confounders.  

 

 

 

 

 

 

FIGURE 3.1.3: Imbalance of the confounders under increasing percentiles of truncation. Imbalance of the 

confounders is represented by  (y-axis).  was obtained for fitting a weighted exposure model, with 

previously obtained IPW weights, going from untruncated weights to weights with two-sided truncation at 10% 

(truncated towards the 10
th

 and 90
th

 percentile, x-axis). Horizontal grey line indicates  of 0.51 for original 

exposure model (before weigthing). 
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FIGURE 3.1.4: Imbalance of the confounders under increasing percentiles of truncation. Imbalance of the 

confounders is represented by the variance of the logarithm of IPW weights (y-axis) obtained by IPW weighted 

by previously obtained IPW weights, where the previously obtained IPW weights are progressively truncated to 

10% two-sided truncation. 

 

Figure 3.1.5: Imbalance of the confounders under increasing percentiles of truncation. Exactly the same as 

figure 3.1.3 but including higher levels truncation. Horizontal grey line indicates  of 0.51 for original exposure 

model (before weigthing). We see that untruncated weights result in an increased  of 0.54.  As expected, 

fully truncated weights (all weights equal to 1), coinciding with the original exposure model, result in an  of 

0.51. 
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DISCUSSION 

In this study we compared four different methods for estimating inverse probability weights when 

the exposure is continuous. Differences between methods in terms of the mean and range of the 

weights were most apparent in the untruncated weight distributions; with increasing truncation, 

weight distributions from the different models became more similar. With increasing weight 

truncation the estimated effect of benzodiazepine exposure on delirium occurrence gradually 

increased, and for weights truncated at the 5
th

 and 95
th

 percentile the effect estimates resembled 

those found in the conditional model based on ordinary multivariable adjustment of (time-varying) 

confounders (OR 1.06, 95%CI: 1.033-1.087).  

 

In this empirical study, different methods for modeling continuous exposures led to similar results. 

The choice for one method over another may be based on factors such as the shape of the exposure 

distribution, the sample size, and the number of confounders. The normal, gamma, and to a lesser 

extent the zero-inflated Poisson models, require less parameters to be estimated compared to the 

Quantile binning approach. This latter method, however, may be less sensitive to model 

misspecification. In this empirical study quantile binning led to a relatively well-behaved (mean 1, 

max <10) weight distribution. Dividing exposure into a greater number of bins during the quantile 

binning process is associated with a tradeoff:  while confounding will be more finely controlled, both 

the amount of nonpositivity and the likelihood for data scarcity will increase. Use of a larger number 

of bins enables IPW to more adequately control for confounding and will result in less subjects per 

resulting quantile bin. This will  subsequently lead to more nonpositivity and data scarcity with 

respect to (a combination of) confounders. Quantile binning is a reasonable choice, because the 

current dataset had a large sample size, which guarantees adequate numbers of subjects in each bin, 

making positivity with respect to the resulting bins more likely and data scarcity less likely to occur.  

 

In their simulation study, Naimi et al. found that for their zero-inflated and highly skewed exposure 

all methods were slightly biased, with the smallest amount of bias observed for the gamma and 

quantile binning methods.[9] We used empirical data, and although our exposure is more skewed, it 

has some similarities with Naimi et al.’s zero-inflated Poisson distribution. Where Naimi et al. 

consider three confounders, our dataset contains many more (7 time-fixed, 10 time-varying 

confounders). Another difference is that Naimi et al. used the marginal probability to receive 

exposure to stabilize the weights, where we estimated the probability to receive exposure 

conditional on 7 time-fixed confounders, which we used to estimate the numerators for the 

stabilized weights . A strength of our empirical dataset of patients admitted to an ICU, is that 
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exposure and confounder information was measured reliably throughout follow-up. Furthermore, 

benzodiazepine exposure is zero-inflated and highly skewed and thus serves as a good test case for 

the proposed IPW models for continuous exposure. To our knowledge this is the first application of 

these methods in medical research using empirical data of a highly skewed continuous exposure. 

 

Differences between effect estimates from MSMs using untruncated weights and the conditional 

model estimate may be due to a real difference, i.e. inability of the conditional model to handle time-

varying confounding. Or problems related to the method of IPW: (a combination of) inflation of 

confounding due to large weights, nonpositivity and exposure model misspecification. Furthermore, 

non-collapsibility of the OR in both the conditional model and the MSM may make results 

incomparable and unmeasured confounding may invalidate results from both the conditional model 

as well as the MSMs. 

 

Since we used stabilized IPW estimation, the “marginal” effect estimates are conditional on the 

baseline confounders used to stabilize the weights. This may be a problem, because the outcome of 

interest occurs in 13.5% of observation days, which may not be sufficiently rare to avoid problems of 

non-collapsibility of the OR.[30] Results indicate increased imbalance by using untruncated IPW 

weights. Truncation of weights led to a decrease of imbalance, however weight truncation was 

unable to achieve complete balance. Imbalance may be due to exposure model misspecification or 

nonpositivity. Since we had many time-varying confounders, a large weight based on one or a few of 

these confounders may cause imbalance in other confounders if there is non-positivity with respect 

to these combinations of confounders. Therefore, we expect that IPW was unable to weight subjects 

in a way that completely eliminates confounding because large weights induce inability to control for 

confounding due to nonpositivity with respect to a combination of confounders.   

 

Nonpositivity seems to affect IPW MSM and conditional regression in a different way. Nonpositivity 

causes large weights in the IPW models leading to biased MSM effect estimates, [24] although 

nonpositivity has no apparent effect on the conditional model estimates. The regression coefficients 

for confounders are based on the available information in the dataset, making the model dependent 

on extrapolation to areas with nonpositivity. This reduces the generalizability of the regression 

estimate using ordinary adjustment for time-varying confounders. 
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Instead of creating IPW based on history of exposure and confounders we made the Markov 

assumption that the probability to receive the exposure is independent of patient history beyond the 

previous day. However, due to data scarcity and nonpositivity, we observed large weights. These 

weights were based on the exposure model including only previous day exposure and confounders. 

Since there are more possible combinations of patient history of exposure and confounders, we 

expect more data scarcity and nonpositivity had we included a longer patient history in the exposure 

models (which would then result in even larger weights). 

 

We note that the counterfactual of interest in this study (exposure to 10 mg of a benzodiazepine 

versus not being exposed to a benzodiazepine) may not be of clinical interest since patients exposed 

to a benzodiazepine are exposed for their  required sedative effects.. The comparison of 10 mg 

benzodiazepine versus being exposed to another sedative drug (e.g. propofol) might be more 

realistic comparison?. Also, we estimated the average treatment effect (ATE), while the average 

treatment effect in the treated (ATT) might be a more clinically relevant effect since one would rarely 

be interested in the effect of benzodiazepine on transitioning to a delirious state in patients who do 

not actually receive benzodiazepines. Nevertheless, these issues do not impair the comparison made 

in this study between different methods for IPW estimation in case of a continuous exposure. 

 

With respect to the ease of use and applicability of this method, the normal model weights can be 

estimated with R-package IPW using function ipwpoint. For estimating the gamma weights, SAS code 

is available in the e-appendix of Naimi et al. In all cases, bootstrapping is needed to obtain standard 

errors for the MSM estimates which requires some programming effort. Bootstrapping (e.g. 1000 

bootstrap samples) can become computationally intensive, depending on the outcome model and 

the method for estimating IPW. 

 

Trimming and truncation may both introduce bias into the estimator, although there can be marked 

reductions in variance of the effect estimator. [8] And as Petersen et al. have noted  the 

disproportionate reliance of the causal effect estimate on the experience of a few unusual individuals 

can result in substantial finite sample bias.
 
[24] Whatever the choice of exposure model,  we 

recommend researchers to apply different levels of truncation and to look at the resulting effect 

estimates, standard deviations and resulting imbalance.  We encourage reporting the effect estimate 

for the level of truncation resulting in the least imbalance, as well as the level of imbalance achieved. 

We caution that the level of imbalance estimated by fitting a weighted IPW using previously obtained 

weights only checks imbalance with respect to the particular exposure model used in the IPW 
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estimation. Large weights can be indicative of nonpositivity, which leads to questionable causal 

effect estimates at best. 
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APPENDIX 

 

Appendix 1: Table of information for baseline covariates and time-varying confounders. 

Baseline covariates Class (inclusion in models) Possible values 

Age Continuous (Natural) Min(18), Max(95) 

Apache IV score Continuous (Natural) Min(11), Max(177) 

Unadjusted CCI 2011 Continuous  Min(0), Max(34.87) 

BMI Continuous  Min(9.34), Max(80.65) 

Admission category Factor Medical, Surgery, Trauma 

Planned admission Binary 0/1 

Psychoactive medication Binary 0/1 

   

Time-varying confounders   

SOFA renal Continuous (Natural) 0,1,2,3,4 

SOFA liver Continuous (Natural) 0,1,2,3,4 

SOFA circulation Continuous (Natural) 0,1,2,3,4 

SOFA coagulation Continuous (Natural) 0,1,2,3,4 

SOFA respiration Continuous (Natural) 0,1,2,3,4 

Mechanical ventilation Binary 0/1 

Combined sepsis Binary 0/1 

Exposure to opioids Binary 0/1 

Alpha agonists Binary 0/1 

propofol Binary 0/1 

   

Previous exposure   Benzo1%2  Factor 6 levels 
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Appendix 2: Probability density functions for different exposure models. 

Exposure model Probability density function 

Normal �3�4�	! � 167√2: ;<=>?�̂	
2 2672A B 

 

Gamma �3�4�! � 14�Γ	 D1 ΚFG HI 4�ΚF2ĴK
� LFMG exp	�O 4�ΚFĴ! 

 

Where Κ is the gamma scale parameter. 

Quantile binning η�	Q � R�	STQ � log	�=�	Q=�	�! 
 

�4�	 � W!: Y�	Q �	 exp	�η�	Q!1 Z ∑ exp	�η�	Q!\Q]2  

 

Where: Y�	� � 1 O ∑ =�	Q\Q]2  

Zero-Poisson �3̂ �������4�	; &`, &^, T, a! � �3̂ ����0; &^, a! ∙ cd0e�4! Z �1 O �3̂ ����0; &^, a!! ∙ �3f���	�4; &` , T! 
 

Where c�∙! is the indicator function, &` and &^ contain the covariates included in the count 

(Poisson) and zero (binomial) models respectively. 

 

Where �3̂ ���  is a binomial glm, with : � g%��&^Sa! 
And �3f���	  is a Poisson GLM with mean J h 0, where Y�4|&`; T! � �`ijklmn�`i#onpklmn�!  

 A= exposure 

L= confounder 

i= patient 

t= time/day 

j= exposure category (for quantile binning) 
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Chapter 3.2 

 

Characteristics of inverse probability weights and their relation with bias in 

inverse probability weighting of marginal structural models 
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ABSTRACT 

Purpose: Inverse probability weighting (IPW) of marginal structural models (MSM) is a method 

to deal with confounding in observational pharmacoepidemiologic studies. However, 

performance of the IPW estimator is suboptimal in case of non-positivity and rare 

treatments. Measures are proposed to quantify the relation between characteristics 

of IPWs and bias in the treatment effect estimates obtained through IPW of MSM in 

case of non-positivity and rare treatments.  

Methods: Simulation studies of continuous confounders, a binary treatment, and a continuous 

outcome were performed to evaluate the relation between bias in the IPW estimator 

of MSM and three aspects of the IPW: the PPS (defined as the overlap in range of the 

propensity scores between treatment groups), Wmax (defined as the maximum 

observed IPW weight), and SDif (defined as the absolute standardized difference of 

confounder means between treatment groups). The correlation between these 

measures and bias in the estimated treatment-outcome relation was determined.  

Results:  There was an ambiguous relationship between PPS and bias (r 0.45 to -0.65). The 

correlation of the Wmax and bias was positive in simulation scenarios with small non-

positivity (r 0.45), but Wmax was unrelated or negatively correlated to bias in case of 

non-positivity (r -0.52). The correlation between the sum of the SDif and IPW bias 

was consistently high and ranged from 0.8 to 0.99.  

Conclusion: The relationships of both PPS and Wmax with bias in IPW of MSM were ambiguous. 

SDif was most indicative of bias in IPW of MSM estimates.  
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INTRODUCTION 

The validity of pharmacoepidemiologic studies assessing the effect of treatment to a specific drug  is 

often hampered by confounding.[1] Methods to control for confounding include restriction, 

matching, covariate adjustment, and inverse probability weighting (IPW) of marginal structural 

models (MSMs). IPW leads to a weighted version of the original sample, in which any association 

between observed confounders and the treatment of interest has been removed. [2] When applying 

IPW of MSM several prerequisites have to be met: (1) treatments need to be well-defined, (2) there 

is no unmeasured confounding, and (3) positivity (also known as the ‘experimental treatment 

assignment assumption’). [3] Additionally, performance of the IPW estimator is subject to rare 

treatment decisions (non-zero treatment probabilities that are extremely small).[4,5] 

For binary treatments, the assumption of positivity holds when the analytical dataset contains both 

exposed and unexposed subjects at each level of the confounders of interest. The assumption of 

positivity is violated in case of, for example, an absolute contra-indication or a strict guideline, e.g. a 

guideline recommending physicians to treat (i.e. expose) everyone above a certain blood pressure 

threshold. In that case there will be no (or hardly any) subjects with levels of blood pressure above 

the threshold who are unexposed (i.e. not treated). The positivity assumption is more likely to hold 

when comparing one treatment regime to another, instead of comparing exposed versus unexposed 

subjects. [6] 

It is difficult to provide a good definition of non-positivity for continuous confounders, since a 

continuous confounder can take on an infinite number of possible values. It is unrealistic to require 

exposed and unexposed subjects for each unique value of the confounder. Instead, positivity can be 

considered as substantial overlap between treatment groups with respect to the total range of the 

confounder values (See Figure 3.2.1 left panel). In case of non-positivity, IPW may overcorrect for the 

confounder incomparabilities between treatment groups and thus results in biased treatment effect 

estimates (Figure 3.2.1, middle panel). In addition to non-positivity (e.g. no exposed subjects below a 

certain value of the continuous confounder), in continuous confounders rare treatment decisions 

may influence the performance of the IPW estimator (Figure 3.2.1, right panel). 

As shown in Figure 3.2.1, non-positivity results in large weights, but IPW cannot make up for 

nonexistent subjects and therefore cannot completely remove incomparability of treatment groups. 

Such violations of the positivity assumption (both practical, i.e., by chance, or structural, e.g. because 

of contra-indication) can result in an increase in both bias and variance of the IPW estimator. [3] 

Several methods have been suggested to measure non-positivity and rare treatment decisions and 
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the resulting bias. First, large weights have been suggested as a potential indicator. [3] However, 

even if positivity is  strictly satisfied, rare treatment decisions (non-zero treatment probabilities that 

are extremely small) may also result in large weights. [4, 5] Alternatively, one could measure 

positivity as the overlap in ranges of the propensity scores of exposed and unexposed subjects. A 

different approach is to examine the resulting covariate balance after IPW. It is unclear which of 

these methods is most indicative of bias. Several studies have explored IPW estimators in case of rare 

treatment decisions and non-positivity, but none have examined multiple methods or applied 

simulation studies. [3,
 
4] Here we perform a simulation study on the impact of rare treatment 

decisions and non-positivity on IPW of MSM estimates. We relate characteristics of the inverse 

probability weights to bias of IPW of MSM estimates. 
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Figure 3.2.1. Illustration of non-positivity (left), possible effects of rare treatment decisions (middle) and non-positivity (right) on creating balance when 

using IPW. 

These figures show the propensity score for each subject on the x-axis and the exposure (treatment) status on the y-axis. Furthermore, in the middle and right figures, the 

predicted probability of receiving exposure is plotted in between the actual exposure statuses for each subject. The sigmoidal curve consisting of black filled circles indicates 

the predicted probabilities of treatment, resulting from the model for treatment (exposure). The sigmoidal curve consisting of white filled circles depicts the predicted 

probabilities originating from the model for treatment fit on the weighted dataset (pseudo-population). In the figures on the middle and right, the size of the point indicates 

the size of the weight for each subject. The size of the weights is inversely proportional to the probability for an individual to receive the treatment he or she actually got 

based on the treatment model. Figure 1 left, The overlapping part between the confounder distributions between treated and non-treated groups is the part of the 

confounder for which positivity holds. Figure 1 middle, rare treatment decisions may lead to large weights for a few subjects, making the estimated results highly 

dependent on these subjects. Note that after weighting there is confounding (however, small) in the opposite direction, depicted by the small negative slope of the white 

filled predicted probabilities to receive treatment. Figure 1 right, since IPW cannot weight points that aren’t there we can see that IPW is unable to completely remove the 

relationship between confounders (PS) and treatment (exposure), depicted by the fact that the predicted probabilities obtained from the model for treatment fit on the 

weighted dataset still indicate a strong relationship between the PS and treatment (white filled circles). 
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TABLE 3.2.1: Scenarios for data generation. See text methods section for details regarding r and ρmin,, ρmax. 

 Vector of values Vector of values 

 

Transformation Cumulative density 

function 

Data 

scenario 

Number of 

confounders 

s (ρmin,, ρmax) None Inverse 

logit 

Normal Unifor

m 

Scenario 1 

2 0.0001, 0.1, 0.2, 0.3  X  X  

5 0.0001, 0.1, 0.2, 0.3  X  X  

Scenario 2 

2 0.0001, 0.5, 1, 2   X X  

5 0.0001, 0.5, 1, 2   X X  

Scenario 3 

2  (-1,2)(-0.25,1.25)(0,1)(0.1,0.9)  X  X 

5  (-1,2)(-0.25,1.25)(0,1)(0.1,0.9)  X  X 
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Methods 

Simulation setup 

In contrast to studies using empirical data, simulation studies allow investigators to change 

parameters of interest (e.g., amount of non-positivity, rare treatment decisions, et cetera) in a 

systematic and controlled way, which allows evaluating their impact on the relationship between 

measures of positivity and bias of the IPW estimator. For the sake of simplicity, a cross-sectional 

simulation design was used. 

In this simulation study, datasets of 250 subjects each were generated under different scenarios. 

Three scenarios were considered that differed with respect to rare treatment decisions. In addition, 

four grades of non-positivity were evaluated within each scenario. Simulations were performed with 

either two or five confounders. These datasets each consisted of a number of continuous 

confounders (indicated hereafter by Wi, with confounder indicator i), a binary treatment (indicated 

by A), and a continuous outcome (indicated by Y).  

Data generation started with sampling the continuous confounders (Wi) from a bivariate 

(multivariate) normal distribution with mean 0, variance 1 and a correlation between the 

confounders of 0.2. Next, the binary treatment (A) was sampled from a Bernoulli distribution with 

subject-specific probability of being exposed : � =�. In scenarios 1 and 2, the subject-specific 

probabilities =�  were generated using the cumulative density function of a normal distribution with 

mean mean(transformation(W1+W2)) and Φ(transformation(W1+W2), SD=(
�����t�	�u�vu2!!w )), where 

r (the parameter used to vary the amount of positivity) was set at different values and 

transformations differed between scenarios (See table 3.2.1). In general, when r is close to zero (e.g. 

0.0001), all =�s are close to 0.5 (complete positivity), whereas when lambda is large (e.g. 2) the =�s 

range from 0 to 1 dependent on subjects specific values for W1� and W2�, resulting in non-positivity. 

In scenario 3, the subject-specific probabilities =�  were generated using the cumulative density 

function of a uniform distribution: Φ(transformation(W1+W2), (ρmin, ρmax)), where the uniform 

distribution ranges from ρmin to ρmax. Finally, in the two confounder scenario the outcome (Y) was 

generated as Y=A+2.5W1+2.5W2, without the addition of a random error term. In the five confounder 

scenario the outcome was generated according to Y=A+W1+W2+W3+W4 +W5, without the addition of 

a random error term. Since the data were generated without the use of a random error term, the 

deviation of the IPW estimate for the effect of A from the ‘true’ value of A may be obtained in each 

individual dataset. Deviation of the IPW estimate from the ‘true’ value of A indicates inability of IPW 

to obtain an unbiased effect estimate in that individual dataset and may be interpreted as bias due  
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to non-positivity. This allowed us to relate characteristics of this individual dataset to bias of the IPW 

estimate due to non-positivity. From here on we will refer to deviation of the IPW estimate as bias of 

the IPW estimate. 

For each scenario, 5000 datasets were generated and analyzed for each combination of the 

simulation parameters (the number of confounders, the three mechanisms to generate rare 

treatment decisions and four different values of r (or(ρmin, ρmax)) to manipulate the amount of non-

positivity).  

 

Characteristics of IPW and their relation with bias 

The relationships between three aspects of the IPW and bias of effect estimates obtained by IPW 

were assessed. First, a measure of positivity inspired by measures of balance used in PS analysis was 

studied. [5, 7,
 
8] Positivity propensity score (PPS), is a measure of positivity defined as the proportion 

of the total range in propensity scores in which exposed and unexposed subject groups overlap in 

propensity scores.  (See figure 3.2.1 left panel). For each subject, the propensity score is defined as 

the estimated probability of that subject to be exposed given the values of his/her covariates. In case 

of a binary treatment, the propensity scores for all subjects are estimated using a logistic regression 

model for treatment based on the confounders. The PPS is then calculated as the ratio between the 

range of the propensity scores for which exposed and unexposed subject groups have overlap in 

propensity scores and the total range of the propensity score. The propensity score is based on the 

correct models for treatment Y� � ����|�1�,�2�! and Y� � ����|�1� ,�2�,�3�,�4� ,�5�! 
respectively. This measure has a minimum of 0 and a maximum of 1, where 0 indicates no overlap 

between treatment groups with respect to their propensity scores and 1 indicates complete overlap. 

Second, the size of the maximum inverse probability weight (Wmax) was obtained. Inverse probability 

of treatment weights (IPW) are obtained for each subject by taking the inverse of the probability that 

the subject received his or her treatment. Weights may range from zero to infinity, but the maximum 

weight typically takes on a value between 1 and infinity. 

Third, the sum of the absolute standardized differences (SDif) of confounder means after IPW was 

obtained. The SDif is used to assess balance in propensity score methods and its relation with bias 

has mainly been studied in relation to PS matching and conditioning on the PS, but not in the context 

of IPW. [9] The absolute standardized difference is defined as the absolute difference in means 

between the two treatment groups divided by an estimate of the common standard deviation of that 

variable in the two treatment groups, i.e. the pooled standard deviation. 
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Analysis of simulated data 

IPW were obtained by applying the following procedure.  A logistic regression model was fitted 

regressing treatment (A) on the two (respectively five) predictors W1 and W2. This yielded individual 

probabilities of being exposed for each subject in the dataset. Next, exposed subjects were weighted 

by the inverse of the probability of being exposed, while unexposed subjects were weighted by the 

inverse of the probability of not being exposed. Weighting thus created a pseudo-population in 

which treatment status was (expected to be) independent of the confounders W1 and W2. Finally, a 

weighted linear regression model was fitted, regressing the outcome (Y) on treatment (A). The 

estimated association between treatment (A) and outcome obtained by the latter mode is called the 

IPW effect estimate of MSM. Effect estimates were averaged across the 5000 simulation runs. Bias 

was defined as the difference between the averaged effect estimate obtained through IPW of MSM 

and the ‘true’ relation between A and Y according to the data-generating model. 

 

We calculated the Pearson correlation between three aspects of the IPW (PPS, Wmax and SDif) and 

the absolute (always positive) bias of the IPW estimate obtained in each dataset from the ‘true’ 

relation between A and Y according to the data-generating model. Simulations were performed for 

each combination of the two different numbers of confounders with the three mechanisms to 

generate non-positivity and four values of r . Simulations and statistical analysis were performed 

using R 3.0.1 (www.r-project.org) . [10] The function ipwpoint previously available in the R-package 

“ipw” (currently unavailable, R-code provided in an additional file [see Additional file 1] was used to 

estimate the normal IPW.
 
[11] The code to calculate the positivity measures was written in R and can 

be found in an additional file [see Additional file 1]. The R-code for the simulation is available on 

request.  

 

RESULTS 

Crude bias, bias after IPW of MSM and other summary measures obtained in our simulation study 

are depicted in table 3.2.2. Within each scenario, crude bias increased for larger values of r, 

indicating that positivity and confounding were related in our simulations. Bias of the IPW of MSM 

estimate increased with increasing levels of non-positivity, which is in line with earlier studies. [3] 

Over the range of r, the mean positivity as measured by PPS ran from 0.84 to 0.25 in case of two 

confounders. In case of five confounders the mean PPS ranged from 0.84 to 0.5. The average size of 

the maximum weight increased for larger values of r; thus large weights appeared indicative of non-

positivity.  
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TABLE 3.2.2 Bias in inverse probability weighting (IPW) of marginal structural models (MSM) in different 

scenarios 

Data 

Number of 

confounder

s 

r (ρmin,ρmax) Crude 

bias 

Bias in 

IPW of 

MSM 

estimat

e 

Mean 

PPS  

Mean 

maximu

m weight 

(Wmax)  

Mean 

Abs std 

diff. 

(SDif) 

Scenario 

1 
2 

0.000

1 

 0 0 0.83 1.3 0 

0.1  3.03 0.06 0.69 4.73 0.09 

0.2  4.65 0.59 0.48 12.13 0.35 

0.3  5.37 1.42 0.34 17.53 0.71 

 

Scenario 

1 
5 

0.000

1 

 0 0 0.84 1.58 0.02 

0.1  3.03 0.16 0.69 8.69 0.42 

0.2  4.09 0.99 0.57 18.84 1.3 

0.3  4.45 1.81 0.52 22.89 2.13 

 

Scenario 

2 
2 

0.000

1 

 0 0 0.84 1.3 0 

0.5  2.81 -0.19 0.77 5.1 0.1 

1  4.59 -0.91 0.59 33.2 0.46 

2  5.76 1.81 0.25 79.5 1.05 

 

Scenario 

2 
5 

0.000

1 

 0 0 0.84 1.6 0.02 

0.5  2.11 -0.25 0.8 5.5 0.28 

1  3.56 -1.99 0.69 60.3 1.84 

2  4.56 0.559 0.5 10812 2.7 

 

Scenario 

3 
2 

 (-1,2) 1.39 -0.2 0.82 2 0.02 

 (-.25,1.25) 2.79 -0.16 0.76 5 0.09 

 (0, 1) 4.17 0.13 0.58 10.9 0.22 

 (0.1, 0.9) 4.97 1.36 0.37 8.6 0.61 

 

Scenario 

3 
5 

 (-1,2) 1.39 -0.06 0.82 2.9 0.094 

 (-.25,1.25) 2.76 -0.63 0.76 12.1 0.64 

 (0, 1) 4.14 0.65 0.57 34.6 1.31 

 (0.1, 0.9) 4.49 2.38 0.51 12.1 2.64 

 

 

 



Characteristics of IPW related to bias in IPW of MSM 

119 

 

TABLE 3.2.3: Bias in the IPW of MSM effect estimate obtained at different levels of weight truncation. Numbers represent bias in IPW of MSM effect estimates,  per 

combination of the simulation parameters (scenario, number of confounders and λ). 

 Positivity indicated by λ1 and λ2  for scenario 1 and 2 respectively and (ρmin,ρmax) for scenario 3. 

Data scenario Number of confounders 

λ1= 0.0001 

λ2= 0.0001 

(ρmin,ρmax)= (-1,2) 

λ1= 0.1 

λ2= 0.5 

(ρmin,ρmax)= (-.25,1.25) 

λ1= 0.2 

λ2= 1 

(ρmin,ρmax)= (0, 1) 

λ1= 0.3 

λ2= 2 

(ρmin,ρmax)= (0.1, 0.9) 

Weight truncation (%) Weight truncation (%) Weight truncation (%) Weight truncation (%) 

- 1 2.5 - 1 2.5 - 1 2.5 - 1 2.5 

Scenario 1 
2 0 0 0 0.06 0.25 4.3 0.59 1.08 1.46 1.42 2.07 2.53 

5 0 0 0 0.16 0.44 0.66 0.99 1.51 1.88 1.81 2.39 2.77 

Scenario 2 
2 0 0 0 -0.19 0.04 0.25 -0.91 0.47 1.19 1.81 3.04 3.62 

5 0 0 0 -0.25 -0.06 0.12 -1.99 -0.32 0.67 0.559 2.83 3.38 

Scenario 3 
2 -0.2 0.03 0.09 -0.16 0.07 0.26 0.13 0.6 0.96 1.36 1.6 1.89 

5 -0.06 0.01 0.08 -0.63 -0.14 0.24 0.65 1.48 1.95 2.38 2.66 2.93 
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Table 3.2.4: Pearson correlation of PPS with bias in the IPW of MSM estimate. Numbers represent the Pearson correlation of PPS with bias in IPW of MSM 

effect estimates,  per combination of the simulation parameters (scenario, number of confounders and λ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Positivity indicated by λ1 and λ2  for scenario 1 and 2 respectively and (ρmin,ρmax) for scenario 3. 

Data scenario 

Number of 

confounders 

λ1= 0.0001 

λ2= 0.0001 

(ρmin,ρmax)= (-1,2) 

λ1= 0.1 

λ2= 0.5 

(ρmin,ρmax)= (-.25,1.25) 

λ1= 0.2 

λ2= 1 

(ρmin,ρmax)= (0, 1) 

λ1= 0.3 

λ2= 2 

(ρmin,ρmax)= (0.1, 0.9) 

Scenario 1 

2 -0.16 -0.17 -0.38 -0.64 

5 0.01 -0.09 -0.13 -0.12 

Scenario 2 

2 -0.14 0.16 0.45 -0.44 

5 0.00 0.05 0.23 0.12 

Scenario 3 

2 -0.11 0.13 -0.05 -0.65 

5 0.05 0.12 -0.06 -0.10 
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TABLE 3.2.5: Pearson correlation of Wmax with bias in the IPW of MSM estimate. Numbers represent the Pearson correlation between Wmax  and  bias in IPW of 

MSM effect estimates,  per combination of the simulation parameters (scenario, number of confounders and λ). 

 
Positivity indicated by λ1 and λ2  for scenario 1 and 2 respectively and (ρmin,ρmax) for scenario 3. 

Data scenario 

Number of 

confounders 

λ1= 0.0001 

λ2= 0.0001 

(ρmin,ρmax)= (-1,2) 

λ1= 0.1 

λ2= 0.5 

(ρmin,ρmax)= (-.25,1.25) 

λ1= 0.2 

λ2= 1 

(ρmin,ρmax)= (0, 1) 

λ1= 0.3 

λ2= 2 

(ρmin,ρmax)= (0.1, 0.9) 

Scenario 1 

2 0.62 0.51 0.30 -0.24 

5 0.52 0.47 -0.15 -0.52 

Scenario 2 

2 0.59 0.82 0.63 0.19 

5 0.56 0.85 0.47 0.15 

Scenario 3 

2 0.68 0.83 0.58 -0.39 

5 0.73 0.85 0.29 -0.46 
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TABLE 6. Pearson correlation of SDif with bias in the IPW of MSM estimate. 

 
Positivity indicated by λ1 and λ2  for scenario 1 and 2 respectively and (ρmin,ρmax) for scenario 3. 

Data 

scenario 

Number of 

confounders 

λ1= 0.0001 

λ2= 0.0001 

(ρmin,ρmax)= (-1,2) 

λ1= 0.1 

λ2= 0.5 

(ρmin,ρmax)= (-.25,1.25) 

λ1= 0.2 

λ2= 1 

(ρmin,ρmax)= (0, 1) 

λ1= 0.3 

λ2= 2 

(ρmin,ρmax)= (0.1, 0.9) 

Scenario 1 

2 0.90 0.95 0.93 0.93 

5 0.80 0.92 0.86 0.86 

Scenario 2 

2 0.86 0.98 0.98 0.89 

5 0.82 0.99 0.99 0.83 

Scenario 3 

2 0.97 0.98 0.95 0.98 

5 0.97 0.99 0.88 0.94 

 

Numbers represent the Pearson correlation between SDif and bias in IPW of MSM effect estimates,  per combination of the 

simulation parameters (scenario, number of confounders and λ).  
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However, in scenarios 5 and 6 the size of the maximum weight at the largest value of r was smaller, 

compared to the maximum weight at smaller values of r. The absolute standardized difference 

increased with increasing levels of non-positivity, indicating that IPW was unable to balance 

confounders between treatment groups in case of non-positivity. Bias of IPW estimates ranged from 

-1.9 (scenario 2, 5 confounders, r � 1! to 2.38 (scenario 3, 5 confounders, ρmin=0.1, ρmax=0.9). In 

scenario 1, bias of IPW estimates was positive and increased for increasing values of  r. However in 

scenarios 2 and 3 bias of IPW estimates were both positive and negative depending on the 

parameter values of r and ρmin, ρmax. 

 

Bias of the treatment effect estimates obtained through IPW of MSM at different levels of weight 

truncation is presented in table 3. In scenario 1, for increasing values of r the effect estimates 

obtained by IPW are positively biased, overestimating the true effect estimate. Also, within scenario 

1, weight truncation increases bias of the IPW estimates. In scenario 2 at r=0.5 and r=1, untruncated 

IPW estimates are negatively biased, underestimating the true value of the effect estimate (i.e. there 

was bias of the opposite direction of the original confounding). This bias was stronger for 5 

confounders, compared to 2 confounders. However, at r=2 in scenario 2, untruncated IPW effect 

estimates were positively biased, which was similar to scenario 1. This bias was larger for 2 

confounders compared to 5 confounders. In scenario 2, weight truncation increased bias for r=2. 

However, a small amount of weight truncation (1%) decreased bias at r=0.5 and r=1, indicating that 

it was possible to obtain unbiased estimates within these scenarios if truncation would be based on 

achieved balance (as potentially measured by SDif). Results of scenario 3 were comparable to those 

of scenario 2. 

 

Table 4 shows the correlation between PPS and bias of the IPW estimate from the “true” estimate 

(IPW bias), for each combination of the simulation parameters. The correlation between PPS and IPW 

bias ranged from a correlation of -0.65 (scenario 3, 2 confounders, r=2) to a correlation of 0.45 

(scenario 2, 2 confounders, r=1). There was no clear relation between PPS and IPW bias. However, 

for scenarios in which untruncated IPW estimates are negatively biased a comparison of tables 3 and 

4 revealed a positive correlation between PPS and IPW bias. In contrast, negative relations (i.e., 

larger positivity → smaller bias) were found in scenarios where bias of the IPW estimates was 

positive. The relation between PPS and bias in IPW estimates was stronger in scenarios with 2 

confounders compared to scenarios with 5 confounders. 
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The correlations of the size of the maximum IPW weight obtained (Wmax) with IPW bias are depicted 

in table 5. The correlation between Wmax and IPW bias ranged from -0.52 (scenario 1, 5 confounders, r2) to 0.45 (scenario 3, 5 confounders, r=0.5). For values of r= 0.0001 and r=0.5, strong positive 

correlations between the size of the maximum weight and IPW bias were obtained. However, for 

scenarios 1 and 3 at r=2, negative correlations between the size of the largest weight and IPW bias 

were observed. 

In table 6 the correlation of the sum of the SDif of the confounders with IPW bias is reported. The 

correlation between the sum of the SDif and IPW bias was consistently high, ranging from 0.8 to 0.99.  

 

DISCUSSION 

The relationships of both PPS and Wmax with bias in IPW of MSM were ambiguous. This simulation 

study of characteristics of the inverse probability weights and bias in the inverse probability 

weighting estimator of marginal structural models showed that across scenarios, the size of the 

maximum IPW weight obtained in each set was larger in case of non-positivity and this non-positivity 

was related to bias. However, there does not seem to be a relation between the absolute size of the 

maximum weight and bias. In fact, in scenarios with substantial non-positivity negative correlations 

between the size of the largest weight and IPW bias were found. Together with the finding that 

weight truncation increased bias in scenarios with substantial non-positivity, this may suggest that in 

case of strong non-positivity only large IPW weights can achieve balance. Furthermore, we observed 

a positive correlation between PPS and bias in the scenarios where untruncated IPW estimates are 

negatively biased. This may suggest that due to rare treatment decisions, IPW weights may reverse 

the direction of the confounding relationship after weighting. However, negative correlations 

between this positivity measure and bias were found in scenarios where bias of the IPW estimates 

was positive, suggesting that IPW was unable to achieve balance due to non-positivity.  

 

Throughout different simulated scenarios, the sum of the standardized differences (SDif) was 

consistently predictive of bias in the IPW estimator. Since weight truncation may either increase or 

decrease bias in IPW estimators, we suggest that researchers should not use arbitrary weight 

truncation. Instead, since SDif was consistently predictive of bias in the IPW estimator, researchers 

should use weight truncation to achieve optimal covariate balance (e.g. measured by SDif). It may be 
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beneficial to use weight truncation regardless of the size of the largest weight or the presence of 

non-positivity as quantified by the PPS, since neither of these have a consistent relation with bias in 

the IPW estimator. 

 

In line with our results, previous research indicated that large weights can be indicative of non-

positivity. Although Cole and Hernan noted that examination of the weight distribution is not 

sufficient to check the assumption of positivity. [3] Also, Petersen et al. state that well-behaved 

weights alone do not suffice to ensure positivity.
 
[12] Wang et al. 2006 suggest using parametric 

bootstrap sampling to estimate the amount of bias and variance due to non-positivity by comparing 

IPW weighting to g-computation, a method less affected by non-positivity. [13] However, in some 

scenarios it may not be feasible to perform g-computation. Furthermore, the parametric bootstrap 

requires a consistent estimate of the entire data-generating distribution and can be computationally 

intensive. Another possibility to check for positivity was coined by Petersen et al. in 2005. They 

suggested regressing the observed treatment on predicted treatment values from their chosen 

model for treatment to assess whether for any value of the covariates the probability of either 

treatment assignment was equal to 0 or 1. [12] This qualitative approach, is comparable to the PPS 

measure of positivity applied in our simulation, where the overlap of treatment groups with respect 

to their propensity score is quantified. Several studies explored weight truncation in case of rare 

treatment decisions and or non-positivity.
 

[3, 
 

4] However, the relationship between weight 

truncation and balance in IPW of MSM estimates remains poorly understood. Therefore, we assessed 

easily applicable measures for positivity and balance and quantified their relationship with bias of the 

IPW estimates.  

 

Several possible limitations of our study need to be addressed. First, although simulations allow to 

quantify the amount of bias in the IPW estimator, we only compared a limited number of scenarios 

which can be considered a limitation of this study. Second, we simulated normally distributed 

confounders; other distributional forms of the confounders may yield different results. The choice for 

continuous confounders is based on the fact that non-positivity for continuous confounders may go 

unnoticed. This is in contrast to binary confounders, where it is impossible to estimate the 

relationship between confounder and treatment in case of non-positivity (because it is impossible to 

calculate the odds ratio). However, the treatment model will not give a warning in case of non-

positivity with respect to a combination of binary confounders. Third, we only simulated continuous 

outcomes, while in situations with a (rare) binary outcome IPW is possibly more susceptible to non-
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positivity. Fourth, simulation of the outcome without the addition of a random error may be 

unrealistic. The impact of variance is also a problem of interest, however the current setup allows us 

to directly infer on the ability of IPW to create balance between exposed and unexposed subjects, 

since an unbiased estimate is obtained when balance is achieved. Fifth, using r to induce non-

positivity directly affects the strength of the relationship between the confounders and treatment. 

Therefore we are unable to completely separate the effect of non-positivity from the increase in 

strength of confounding. Furthermore, different values of r were used between scenarios. However, 

we may compare crude bias between scenarios. Additionally, since we were interested in the 

amount of bias in the IPW estimates due to violation of the positivity assumption, we used a 

correctly specified treatment model. In reality the model for treatment is rarely known. 

Misspecification of the treatment and outcome models may introduce bias in the IPW of MSM 

estimates. In addition, since PPS results from a model for treatment, misspecification of the 

treatment model may cause PPS to wrongfully indicate positivity. Another potential critique of the 

current study is that in case of nonpositivity, treatment effects are unidentified, and any estimate is 

the result of extrapolation from the area of positivity to the area of nonpositivity. However, we argue 

that it is interesting to quantify the amount of nonpositivity and to look at the extent to which IPW is 

able to perform this extrapolation. Finally, in this simulation a cross-sectional design was used to 

keep the simulation simple and clear, while MSMs are usually applied in settings with time-varying 

treatment and confounders. Future research is needed to assess how these measures behave in 

other scenarios such as non-normally distributed confounders. Estimation of the positivity measures 

used in this simulation is easy and low in computation time.  

 

Petersen et al. note that researchers may respond to positivity violations by restricting the set of 

covariates for adjustment, excluding subjects, using an alternative treatment model, and modifying 

the target intervention. All of these approaches can be understood as trading generalizability for a 

reduction in positivity violation (identifyability).
 
[12]  We recommend researchers to check balance of 

the confounders between treatment groups after IPW. When balance is achieved, the Marginal 

Structural Model yields unbiased effects,  [7, 9] provided no other sources of bias exist. However, 

when imbalance of confounders between treatment groups remains while using IPW, researchers 

should select the treatment model (PS model) which is optimal with respect to balance (SDif). We 

recommend checking the assumption of positivity with respect to the treatment model of choice 

using the PPS measure.
 
[3] In case of non-positivity researchers can apply different methods, such as 

the g-computation estimator, that relies on extrapolation towards regions of non-positivity. [12,
 
14,

 

15] 
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Non-positivity is particularly of interest in settings of time-dependent confounding that is affected by 

previous treatment, in which case MSM is most appropriate, but the ability to control bias while also 

satisfying the positivity assumption may be particularly difficult.
 
[4] In time-varying treatment 

settings, positivity holds for a dataset when both exposed and unexposed subjects at each level of 

the covariate at all moments in time that are considered in the study.  Additionally, these methods 

may be of interest to researchers analyzing randomized controlled trials with informative censoring 

using inverse probability of censoring weighting (IPCW). A randomized controlled trial comparing two 

dialysis methods in renal patients may serve as an example. All renal patients below a certain age are 

likely to receive a renal transplant (i.e. they are censored, possibly informative). Since there are no 

young patients who do not receive a renal transplant, the researcher cannot use IPCW to give these 

subjects extra weight to remove the informative censoring. 

 

Our results are in conflict with the recommendation of Yang et al. to address violations of the 

positivity assumption by weight truncation.
 
[16] We recommend caution when applying weight 

truncation. As noted, we found no straightforward relationship between the size of the maximum 

weight and bias in the IPW estimator. Trimming and truncation may both introduce bias into the 

estimator, although there can be marked reductions in variance of the effect estimator.
 
[3] To quote 

Petersen et al.: “The disproportionate reliance of the causal effect estimate on the experience of a 

few unusual individuals can result in substantial finite sample bias.”.
 
[12] When weight truncation is 

applied to find the optimal balance of covariates between treatment groups, we encourage reporting 

the effect estimate for the level of truncation resulting in the largest balance of the treatment groups 

with respect to the confounders, as well as the accompanying level of balance. In addition we 

recommend reporting positivity (as measured by PPS) before truncation as an indication of the 

reduction in generalizability. 

 

This research suggests that checking balance as measured by the absolute standardized difference of 

confounder means between treatment groups (SDif) is most indicative of bias in IPW of MSM 

estimates. Regardless of the size of the largest weight, weight truncation may be beneficial to 

achieve optimal balance (as quantified by the absolute standardized difference of confounder means 

between treatment groups, SDif) and to minimize bias in IPW of MSM estimates. 
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Chapter 3.3 

 

Minimizing bias and variance in inverse probability of treatment weighting 

(IPTW) of marginal structural models (MSM): a comparison of automated 

procedures to achieve optimal balance 
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ABSTRACT 

Background: Inverse probability weighting (IPW) of marginal structural methods (MSM) is a 

method to handle confounding in observational studies of exposure effects, requiring 

estimation of the propensity score (PS).  Nonpositivity, data-scarcity, and model 

misspecification can lead to poor performance of this method. Automated 

procedures, such as machine learning and balance optimization, are proposed to 

overcome these problems. 

Methods: In order to evaluate automated procedure in IPW of MSM estimation, simulation 

studies with four continuous confounders, a binary exposure and a binary outcome 

were performed. Four scenarios with increasing degrees of non-linearity and non-

additivity of the exposure generating model were created: A (linearity and additivity), 

B (non-linearity), C (non-additivity), and D (non-linearity and non-additivity). Within 

each scenario, four settings to generate datasets with different amounts of practical 

nonpositivity and rare exposure decisions were evaluated. For each combination of 

setting and scenario, IPW estimator of MSM were compared between non-

automated ordinary IPW and automated procedures, including; Boosted 

Classification And Regression Tree (B-CART), iterative IPW (IIPW), targeted IPW 

(TIPW), support vector machines (SVM), covariate balancing propensity score (CBPS), 

and entropy balancing (EBAL). Risk differences were estimated for each method, 

using either a basic linear combination of the four confounders in the PS model (PS 

model miss-specification) or the true exposure generating PS model.  Bias, root mean 

squared error (RMSE) and 90% coverage were estimated. 

Results: Non-automated IPW yielded unbiased estimates in scenario A. In scenario B, EBAL 

and SVM resulted in the smallest bias. CBPS led to slightly more bias in scenario B, 

but resulted in better 90% coverage. In contrast, automated procedures could not 

reduce bias compared with ordinary IPW in settings 3 and 4 in scenario C. For 

scenarios C and D, IIPW methods were relatively unbiased in settings with 

nonpositivity (settings 1 and 2). Compared to using a miss-specified PS model, using 

the true PS model for IPW generation did not reduce bias, RMSE or change 90% 

coverage for any applied method.  

Conclusion: Most automated procedures improve performance of IPW of MSM estimation 

compared to IPW in case of PS model misspecification. However, no single method 
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performed best in all scenarios and settings. A relatively simple method such as IIPW 

was the best performing method in most simulation settings, including settings with 

nonpositivity and data scarcity. Therefore, it seems possible to achieve improvement 

in IPW estimation when automated methods are applied.  
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INTRODUCTION 

Inverse probability weighting (IPW) of marginal structural methods (MSM) is a popular method to 

adjust for time-dependent confounding in observational studies of exposure (treatment) effects. The 

objective of the IPW estimator of MSM is to create a weighted version of the original sample, in 

which the association between observed confounders and the exposure of interest has been 

removed.  

One of the main difficulties is that the IPW requires estimation of the propensity score. Estimation of 

the propensity score is complicated by e.g. exposure model misspecification, practical nonpositivity, 

and rare exposure decisions. Misspecification of the PS model may result in substantial bias in effect 

estimates. [1] [2] The majority of pharmacoepidemiological studies that applied PS analysis report 

using binary logistic regression for estimating the PS, for example Sanni et al. found that 87.5% use 

binary logistic regression. [3] However, insufficient attention is given to whether the key assumptions 

of the logistic regression model (e.g. linearity on log odds scale) hold. [4] Furthermore, lack of 

positivity may lead to inability of IPW to achieve covariate balance, while rare exposure decisions 

lead to extremely small exposure probabilities, subsequently leading to large IPW weights. [5] [6] The 

observations with large weights dominate the remainder of the sample, which causes the IPW of 

MSM estimator to become highly variable. [7] Together these problems may cause poor empirical 

performance of propensity score matching and weighting methods. [1][5][8] 

Automated procedures, such as machine learning and covariate balance optimization, may serve an 

alternative for estimating the propensity score. [9] We make a distinction between automated 

procedures to handle nonpositivity and automated procedures designed to handle exposure model 

miss-specification. The former include iterative inverse probability weighting (IIPW) and data 

adaptive selection of the weight truncation level (TIPW), [7] [10] the latter contains covariate 

balancing propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression 

trees (Boosted CART, using library twang) and support vector machines (SVM). [11] [12] [13] [14] It is 

unclear which of these methods performs best in terms of reducing bias and variance of the IPW of 

MSM estimator. We adapted the simulation scheme of Kang and Schafer 2007 to compare the 

performance of these methods. [1] 
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METHODS 

Simulation 

Simulation setup 

A simulation study was conducted, which allows changing parameters of interest (e.g., sample size, 

rare exposure decisions, et cetera) in a systematic and controlled way. All simulations and analyses 

were conducted using R 3.0.1 (www.r-project.org). The R-code used to generate the simulations is 

available upon request. 

 

In analogy with Kang and Schafer, and Lee et al., we used a simulation setup where the data analysts 

gets to see variables that are a transformation of the variables used to generate exposure. [1] [13] 

Datasets consisted of four continuous confounders (indicated hereafter by Wi, with confounder 

indicator i), a binary exposure (indicated by E), and a binary outcome (indicated by Y). Data 

generation started by drawing 4 confounders (Wi) from a multivariate normal distribution with equal 

mean, variance and covariance,  of 5, 1 and 0.2, respectively, creating weakly correlated covariates 

(ρ=0.2). [15] [16] Four scenarios (A,B,C and D) were considered with increasing complexity of the 

model for exposure generation. The degree of linearity and additivity of the exposure generating 

model were varied.  

 

In scenario A, the continuous covariates were linearly associated with the log-odds of exposure and 

their effects were additive. The probability of exposure E was generated for scenario A using 

P(E=1|Wi)= f(β0 + W1*β1 + W2*β2 + W3*β3 + W4*β4 + rnorm(μ=0, σ= σe)). Where f is the expit 

function, and β0 chosen such that the average probability of exposure was approximately 0.5 (e.g. β0= 

-20 for scenario A), while β1=β2= β3= β4=1. Datasets were generated under four different settings (see 

table 1).  Each setting consists of a combination between different amounts of random error around 

the log-odds of exposure (σe=3, σe=10) and sample size (n=300, n=700). In scenario B, non-linearity 

was achieved by replacing W1 and W2 with W1
2
 and W2

2
 for producing the log-odds of exposure. Non-

additivity was introduced by including an interaction between W3 and W4 in the model for generating 

the log-odds of exposure for scenario C. In scenario D both non-linearity and non-additivity were 

induced by both replacing W1 and W2 with W1
2
 and W2

2
 and including the interaction between W3 

and W4 in the model for generating the log-odds of exposure. Consequently, random variable E was 

drawn from a binomial distribution with probability P(E=1|Wi). Finally, the probability that the 
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binomial outcome Y was equal to 1, was generated by: P(Y|E,Wi)= (0.05*E) + (0.02375*W1) + 

(0.02375*W2) + (0.02375*W3) + (0.02375*W4). Consequently, the random variable Y was drawn 

from a binomial distribution with probability P(Y|E,Wi). Note that generation of the probability of the 

outcome was done without addition of a random error term. For each combination of setting and 

scenario, 1000 datasets were generated.  

 

 

TABLE 1. Characteristics of the datasets obtained with different settings and scenarios 

Scenario Setting σe N R
2 

C-

stat 

R
2 

true 

C-

stat 

true 

Postivitity 

with 

respect to 

the PS 

Positivity 

with respect 

to the 

predicted 

probability of 

exposure 

Bias in the 

unadjusted 

estimate 

A 1 3 300 0.31 0.78 NA NA 0.64 0.85 0.057 

A 2 3 700 0.29 0.77 NA NA 0.66 0.88 0.057 

A 3 10 300 0.08 0.64 NA NA 0.80 0.84 0.022 

A 4 10 700 0.04 0.59 NA NA 0.83 0.87 0.023 

           

B 1 3 300 0.88 0.99 0.89 0.99 0.13 0.87 0.083 

B 2 3 700 0.88 0.98 0.88 0.99 0.14 0.93 0.082 

B 3 10 300 0.62 0.91 0.62 0.91 0.38 0.89 0.067 

B 4 10 700 0.62 0.91 0.62 0.91 0.40 0.93 0.071 

           

C 1 3 300 0.80 0.97 0.81 0.98 0.21 0.89 0.081 

C 2 3 700 0.80 0.96 0.80 0.97 0.23 0.94 0.082 

C 3 10 300 0.43 0.83 0.43 0.83 0.54 0.87 0.057 

C 4 10 700 0.42 0.83 0.42 0.83 0.57 0.90 0.059 

           

D 1 3 300 0.91 0.99 0.92 0.99 0.09 0.85 0.094 

D 2 3 700 0.90 0.99 0.91 0.99 0.11 0.92 0.092 

D 3 10 300 0.70 0.94 0.71 0.94 0.30 0.90 0.083 

D 4 10 700 0.70 0.94 0.71 0.94 0.32 0.93 0.085 

Legend: σe: Random error around the log-odds of exposure, N: Sample size, C-stat: area under the receiver operating curve for the PS 

model, R
2
: proportion of total variance in exposure explained by the PS model, Positivity with respect to the PS: a measure of positivity 

defined as the proportion of the total range in propensity scores in which exposed and unexposed subject groups overlap in propensity 

scores, Positivity with respect to the predicted probability of exposure: a measure of positivity defined as the proportion of the total range 

in the predicted probability to receive exposure in which exposed and unexposed subject groups overlap 
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Scenarios 

Characteristics of the datasets obtained with different settings and scenarios are presented in table 

1. Average positivity with respect to the probability of exposure ranged from 0.836 (setting 1, 

scenario A) to 0.936 (setting 2, scenario C). Average positivity with respect to the propensity score 

ranges from 0.124 (setting 1, scenario B) to 0.826 (setting 4, scenario A). C-stat and R
2

 are higher in 

settings 1 and 2 compared with settings 3 and 4, for example R
2 

is 0.88 in settings 1 and 2 in scenario 

B compared with 0.62 in settings 3 and 4. With increasing exposure model complexity, unadjusted 

effect estimates are more biased. For example in setting 1, the estimate for scenario A is 0.111, the 

estimate for scenario B is 0.125 and for scenario D the estimate is 0.144. 

In all scenarios unadjusted estimates are more biased in settings 1 and 2 (where σe=3), compared to 

settings 3 and 4 (where σe= 10). For example in scenario A, unadjusted analyses are most biased in 

settings 1 and 2 (0.057 and 0.057 respectively) compared with settings 3 and 4 (0.022 and 0.023 

respectively). There is more nonpositivity with respect to the propensity score and higher values for 

the c-statistic in settings 1 and 2 compared to settings 3 and 4. Also, exposure probabilities 

generated using a more complex model lead to increased confounding, since unadjusted effect 

estimates are more severely biased with each increase in exposure model complexity. 

 

Automated statistical procedures 

Automated procedures for generating IPW 

These methods can be divided into two categories: methods proposed to deal with nonpositivity and 

methods developed to deal with exposure model misspecification. In the following section we 

provide a brief description of and reference to the  methods included in this manuscript. Details may 

be found in the appendix. 

Automated procedures proposed to deal with nonpositivity 

We chose two estimators originally developed to address large weights/ practical nonpositivity: 

iterative inverse probability weighting (IIPW) and data-adaptive selection of the truncation level for 

IPW estimators (TIPW). [7] [10] IIPW is an algorithm suggested by van der Wal, that performs IPW 

iteratively, truncating the weights at each iteration. In each iteration a weighted model for exposure 

is fitted, using the truncated IPW from the previous iteration. When the variance of the logarithm of 

the resulting weights is smaller than some arbitrary value, the algorithm converges and IIPW returns 

the set of weights. If not, the weights used for the fitting the exposure model are truncated followed 
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by the next iteration. Previous research by Van der Wal found that IIPW was more robust against 

model misspecification, had less small sample bias, and less variability and compared with ordinary 

IPW. Here we compared two applications of IIPW, using different levels of truncation (1% and 5%) in 

the algorithm. Van der Wal obtained good results with respect to bias, variance, RMSE, convergence, 

average CI using 5% truncation. See the appendix for the complete algorithm. Data-adaptive 

selection of the truncation level for IPW estimators (TIPW) was designed to select an appropriate 

truncation constant for IPW based on the goal of minimizing the mean squared error of the 

estimator. Previous research showed that TIPW was more efficient compared to more ad-hoc 

truncation approaches and performed as good as an infeasible benchmark estimator that relied on 

knowledge of the true data-generating distribution. [7] 

 

Automated procedures proposed to address exposure model misspecification 

Several robust methods have been developed for automated covariance balancing while estimating 

the propensity score. Machine learning tries to extract the relationship between an outcome and 

predictors through a learning algorithm, without an a priori data model. 

Boosted CART is an application of a decision tree to model exposure group membership. Decision 

trees partition a dataset into regions such that within each region, subjects are as homogeneous as 

possible, within each node of the tree subjects will have similar probability of exposure group 

membership. Brian et al. recommended Boosted CART for future consideration in PS estimation, 

because it performed superior with respect to bias and covariate balance.[13] We used ks.mean as a 

stopping rule criterion, which minimizes the mean of all covariates Kolmogorov-Smirnov distances 

between exposure groups.  

 

Support vector machines (SVM) adapts the support vector machines classifier in order to provide a 

fully automated nonparametric method that minimizes covariate imbalance and predicts exposure 

assignment at the same time. SVM uses a Bayesian Gibbs sampler; we decided to use a thinning of 5 

while sampling 200 times from the posterior and discard the first 100 as burn in draws, which was 

used in the example application of SVM in the instructions of the R-package. SVM has been shown to 

perform well in both simulation research and observational research, having less bias and a smaller 

RMSE compared to other methods (B-CART, CBPS, etc.). [17] 
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Entropy balancing estimates IPW in a way that directly incorporates balance on the sample moments 

of the covariate distributions. Results from an earlier simulation study suggest that entropy balancing 

outperforms other methods with respect to RMSE. [18] 

In covariate balancing propensity score (CBPS) a single model determines the exposure assignment 

mechanism and the covariate balancing weights. CBPS has been shown to dramatically improve poor 

empirical performance of IPW of MSM. [11] 

 

Analysis of simulated data  

The methods mentioned above were applied to all generated datasets. For scenarios B to D, IPWs 

were obtained applying each method both with the incorrect exposure model and with the exposure 

model based on the true data-generating model (see Appendix). The incorrect exposure model 

consists of a simple linear combination of all Wi. Weights were divided by the mean of the weights, 

to ensure that the mean of the weights was 1. IPW of MSM were fit using a simple linear model, 

which estimates the risk difference for the binary exposure. Results from a 1000 replications were 

summarized using mean estimates, RMSEs and coverage probability of the 90% confidence interval.  

 

RESULTS 

Bias of automated procedures 

Mean estimates obtained in each combination of scenario and setting, with IPW of MSM using 

different methods are depicted in table 2. In scenario A, most methods were slightly biased in setting 

1 (n=300, σe= 3), where TIPW and B-CART were biased most: 0.053 and 0.025 respectively. While 

SVM was unbiased in setting 1, it is the only method that was slightly underestimating the treatment 

effect in settings 2, 3 and 4. In settings 2, 3 and 4 most methods were unbiased, except for TIPW and 

B-CART. TIPW and B-CART  were biased more in settings 1 and 2 (i.e. TIPW 0.053 and 0.052) 

compared with settings 3 and 4 (i.e. TIPW 0.019 and 0.019).  

In scenario B, unadjusted analyses were biased most settings 1 and 2 (0.083 and 0.082 respectively) 

compared with settings 3 and 4 (0.067 and 0.071 respectively). All methods followed the pattern 

with increased bias in settings 1 and 2 compared with 3 and 4, with the exception of both IIPW 

methods, which were equally biased in all settings. EBAL and SVM performed similar in terms of 

reducing bias, for example EBAL yielded biases of 0.037, 0.030, 0.003, and -0.003 in the consecutive 
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settings. With estimates of 0.058, 0.012, 0.1 and 0.011 CBPS was slightly more biased. B-CART 

resulted in the largest  bias of all methods in settings 1 and 2, with estimates of 0.075 and 0.070 

respectively. The IIPW methods performed worst in settings 3 and 4.  

In scenario C, unadjusted analyses were biased more in settings 1 and 2 (0.081 and 0.082 

respectively) than in settings 3 and 4 (0.057 and 0.059 respectively). Ordinary IPW out-performed 

most other methods in settings 3 and 4, with biases of 0.001 and 0.002 respectively. Only the IIPW 

methods and SVM yielded less bias compared to ordinary IPW in setting 4. In settings 1 and 2 the 

IIPW methods led to the smallest biases;  0.001 and 0.003 respectively. TIPW was the worst 

performing method with estimates similar to that of the unadjusted analysis.  

In scenario D, unadjusted analyses were biased more in settings 1 and 2 (0.094 and 0.092 

respectively) than in settings 3 and 4 (0.083 and 0.085 respectively). All methods were biased in 

setting 1, the IIPW1 and IIPW5 methods had the least bias with biases of 0.020 and 0.023 respectively. 

Setting 2 resulted in in the smallest bias, with biases of 0.001 and -0.001 for IIPW1 and IIPW5 

respectively. In setting 3 IIPW5 and EBAL performed similarly with biases of -0.004 and 0.004 

respectively. IIPW methods, SVM and EBAL had comparable biases, of 0.002, 0.002 and -0.002 

respectively, in setting 4. 
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TABLE 2. Bias for MSM with IPW obtained using different methods 

Scenario Sett

ing 

No 

adj. 

IPW B-

CART 

IIPW1 IIPW5 TIPW SVM CBPS EBAL 

A 1 0.057 0.004 0.025 0.003 0.003 0.053 0.000 0.007 0.004 

A 2 0.057 0.001 0.019 0.000 0.002 0.052 -0.004 0.003 -0.002 

A 3 0.022 -0.002 0.006 -0.001 0.000 0.019 -0.004 0.001 -0.002 

A 4 0.023 -0.001 0.005 0.000 0.002 0.019 -0.003 0.001 -0.001 

           

B 1 0.083 0.060 0.075 0.055 0.052 0.060 0.040 0.058 0.037 

B 2 0.082 0.047 0.070 0.057 0.054 0.053 0.031 0.050 0.030 

B 3 0.067 0.011 0.038 0.061 0.056 0.023 0.005 0.012 0.003 

B 4 0.071 0.010 0.034 0.066 0.062 0.022 -0.003 0.011 -0.003 

           

C 1 0.081 0.038 0.065 0.001 0.001 0.081 0.021 0.025 0.014 

C 2 0.082 0.032 0.059 0.003 0.003 0.079 0.016 0.018 0.011 

C 3 0.057 0.001 0.024 -0.003 -0.003 0.051 -0.005 0.005 -0.008 

C 4 0.059 0.002 0.022 0.000 0.001 0.054 -0.001 0.004 -0.002 

           

D 1 0.094 0.077 0.086 0.020 0.023 0.080 0.054 0.062 0.056 

D 2 0.092 0.061 0.082 0.001 -0.001 0.067 0.034 0.059 0.044 

D 3 0.083 0.019 0.058 -0.005 -0.004 0.032 0.012 0.016 0.004 

D  4 0.085 0.024 0.055 0.002 0.002 0.035 0.002 0.024 -0.002 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM).  

 

TABLE 3. RMSE for MSM with IPW obtained using different methods 

Scenario Sett

ing 

No 

adj. 

IPW B-

CART 

IIPW1 IIPW5 TIPW SVM CBPS EBAL 

A 1 0.080 0.071 0.066 0.068 0.066 0.092 0.078 0.068 0.082 

A 2 0.068 0.045 0.045 0.044 0.042 0.070 0.052 0.044 0.052 

A 3 0.061 0.059 0.059 0.059 0.059 0.062 0.061 0.059 0.060 

A 4 0.043 0.037 0.038 0.037 0.037 0.042 0.039 0.037 0.038 

           

B 1 0.102 0.150 0.099 0.155 0.132 0.117 0.197 0.163 0.233 

B 2 0.090 0.127 0.082 0.111 0.096 0.089 0.172 0.118 0.201 

B 3 0.087 0.110 0.077 0.095 0.09 0.081 0.161 0.103 0.229 

B 4 0.081 0.073 0.059 0.083 0.079 0.060 0.114 0.070 0.149 

           

C 1 0.100 0.142 0.093 0.145 0.129 0.111 0.180 0.180 0.250 

C 2 0.090 0.106 0.075 0.094 0.078 0.093 0.164 0.132 0.237 

C 3 0.080 0.084 0.068 0.077 0.073 0.079 0.094 0.077 0.110 

C 4 0.070 0.054 0.048 0.049 0.047 0.066 0.062 0.051 0.068 

           

D 1 0.110 0.149 0.105 0.216 0.219 0.129 0.196 0.227 0.168 

D 2 0.099 0.125 0.091 0.136 0.129 0.102 0.178 0.129 0.124 

D 3 0.101 0.121 0.088 0.120 0.108 0.095 0.182 0.128 0.229 

D  4 0.093 0.088 0.073 0.078 0.068 0.072 0.159 0.086 0.195 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM).  
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RMSE of automated procedures 

Root mean squared error (RMSE) obtained in each combination of scenario and setting, with IPW of 

MSM using different methods are depicted in table 3. Over all settings and scenarios, B-CART 

resulted in the smallest RMSE of all methods compared. In scenario B IIPW5 performed best 

regarding RMSE and coverage, except in setting 1 where RMSE was increased compared to ordinary 

IPW. In scenario C, IIPW5 performed best in all settings. In scenario D IIPW5 had smaller RMSE 

compared to IPW in settings 3 and 4.  In settings 1 and 2, however, IPW yielded smaller RMSE 

compared to IIPW5.  SVM and EBAL, two methods that performed reasonably well on bias, resulted in 

larger RMSEs compared to both IPW and IIPW5. 

 

Coverage of automated procedures 

Coverage probability of the 90% confidence interval obtained in each combination of scenario and 

setting, with IPW of MSM using different methods are depicted in table 4. In scenario A, 90% CI 

coverage probability of most methods was 90%, with the exception of SVM which had a coverage 

probability of around 20% in all settings, which is due to extremely small standard errors. TIPW led to 

undercoverage in settings 1 and 2; 69.6% and 60.6% respectively. 

In scenario B with settings 1 and 2, ordinary IPW had a coverage probability of 82% and 80.3%, while 

SVM had 90% coverage probabilities of 91% and 91.6%, respectively. Corresponding figures for EBAL 

were 76.6% and 78.2%, respectively. In scenario B settings 3 and 4, 90% coverage probability of 

87.7%, 88.7% was observed for ordinary IPW and 87.4% and 88.5% for CBPS, respectively. SVM 

yielded coverage probabilities of 52.4% and 41.8%, while EBAL had coverage probabilities of 77.9% 

and 83.3%, respectively. 

 

In scenario C, all methods led to undercoverage. Both IIPW methods performed best, however. For 

example IIPW5 had coverage probabilities of 81.4%, 83.3%, 82.7% and 82.1% in settings 1 to 4, 

respectively. In scenario D, both IIPW methods also performed best, with coverage probabilities of 

around 90%. 
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Failure in estimation 

In scenarios B, C and D failure to obtain estimates in some of the individual bootstrap repetitions 

occurred in SVM at settings 1 and 2. In case of a failure in some of the individual bootstrap 

repetitions, the final SVM estimate was based on fewer repetitions. In scenario D, IIPW5 failed to 

produce an estimate in settings 1 and 2, with failure occurring 58 and 8 times respectively. Failure 

was observed more often when the true model for exposure was used. IIPW1 failed to produce an 

estimate only once in scenario 1. In settings 1 and 2 IIPW1 had larger RMSE compared to the original 

IPW estimates, but undercoverage in these scenarios for the original IPW estimates was observed 

(0.771 and 0.76 respectively). 

 

Correct treatment model use 

Replication of the analysis using the correct PS model for IPW generation reduced bias. However, for 

some methods, small increases and decreases in performance were observed in specific scenarios. 

The largest increase in performance was observed for TIPW in scenario C; supplying TIPW with the 

correct model for exposure decreased bias and RMSE, while increasing the  90% coverage probability 

in all settings. 
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TABLE 4. Coverage for MSM with IPW obtained using different methods 

Scenario Set

tin

g 

No 

adj. 

IPW B-

CART 

IIPW1 IIPW5 TIPW SVM CBPS EBAL 

A 1  0.903 0.888 0.910 0.909 0.696 0.282 0.906 0.903 

A 2  0.908 0.878 0.913 0.917 0.606 0.243 0.908 0.915 

A 3  0.899 0.902 0.903 0.899 0.894 0.217 0.898 0.903 

A 4  0.918 0.909 0.920 0.919 0.867 0.169 0.913 0.919 

           

B 1  0.820 0.643 0.845 0.861 0.599 0.910 0.828 0.766 

B 2  0.803 0.528 0.838 0.813 0.585 0.916 0.803 0.782 

B 3  0.877 0.840 0.795 0.802 0.823 0.524 0.874 0.779 

B 4  0.887 0.818 0.639 0.644 0.799 0.418 0.885 0.833 

           

C 1  0.787 0.669 0.808 0.814 0.582 0.718 0.796 0.709 

C 2  0.764 0.607 0.813 0.833 0.372 0.629 0.787 0.704 

C 3  0.810 0.815 0.818 0.827 0.776 0.328 0.818 0.782 

C 4  0.830 0.800 0.826 0.821 0.607 0.260 0.826 0.821 

           

D 1  0.771 0.572 0.874 0.830 0.515 0.942 0.795 0.819 

D 2  0.760 0.316 0.901 0.896 0.491 0.940 0.760 0.852 

D 3  0.874 0.765 0.887 0.887 0.757 0.608 0.878 0.786 

D  4  0.860 0.674 0.897 0.896 0.714 0.556 0.860 0.815 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM). When the method was provided with the true exposure model (i.e. the model used to generate the exposure data). Note that the 

true exposure effect was 0.05. 

 

DISCUSSION 

Presence of exposure model misspecification, nonpositivity, and (closely related) rare exposure 

decisions often occur in empirical applications of IPW of MSM, posing challenges for researchers 

applying IPW of MSM. A simulation study was conducted to evaluate the ability of automated 

covariate balancing methods to handle these challenges when applying IPW of MSM for estimating 

exposure effects (risk differences) on a binomial outcome. No single method performed best in all 

scenarios and settings. IIPW1 and IIPW5 performed best in scenarios A, C and D. In scenario B, EBAL 

and SVM created the smallest bias. CBPS led to slightly more bias in scenario B, but had better 90% 

coverage probability. Automated procedures did not reduce bias compared to ordinary IPW in 

settings 3 and 4 in scenario C. Using the true exposure model for IPW generation did not alter bias, 

RMSE or change 90% coverage with any method. Over all scenarios and settings IIPW seems to be 

the preferred method. IIPW was least affected by nonpositivity with respect to the propensity score. 
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In addition, IIPW was the only method able to produce reasonable estimates in scenario D setting 1. 

However, in case of non-linearity (e.g. scenario B), other methods such as SVM, CBPS and EBAL 

performed better. 

 

In case of large weights it is recommended that researchers use weight truncation in order to reduce  

the increase in variance associated with large weights, at the cost of increasing bias. [19] Indeed we 

found that arbitrary weight truncation increases bias in return for smaller RMSE, at the cost of under 

coverage (result not shown). In previous research, TIPW was shown to be more efficient compared to 

more ad-hoc truncation approaches and performed on par with an infeasible bench mark estimator 

that relies on knowledge of the true data-generating distribution. In the current study, TIPW was 

outperformed by most other methods. As indicated by previous research, SVM was shown to 

perform well in both simulation research and observational research, having less bias and a smaller 

RMSE compared to other methods (B-CART, CBPS, etc.). In the current study, SVM was relatively 

unbiased in settings 3 and 4, while 90% coverage rate for settings 3 and 4 was bad. This was probably 

caused by a large RMSE. Results from a previous simulation study suggested that entropy balancing 

outperformed other methods with respect to RMSE. However, in the current study entropy balancing 

was among the worst performing methods considering RMSE. Previously, CBPS was shown to 

dramatically improve poor empirical performance of IPW of MSM. In light of the current study, other 

methods may be preferred over CBPS. 

 

Several possible limitations of our study need to be addressed. We only compared a limited number 

of scenarios which can be considered a limitation of this study. Second, although normally 

distributed confounders can be considered as a summary of a set of confounders that possibly have 

other distributions; other distributional forms of the confounders may yield different results. 

Furthermore, only four confounders were included in the current simulation, while empirical 

applications may involve more confounders. Additionally,  correct variable selection was assumed, 

which may not be a viable assumption. Others have investigated variable selection methods for PS 

estimation and irrelevant covariates (potential confounders with either a small or negligible effect on 

treatment assignment). [20] [17] Naïve implementations of Boosted CART (B-CART) and SVM were 

implemented. [14] Several aspects of these methods may be adjusted in order to improve 

estimation. Another limitation is that some of the individual bootstrap estimates of SVM failed to 

obtain an estimate, similarly IIPW failed to produce estimates for settings 1 and 2 in scenario D. We 

excluded these failed estimates from the analysis, thereby potentially excluding a non-random 
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subset of datasets from analysis: particularly datasets with nonpositivity and rare exposure decisions 

which would otherwise have resulted in effect estimates on the edge of the distribution. [21] 

Another limitation with respect to our simulation design is that with increasing exposure model 

complexity, nonpositivity with respect to the propensity score model, and bias of the unadjusted 

estimates (e.g. amount of confounding) is also increased. In the current study, using the simulation 

scenario of Kang and Schafer 2007, we found that increasing the complexity of model 

misspecification also leads to increased nonpositivity and bias in the unadjusted estimates. Therefore 

it is difficult to judge which aspect, model misspecification or nonpositivity or increased confounding, 

has influenced the performance of the tested methods most. However, in contrast to previous 

research, we saved several relevant characteristics of the simulated datasets. This allows us to see 

the effect different settings and scenarios on characteristics of the dataset at hand. Increasing 

complexity of the PS model (scenario A → D), decreases the positivity with respect to the PS. 

Increasing σe, leads to higher positivity with respect to the PS. Consequently, we can observe a 

relationship between the amount of positivity with respect to the PS and bias in methods that seem 

to be affected by positivity with respect to the PS, like B-CART, TIPW, SVM, CBPS and EBAL. 

 

A potential critique to our current simulation setup is that in case of nonpositivity the treatment 

effect is not identified from the data. This is a genuine concern, but it is impossible to check positivity 

when the model used to generate the treatment probabilities is unknown to researchers. Also, there 

exist situations in which the events between which one wishes to create covariate balance between 

are nuisance parameters. For example in case of selective censoring, one could apply inverse 

probability of censoring weights to create balance between censored and uncensored subjects, while 

one is interested in estimating the effect of treatment on an outcome. 

To our knowledge this is the first time that several automated procedures are compared in realistic 

scenarios, including model misspecification, nonpositivity and rare treatment decisions. The results 

of this manuscript suggest several methods with potential to increase performance, future research 

should include comparisons between these methods in datasets manipulated with respect to 

characteristics different from the ones manipulated in the current study. Future research should 

address more measures for characteristics of the dataset, for example a measure for the presence of 

rare treatment decisions. Such that these characteristics may be used as an indication to use a 

certain method over others. 
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In practical applications of IPW of MSM researchers often iterate between specification of a 

treatment (PS) model and assessing covariate balance on measured confounders between exposure 

groups. However, since the variables available to the researcher may be a transformation of the ones 

used to generate treatment assignment, in which case checking balance with respect to a 

transformation of covariates would be more appropriate.  Automated procedures for IPW estimation 

are rarely applied in practice. [12] Results from the current manuscript suggest that several methods 

improve performance compared to ordinary application of IPW. A relatively simple method such as 

IIPW was the best performing method in most simulation settings, including settings with 

nonpositivity and data scarcity. Therefore, it seems possible to achieve improvement in IPW 

estimation when automated methods are applied. Our findings may be used to select the best 

performing method for the dataset at hand. 

 

A relatively simple method such as IIPW was the best performing method in most simulation settings, 

including settings with nonpositivity and data scarcity. Therefore, it seems possible to achieve 

improvement in IPW estimation when automated methods are applied.  
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APPENDIX 

TABLE 5. Bias for MSM with IPW obtained using different methods correct treatment model 

Scenario Setting IPW B-CART IIPW1 IIPW5 TIPW SVM CBPS 

B 1 0.055 0.075 0.055 0.052 0.059 0.040 0.049 

B 2 0.050 0.070 0.057 0.054 0.054 0.032 0.048 

B 3 0.012 0.038 0.060 0.056 0.023 0.005 0.013 

B 4 0.012 0.034 0.066 0.062 0.022 -0.004 0.012 

         

C 1 0.036 0.062 0.002 0.000 0.046 0.023 0.015 

C 2 0.032 0.056 0.003 0.002 0.042 0.017 0.011 

C 3 0.002 0.023 -0.003 -0.003 0.013 -0.006 0.005 

C 4 0.003 0.020 0.000 0.001 0.014 -0.001 0.004 

         

D 1 0.079 0.086 0.022 0.026 0.081 0.052 0.063 

D 2 0.064 0.082 -0.001 -0.003 0.069 0.039 0.056 

D 3 0.021 0.056 -0.007 -0.005 0.032 0.015 0.010 

D  4 0.024 0.053 0.002 0.002 0.035 0.003 0.024 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM).  

 

 

 

TABLE 6. RMSE for MSM with IPW obtained using different methods correct treatment model 

Scenario Setting IPW B-CART IIPW1 IIPW5 TIPW SVM CBPS 

B 1 0.148 0.099 0.156 0.132 0.118 0.191 0.174 

B 2 0.117 0.082 0.111 0.095 0.090 0.164 0.117 

B 3 0.108 0.077 0.095 0.090 0.081 0.167 0.103 

B 4 0.072 0.059 0.083 0.079 0.060 0.122 0.070 

         

C 1 0.139 0.095 0.146 0.128 0.107 0.166 0.200 

C 2 0.105 0.076 0.095 0.078 0.078 0.151 0.143 

C 3 0.082 0.068 0.077 0.073 0.071 0.107 0.077 

C 4 0.053 0.047 0.049 0.047 0.048 0.069 0.051 

         

D 1 0.145 0.104 0.227 0.227 0.130 0.170 0.253 

D 2 0.120 0.090 0.144 0.150 0.101 0.153 0.161 

D 3 0.117 0.088 0.122 0.109 0.095 0.172 0.143 

D  4 0.088 0.072 0.080 0.069 0.072 0.160 0.091 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM).  
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TABLE 7. Coverage for MSM with IPW obtained using different methods correct treatment model 

Scenario Setting IPW B-CART IIPW1 IIPW5 TIPW SVM CBPS 

B 1 0.812 0.643 0.851 0.862 0.597 0.931 0.816 

B 2 0.787 0.528 0.842 0.819 0.572 0.933 0.789 

B 3 0.879 0.840 0.799 0.798 0.818 0.545 0.878 

B 4 0.900 0.818 0.642 0.647 0.803 0.449 0.900 

         

C 1 0.785 0.687 0.815 0.811 0.704 0.735 0.783 

C 2 0.769 0.652 0.810 0.829 0.668 0.666 0.791 

C 3 0.812 0.817 0.822 0.826 0.868 0.351 0.818 

C 4 0.831 0.803 0.824 0.822 0.855 0.301 0.825 

         

D 1 0.742 0.577 0.853 0.825 0.497 0.964 0.791 

D 2 0.737 0.333 0.899 0.872 0.472 0.971 0.783 

D 3 0.889 0.769 0.891 0.886 0.763 0.671 0.884 

D  4 0.858 0.687 0.894 0.891 0.727 0.604 0.857 
Legend: iterative inverse probability weighting (IIPW), data adaptive selection of the weight truncation level (TIPW), Covariate balancing 

propensity score (CBPS),  entropy balancing (EBAL), boosted classification and regression trees (B-CART) and support vector machines 

(SVM).  
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In this thesis we addressed the topics of time-varying exposure and time-varying confounding in 

observational epidemiological research. Here, we will reflect on the key findings of the studies 

presented in this thesis and what these mean for future studies of time-varying exposures (with or 

without confounding). In this chapter, the term exposure refers to a broad spectrum ranging from 

medical treatments (e.g. treatment with statins) to hazardous chemical exposures (e.g. lead 

contaminated drinking water).  

 

METHODS TO ESTIMATE TIME-VARYING EXPOSURE EFFECTS 

 

When exposure varies over time, researchers can choose different ways of measuring exposure 

status, incorporating exposure status in the analysis, and operationalizing the relationship between 

the exposure and the outcome. We performed a systematic review of observational studies 

performed at intensive care units (ICUs) of the effects of medical treatment (exposure), where time-

varying exposures frequently occur. The review, described in Chapter 2.1, indeed showed that 

exposures are time-varying in the majority of ICU studies. However, in most of these studies, 

including daily measurements of exposure in the analysis was uncommon. In contrast, in most 

studies, the researchers applied an intention-to-treat analysis, based on the first exposure status 

measured during follow-up, thus ignoring potential changes in exposure status during follow-up.  

The impact of ignoring changes in exposure status during follow-up (i.e., ignoring the time-varying 

nature of exposures) can be substantial. [1-3] For example, in a randomized trial of the effect of 

hemodiafiltration vs. hemodialysis, described in Chapter 2.2, approximately 20% of the trial 

participants received a renal transplant during follow-up (i.e., their exposure status changed). Since 

the renal transplant receivers were not a random subset of patients, but in fact a relatively younger 

subset, the exposure effect that is estimated depends on whether or not these changes in exposure 

status are taken into account. Indeed, previous studies, that dealt differently with renal transplants 

during follow-up, came to different (conflicting) conclusions. [4, 5] In order to obtain an estimate of 

the exposure effect that is independent of the effect the exposure has through affecting (the 

probability of) another exposure (e.g., renal transplant), researchers could include the exposure 

during follow-up (or ‘competing treatment’ / ‘competing exposure’) as a time-varying covariate in 

the model of the exposure-outcome relation. However, inclusion of a competing treatment as a time-

varying covariate in the model, requires researchers to adjust for variables that are related to both 

the competing treatment and the outcome variable. If the latter type of variables is not accounted 
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for in the analysis, the estimated exposure-outcome relation may be biased. [6] Note that the 

competing treatment used in this example may be interchanged with time-varying exposure in 

general (e.g. intermittent use of the same exposure, additional exposure during follow-up, etc). 

Another problem encountered when estimating causal effects of time-varying exposures is left-

truncation, a situation in which subject information prior to cohort enrolment is unobserved, 

potentially leading to misclassification of exposure. [7-13] Obviously, for time-fixed exposures, such 

misclassification will not occur. The simulation study described in chapter 2.3 of this thesis showed 

that left-truncation may lead to both under and over-estimation of, e.g., the cumulative exposure 

effect. Furthermore, the extent of the bias can be substantial, even if left-truncation is a random 

process. This underlines the necessity of inception cohorts when studying time-varying exposures. 

[14] [15]  

 

Recommendations 

Before discussing the recommendations on how to deal with time-varying exposures, we pause to 

state that researchers should carefully define the causal effect of interest. When researchers are 

interested in the total causal effect of exposure initiation (i.e. the effect of treatment strategy), the 

time varying nature of exposure may be of secondary interest. However, when treatment adherence 

is imperfect and could be improved, it may be interesting to see how many patients in fact switched 

exposure during follow up, so that the effect of improving adherence may be estimated. When 

interest is in the direct causal effect of treatment (i.e. the biological effect of exposure), the following 

recommendations on how to deal with time-varying exposures may be followed. First, in studies of 

time-varying exposures, the frequency of exposure measurements needs to match the frequency by 

which exposure may change in daily practice. This also holds for so-called competing exposures, 

potentially allowing for inclusion of competing exposures as a time-varying covariate in the outcome 

analysis. Second, researchers need to report in enough detail on the frequency of both 

administration and recording of exposure. Third, the number of patients switching exposure during 

follow-up needs to be reported, because exposure switching can potentially introduce bias. In this 

context, it is interesting to report descriptive statistics for patients switching exposure during follow 

up, compared to those remaining in the same exposure state (e.g. for each exposure group, split 

descriptive statistics by exposure switch yes/ no). [6] Fourth, when estimating the effect of 

cumulative or first-time exposure, left-truncation time (or a proxy of left-truncation time, e.g. age 

minus typical age at entry of the database) needs to be measured, enabling handling of late cohort 

entry in the analysis.  
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METHODS TO DEAL WITH TIME-VARYING CONFOUNDING 

In observational studies, changes in time-varying exposure status often depend on (changes in) time-

varying confounders. [16] [17] [18] When exposure status also affects future confounder status, 

special methods to control for these time-varying confounders are required. [19] Of these advanced 

methods, inverse probability weighting (IPW) is the method that is most often used. [16] [18]  

IPW uses a statistical model for exposure, sometimes called the propensity score (PS) model. To 

apply this method, variables that affect the likelihood of exposure need to considered and measured 

adequately, unless such variables are only associated with exposure and not with the outcome (the 

latter will induce bias).[20] For example, if the probability of being exposed increases when patients 

are more severely ill, disease severity needs to be measured in a study of that exposure, provided 

disease severity affects the outcome as well. In contrast to a prediction model, where the goal is to 

select the model that discriminates between exposed and unexposed subjects, PS model 

specification should be based on its ability to create balance in covariate distributions between 

exposure groups. [21-23] Balance here refers to comparability in the distributions of covariates 

across exposed and unexposed groups. [24, 25] The PS model by which perfect balance can be 

obtained is generally unknown and has to be estimated from the data. Aspects of specifying the PS 

model include selection of covariates and specification of the functional relation between these 

covariates and exposure (e.g. higher order moments and interactions). Misspecification of the PS 

model may result in substantial bias of effect estimates. [26, 27] In order to achieve (conditional) 

exchangeability (i.e. the assumption of no unmeasured confounding), it is advisable to measure as 

many potential confounders as possible and include these variables in the PS model. However, Cole 

and Hernán note that this does not always work, since inclusion of non-confounding variables may 

introduce selection bias and adding too many potential confounders in relation to the number of 

observations may introduce finite-sample bias (similar to bias from nonpositivity). [28, 29] Also, 

adding non-confounding variables to the model for the weights in IPW may decrease statistical 

efficiency. [30] Recommendations for selection of variables for IPW are similar to those in propensity 

score analysis. It is recommended to include all variables related to the outcome in the IPW model. 

[31] Variables strongly related to exposure, but unrelated to the outcome, should in general not be 

included, because this may induce bias and increases the variance of the effect estimates. [20] [32] 

When, after weighting, confounders still are imbalanced between exposure groups, researchers 

could consider to remove variables that only have a relation with the outcome in order to improve 

balance on the confounding variables. [33] It is recommended to select variables based on clinical 
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knowledge of their causal relations with exposure and the outcome. When the underlying causal 

structure is unknown, however, researchers may use variable selection methods for PS estimation. 

[34, 35] Apart from the selection of variables to be included in the model, the relationship between 

variables and exposure should be specified (i.e. higher order moments, interactions) in order to 

achieve balance. In case of continuous exposures, a distributional form (e.g., normal or Poisson) for 

the model of exposure should be specified. [36] Cole and Hernán describe a bias-variance tradeoff, 

indicating a tradeoff between reducing confounding balance and increasing bias and variance due to 

nonpositivity. This tradeoff includes the choice between using an imperfectly specified model that 

results in well-behaved weights (e.g., mean = 1, small range) versus using the perfect model that may 

lead to large weights. For example, when the perfect model includes many variables which leads to 

nonpositivity and consequent large weights, specification of an imperfect model excluding one of the 

confounders may lead to more well-behaved weights. In this case, using the well-behaved weights 

may lead to incomplete balance on the confounder that was excluded, thereby biasing the results, 

but resulting in a small variance of the IPW of MSM estimate. Using the large weights from the 

perfect PS model including all confounders may create perfect balance, but the large weights 

potentially inflate the variance of the effect estimate. Weight truncation (i.e. a method used to 

decrease the range of the weights) may be used to reduce variance of the effect estimate, at the cost 

of increasing bias. [33] 

In the empirical study described in Chapter 3.1, IPW was applied to control for confounding in a study 

of a continuous exposure. Different specifications of the distributional form of the PS model resulted 

in varying weight distributions, leading to different IPW of MSM effect estimates. However, after 

applying weight truncation at the 5% level, effect estimates were very similar. Furthermore, 

application of weight truncation improved confounder balance between exposure groups. An 

optimal level of truncation with respect to balance was identified, but even at that optimal level of 

truncation, balance was not perfect across all confounders. Potential reasons for not achieving 

optimal balance include misspecification of the relation between confounders and exposure or 

specification of inappropriate distributional forms for exposure and nonpositivity. [33, 36]  

IPW was further explored in a simulation study described in Chapter 3.2, in which several 

characteristics of IPW were related to bias in the obtained MSM effect estimates. No clear 

relationship was found between the size of the maximum weight obtained and bias in the IPW of 

MSM estimates, nor between measures of nonpositivity and this bias. We did find, however, that the 

standardized difference of covariate distributions between exposure groups was consistently 

predictive of bias in IPW of MSM estimates. Additionally, the simulation results indicated that, 
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regardless of the size of the maximum obtained weight, weight truncation may be beneficial in order 

to minimize bias in IPW of MSM. 

In a second simulation study, described in Chapter 3.3, several automated procedures for obtaining 

IPW were compared in terms of the resulting bias, root mean squared error (RMSE), and 90% 

coverage. Most automated procedures improved performance of IPW of MSM estimation on all 

these three performance measures compared to non-automated IPW in case of PS model 

misspecification. No single method performed best across simulated scenarios (which differed in the 

degree of PS model misspecification, nonpositivity, and exposures prevalence). Using the “true” PS 

model (i.e. the model that was actually used to generate the exposure in the simulation study) did 

not alter bias, RMSE, or coverage for any of the automated methods we applied. Iterative inverse 

probability weighting (IIPW) performed best in most settings, except in case of nonlinearity of the 

exposure generating model. 

 

Recommendations 

The algorithm of IIPW aims at optimizing balance of confounders across levels of the exposure. The 

fact that IIPW performs best in most settings, together with the finding that specifying the “true” PS 

model did not alter bias suggest that specification of the relation between covariates and exposure is 

not of primary concern, but that achieving balance is what researchers should aim for. In other 

words, it seems that specification of the relation between covariates and exposure is not very 

important, as long as the resulting weights are estimated in such a way (e.g. weight truncation, 

automated procedure) that balance between exposure groups is obtained.  

Therefore, our first recommendation is to apply weight truncation regardless of the size of the 

maximum obtained weight and to find the level of weight truncation which minimizes the 

standardized difference of covariate distributions between exposure groups (i.e., optimizes balance). 

Second, we recommend to explicitly check balance of the confounders between exposure groups 

after IPW. When balance is indeed achieved, the MSM yields unbiased effects, [32, 38, 39] provided 

no other sources of bias exist and, obviously, a sufficient set of confounders has been adequately 

measured and the correct PS model was applied. Third, when imbalance of confounders between 

exposure groups remains while using IPW, researchers should select the PS model which leads to the 

most optimal balance, yet be warned that residual confounding may still bias their results. Therefore, 

researchers should explicitly report on the achieved balance. Fourth, sensitivity analysis for different 
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model specifications at their respective optimal balance settings may provide a better understanding 

of the potential for such bias.  

However, as Austin et al. indicate, the interpretation of balance diagnostics is inherently subjective, 

since the degree of imbalance a researcher is willing to accept on a covariate likely depends on the 

effect of the covariate on the outcome. [40] Austin et al. also state that if balance improves on one of 

the covariates while it decreases on another, the strength of the relation with the outcome should be 

taken into account. It should be emphasized that balance is typically checked with respect to a 

certain specification of the variables, while it may also be necessary to check balance with respect to 

a transformation of variables. In addition, leaving the researcher the choice for a certain balance 

introduces the possibility that researchers may choose a truncation level that provides them with a 

favorable effect estimate. Therefore, our final recommendation would be to use automated 

procedures for IPW estimation. However, future research is needed to investigate automated 

approaches to IPW estimation, as we will discuss in the coming section. 

 

FUTURE RESEARCH 

Regarding estimation of time-varying exposure effects and methods to deal with time-varying 

confounding, many questions remain. In the following paragraph we provide suggestions for future 

research. 

When one is interested in estimating first-time or cumulative exposure effects, presence of left-

truncation (e.g. time during which subjects could potentially be exposed, however for which no 

information is available since it occurred before entry into the study) may bias results; especially 

when left-truncation time is non-random. Incorporation of left-truncation time in the model for the 

outcome can take this late entry bias into account. [41] Research is needed to assess different 

proxies for left-truncation time and their ability to control for late entry bias. Additionally, different 

methods (e.g. incorporation of left-truncation time in the analysis, IPCW on left truncation) to handle 

left-truncation time in the analysis could be compared. [42] In addition, sensitivity analysis for left-

truncation could be performed. Such an analysis could address questions like: how much does the 

effect estimate change when a realistic percentage of cumulative exposure is considered 

misclassified, or when a realistic percentage of first-time exposure is considered misclassified? 

In studies of time-varying exposures, the frequency of exposure measurements needs to match the 

frequency by which exposure may change in daily practice. There are situations in which the 
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frequency of application of exposure differs per patient and depends on prognostic characteristics, 

e.g., in an intensive care setting where exposures are administrated in response to rapidly changing 

patient characteristics. In this case the researcher needs to choose a realistic interval within which 

exposures and confounders are considered not to have changed  For example, patients with 

exposures (and confounders) measured between months 6 to 12 are all classified as exposed during 

that half year. In settings with expected multiple changes in exposure and confounders within a short 

time period, such as during surgery or during an ICU stay, this period should be much shorter. Future 

research should target the impact of a choice for certain time intervals.   

Regarding the application of IPW, results from the empirical and simulation studies included in this 

thesis, indicate that truncation does not always lead to bias. In theory it seems possible to achieve 

complete balance when positivity holds. In practice it was often possible to obtain an optimum level 

of balance by weight truncation. However, problems such as nonpositivity and rare treatment 

decisions often cause poor performance of IPW in practice. In our simulations we often used a point 

treatment setting. When patients are followed-up for many time-points, many different patient 

histories (e.g. combinations of exposure and confounder values over time) may be observed, 

especially when multiple exposures are of interest. In this case, we expect more data scarcity (e.g. 

rare treatment decisions) and nonpositivity. Similarly, when multiple problems arise in the same 

dataset (e.g. time-varying confounding and informative censoring) it becomes increasingly complex 

to estimate IPWs that will balance confounders between exposure groups. Automated procedures 

may provide a formal bias-variance tradeoff, and overcome the subjective nature of balance 

checking. A relatively simple method such as IIPW was the best performing method in most 

simulation settings, including settings with nonpositivity and data scarcity. Therefore, it seems 

possible to achieve improvement in IPW methods when automated methods are applied. Future 

research should further evaluate and compare automated approaches to IPW estimation. Research is 

needed to identify suitable candidate IPW estimators, and evaluate performance of these estimators 

in a variety of settings; for example different exposure generating models and various degrees of 

nonpositivity and exposure prevalence. Concerning these automated procedures, iterative 

procedures comparable to IIPW could be developed further. These procedures could combine model 

specification and weight truncation using a grid search procedure to obtain optimal balance and a 

small standard error for the effect estimate. For example, by minimizing the range in the resulting 

weights or by directly minimizing the standard error around the estimate; this may be 

computationally intensive since bootstrap standard errors need to be obtained. These methods 

should take into account the strength of the variables’ relation with the outcome and prioritize 

balance on variables with a strong relationship with the outcome. [40] Research should also compare 
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measures for balance used in the optimization procedure of these new methods. Several diagnostics 

for assessing balance have been proposed in the context of propensity score (PS) analysis, such as 

the standardized difference, [24, 38] and these deserve to be tested in the context of IPW, for 

example in settings with a continuous or multinomial exposure. [40]  

 Our simulation studies on automated IPW methods did not include stabilized weights and future 

research should also investigate the incorporation of stabilized weights in the automated 

procedures. We assessed performance of IPW in case of nonpositivity with 50% exposed; deviations 

from this 50% need to be explored in order to better reflect research practice. Additionally, research 

towards the sample size or number of events (i.e. number of exposed) required per variable in IPW is 

needed, [43]  as well as the role of Firth’s correction in the logistic PS model.[44] IPW is relatively 

straightforward to apply and provides researchers with clues with respect to nonpositivity (e.g. large 

weights). However, IPW may not be the preferred method in terms of bias and variance in case of 

nonpositivity, when there are extreme weights, or when interactions between confounders and 

exposure are of interest. Next to IPW of MSM, other methods for handling time-varying confounding 

(e.g. g-computation, g-estimation) have been proposed. While these methods are less often applied, 

a thorough evaluation and comparison of these methods is warranted because of the potential 

advantages they offer. For example, it was shown that when there are many confounding variables 

IPW is less efficient and less stable compared to g-computation. [19]  

 

CONCLUDING REMARKS 

Observational studies of the effect of exposure are challenging when patients exposure statuses 

change over time. Analyzing exposure as time-fixed leads to misclassification of exposure time. 

Therefore, researchers interested in the direct causal effect of exposure should incorporate exposure 

as a time-varying variable in the outcome model. However, when patients exposure statuses change 

in relation to patient characteristics, estimating the causal effect of such an exposure is hampered by 

time-dependent confounding. IPW, a method to deal with time-dependent confounding was studied 

in this thesis. Balance of covariate distributions between exposure groups was found to be a good 

performance indicator for IPW, allowing comparison of different model specifications and levels of 

weight truncation. Irrespective of which causal effect of a time-dependent exposure is being 

estimated, or which method is used to control for (time-dependent) confounding, it is crucial to 

explicitly report on these issues in order to allow readers to judge the meaning and validity of the 

results of studies of the effects of time-dependent exposures. 
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Introduction 

In observational (i.e. non-experimental, non-randomized) studies on causal effects, allocation of 

exposure is not a random process. Therefore exposure groups may differ in more respects than 

exposure only.  Notably, exposure groups may also differ in terms of prognostic characteristics, a 

situation referred to as confounding, which can lead to biased causal effect estimates. As an 

introduction to this thesis (Chapter 1), methods were discussed to estimate causal effects of 

exposures that potentially vary over time and how to control for confounding in observational 

studies of such exposures. When exposure and confounders are measured over time, confounder 

status at a particular moment in time may be both a result of previous exposure and a cause of 

future exposure. In case time-varying confounders are affected by previous exposure standard 

methods to adjust for confounding may lead to bias. Alternative methods exist to address this 

problem, one of which is inverse probability weighting (IPW).  

 

Methods to estimate causal effects of time-varying exposures  

In chapter 2 of this thesis, methodological issues were discussed that arise when estimating causal 

effects of time-varying exposures. In chapter 2.1 the methods currently applied in observational 

studies of time-varying exposures were presented. A systematic review of the literature was 

performed focusing on observational studies on the effects of drug exposure within an intensive care 

unit (ICU) population, published between January 2010 and December 2014 in five ICU journals. The 

PubMed search resulted in 212 publications, of which 41 articles were included for review. In 22 

studies, exposure status potentially changed during follow-up. In 8 of these, exposure status was 

registered on a daily basis. In the remaining 14 studies exposure was registered at baseline only, of 

which 12 studies applied an intention-to-treat (ITT) analysis and did not report on the number of 

patients switching exposure. Reporting of aspects related to exposure switching in observational 

studies of time-varying drug exposures in ICU research was found to be far from optimal. This review 

showed that although more than half of the included articles investigated time-varying exposure, the 

time-varying aspect was not considered in the analysis. 

 In chapter 2.2 the importance of considering competing exposure that may affect prognosis 

in a randomized trial was studied in a pooled individual patient analysis of two trials the effect of two 

methods of dialysis (i.e., hemodiafiltration vs. hemodialysis) on subsequent risk of mortality. In these 

trials, subsets of trial participants received a renal transplantation during follow-up, which 

considerably improved survival. Using individual patient data from the ESHOL (n=902) and CONTRAST 

(n=714) trials, four methods for estimating the effect of hemodiafiltration versus hemodialysis on 
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mortality risk were compared: intention-to-treat (ITT) analysis (i.e., not taking renal transplantation 

into account), per protocol exclusion (PPexcl; exclusion of patients who receive transplantation), per 

protocol censoring (PPcens; censoring patients at the time of transplantation), and transplantation-

adjusted (TA; addition of  transplantation as a time-varying covariate in the outcome model) analysis. 

Results of these analyses indicated that different analytical methods to deal with renal 

transplantation during the follow-up resulted in differences between effect estimates. Adjustment 

for confounders of the transplantation-outcome relationship led to more similar effect estimates 

between the ESHOL and CONTRAST trials. Our analyses indicate that hemodiafiltration reduces 

mortality by 10-20% compared to hemodialysis. 

 In chapter 2.3 the impact of random left-truncation of data on the estimation of the relation 

between time-varying exposure and adverse events was assessed. Using simulated data, all 

observations prior to the moment of left-truncation were omitted from the analysis. In this 

simulation study, the relation between exposure and outcome was based on either an immediate 

exposure effect, a first-time exposure effect, or a cumulative exposure effect. The individual 

probability of truncation, the moment of truncation, the exposure rate, and the incidence rate of the 

outcome were varied across simulated scenarios. Random left-truncation was found not to bias 

estimates of immediate exposure effects, but resulted in an overestimation of a cumulative exposure 

effect and an underestimation of a first-time exposure effect. The magnitude of bias in estimating 

the cumulative exposure effects depended on a combination of exposure rate, probability of 

truncation and proportion of follow-up time that was left-truncated. This simulation study showed 

that left-truncation may result in substantial bias in quantifying the relation between time-varying 

exposures and adverse events. 

 

Methods to deal with time-varying confounding 

Chapter 3 discusses the performance and methodological aspects of IPW of marginal structural 

models (MSM), a method to deal with confounding in observational pharmacoepidemiologic studies. 

In chapter 3.1 different IPW models for continuous exposure were compared in a study of 

benzodiazepine exposure and the risk of delirium in a cohort of 1028 critically ill adults. The effect of 

benzodiazepine exposure was estimated using a multinomial model (outcome states: awake, coma, 

delirium, and death or discharge). Regression adjustment for 7 time-fixed and 10 time-varying 

confounders was compared to MSM with different IPW models for continuous benzodiazepine 

exposure: normal, gamma, quantile binning (dividing exposure into a number of categories), and 

zero-inflated Poisson (a distributional form characterized by zero inflation and right skewness). These 
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different methods for obtaining inverse probability weights for continuous exposures yielded similar 

exposure-outcome effect estimates. IPW was found to remove confounding only in part.  

In chapter 3.2 the relation between three characteristics of IPW and bias in effect estimates 

obtained using IPW was evaluated in a simulation study using continuous confounders, a binary 

exposure, and a continuous outcome. These characteristics were (1) positivity with respect to the 

propensity score (PPS), defined as the overlap in range of the propensity scores between exposure 

groups; (2) Wmax , defined as the maximum observed IPW weigh); and (3) the absolute standardized 

difference (SDif) defined as the absolute standardized difference of confounder means between 

exposure groups. We found no relations between PPS and Wmax on the one hand and bias of the IPW 

of MSM estimates on the other. SDif was most indicative of bias in IPW of MSM estimates. 

In chapter 3.3, the performance of automated procedures in IPW of MSM estimation were 

evaluated using simulation studies, with varying amounts of nonpositivity, data-scarcity, and 

propensity score model misspecification. Simulation studies with four continuous confounders, a 

binary exposure, and a binary outcome were performed. IPW estimators of MSM were compared 

between non-automated ordinary IPW and automated procedures, including Boosted Classification 

And Regression Tree (B-CART), iterative IPW (IIPW), targeted IPW (TIPW), support vector machines 

(SVM), covariate balancing propensity score (CBPS), and entropy balancing (EBAL). Risk differences 

were estimated for each method, using either a basic linear combination of the four confounders in 

the propensity score model (PS model misspecification) or the true exposure generating PS model 

(true PS model).  Bias, root mean squared error (RMSE) and 90% coverage were estimated. We found 

that a relatively simple automated method such as IIPW performed best in most simulation settings, 

including settings with nonpositivity and data scarcity. No single method performed best in all 

scenarios and all settings. Compared to using a misspecified PS model, using the true PS model for 

IPW generation did not reduce bias or RMSE or change 90% coverage for any of the methods we 

applied. In conclusion, most automated procedures improved performance of IPW of MSM 

estimation compared to non-automated IPW in case of PS model misspecification.  

 

General discussion 

In chapter 4 a general discussion of the methods to estimate time-varying exposure effects and the 

methods to deal with time-varying confounding was provided. In this general discussion, the key 

findings of the studies presented in this thesis were considered, which served as a base for 

recommendations on the application of methods to deal with time-varying exposure and 
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confounding. Epidemiologic researchers are encouraged to be explicit about the causal effect of 

interest, i.e. the total causal effect of exposure initiation (i.e. the effect of exposure strategy) vs. the 

direct causal effect of exposure (i.e. the biological effect of exposure). Specific recommendations are 

provided for studies in which case exposure varies over time. Irrespective of which causal effect of a 

time-varying exposure is being estimated, or which method is used to control for (time-varying) 

confounding, it is crucial to explicitly report on the aspects of exposure and confounders over time in 

order to allow readers to judge the meaning and validity of the results of studies of the effects of 

time-varying exposures
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Inleiding 

In observationeel (d.w.z. niet-experimenteel, niet-gerandomiseerd) onderzoek naar causale effecten 

van blootstelling aan bijvoorbeeld een medicijn, is de toewijzing van de blootstelling geen willekeurig 

proces. Meestal verschillen de groepen in meer opzichten dan alleen de blootstelling. Dit is 

bijvoorbeeld het geval wanneer patiënten die een slechtere prognose hebben vaker een medicijn 

krijgen toegediend. Wanneer we in de analyse geen rekening zouden houden met deze 

prognostische kenmerken (confounders), dan kan dit leiden tot een systematische vertekening (bias) 

van het geschatte causale effect van de het medicijn. De inleiding op dit proefschrift (hoofdstuk 1) 

beschrijft verschillende methoden om causale effecten van tijdsafhankelijke blootstellingen te 

schatten. Ook wordt de wijze van omgaan met confounders in observationeel onderzoek van 

dergelijke tijdsafhankelijke blootstellingen besproken. Als zowel de blootstelling als de confounders 

op verschillende momenten in de tijd worden gemeten, kan de toestand van een confounder op een 

bepaald tijdstip zowel een oorzaak zijn van een toekomstige blootstelling als een gevolg van een 

voorafgaande blootstelling. In dat laatste geval leiden standaard methoden om te corrigeren voor 

confounding mogelijk tot vertekende effectschattingen. Er bestaan alternatieve methoden om met 

dit probleem van tijdsafhankelijke confounding om te gaan, een van deze methoden is inverse 

probability weighting (IPW). 

 

Methoden voor het schatten van causale effecten van tijdsafhankelijke blootstellingen 

In hoofdstuk 2 van dit proefschrift worden methodologische kwesties besproken die zich voordoen 

bij het schatten van causale effecten van tijdsafhankelijke blootstellingen. Hoofdstuk 2.1 beschrijft 

een systematische review van de literatuur, die zich richt op observationele studies van 

geneesmiddelen die gebruikt worden op de intensive care (IC). Het omvat studies die tussen januari 

2010 en december 2014 zijn gepubliceerd in vijf IC tijdschriften. De zoektocht in PubMed leverde 212 

publicaties op, waarvan 41 artikelen in de review werden opgenomen. In 22 studies had de 

blootstelling waarin men geïnteresseerd was het potentieel om te veranderen tijdens de follow-up. 

Van deze 22 studies werd blootstelling in 8 gevallen dagelijks geregistreerd. In de overige 14 studies 

werd blootstelling alleen aan het begin van het onderzoek (baseline) geregistreerd, waarbij in 12 

gevallen een intention to treat (ITT) analyse werd uitgevoerd en er niets werd geschreven over het 

aantal patiënten dat van blootstelling veranderde tijdens de follow-up. De rapportage met 

betrekking tot de blootstelling in observationele studies van tijdsafhankelijke blootstelling aan 

medicatie op de IC bleek verre van optimaal. Dit onderzoek liet zien dat in meer dan de helft van de 
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artikelen waarin een tijdsafhankelijke blootstelling werd onderzocht, het tijdsafhankelijke aspect niet 

werd meegenomen in de analyse. 

In hoofdstuk 2.2 werd het belang van het meenemen van een concurrerende blootstelling in de 

analyse bestudeerd. Dit werd gedaan in een analyse van gepoolde individuele patiëntgegevens van 

twee gerandomiseerde studies naar het effect van verschillende dialyse methoden (d.w.z. 

hemodiafiltratie vs. hemodialyse) op het risico van sterfte. In deze studies onderging een deel van de 

deelnemers een niertransplantatie tijdens follow-up, wat tot een veel betere overlevingskans leidde. 

Met behulp van individuele patiëntgegevens uit de ESHOL (n=902) en CONTRAST (n=714) studies, 

werden vier methoden voor het schatten van het effect van hemodiafiltratie versus hemodialyse op 

sterfterisico vergeleken: intention-to-treat analyse (d.w.z. zonder rekening te houden met 

niertransplantatie), per protocol exclusie (uitsluiting van patiënten die een niertransplantatie hebben 

ondergaan), per protocol gecensureerd (patiënten op het moment van niertransplantatie 

censureren) en analyse gecorrigeerd voor transplantatie (toevoeging van niertransplantatie als 

tijdsafhankelijke variabele in het model voor de uitkomst). Uit de resultaten van deze analyses bleek 

dat verschillende analytische methoden voor het behandelen van niertransplantatie tijdens de 

follow-up tot verschillen in effectschattingen leidde. Correctie voor confounders van de 

transplantatie-uitkomst relatie leid tot meer vergelijkbare effect schattingen tussen de ESHOL en 

CONTRAST studies.  

In hoofdstuk 2.3 werd het effect van willekeurig links-gecensureerde data op het schatten van de 

relatie tussen een tijdsafhankelijke blootstelling en het optreden van bijwerkingen beoordeeld. In 

gesimuleerde gegevens werden alle waarnemingen voorafgaande aan het moment van censureren 

weggelaten uit de analyse. In deze simulatiestudie was de relatie tussen de blootstelling en de 

uitkomst gebaseerd op ofwel een direct blootstelling-effect, een éérste blootstelling-effect of het 

effect van cumulatieve blootstelling. De individuele kans op censureren, het moment van 

censureren, de frequentie van blootstelling en de incidentie van de uitkomst (i.e. bijwerkingen) 

werden gevarieerd in verschillende gesimuleerde scenario's. Willekeurige links-censuring bleek 

schattingen van de effecten van directe blootstelling niet te verstoren, maar leidde tot een 

overschatting van het effect van cumulatieve blootstelling en een onderschatting van het effect van 

het éérste blootstellings-effect. De omvang van de verstoring in het schatten van het cumulatieve 

blootstellings-effect hangt af van een combinatie van frequentie van blootstelling, de kans op 

censureren en het moment van censureren. Deze simulatiestudie toonde aan dat links-censurering 

kan leiden tot een aanzienlijke verstoring van de geschatte relatie tussen een tijdsafhankelijke 

blootstelling en het risico op bijwerkingen. 
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Methoden om te corrigeren voor tijdsafhankelijke confounding 

Hoofdstuk 3 gaat in op de prestaties en de methodologische aspecten van IPW van marginale 

structurele modellen (MSM), een methode om met confounding in observationele studies om te 

gaan. In hoofdstuk 3.1 werden verschillende IPW modellen voor continue blootstelling vergeleken in 

een studie naar de relatie tussen blootstelling aan benzodiazepine en het risico op het ontwikkelen 

van een delirium in een cohort van 1028 ernstig zieke volwassenen. Het effect van blootstelling aan 

benzodiazepine werd geschat met behulp van een multinomiaal model (categorieën: wakker, coma, 

delirium en dood of ontslag). De resultaten van een regressie-analyse gecorrigeerd voor 7 baseline 

en 10 tijdsafhankelijke confounders werden vergeleken met die van MSM op basis van het gebruik 

van verschillende verdelingen in het IPW model: normaal, gamma, quantile binning (opdelen van 

blootstelling in een aantal categorieën) en zero-inflated Poisson (een vorm voor de distributie met 

een rechts-scheve verdeling en gekenmerkt wordt door het feit dat deze veel waarden van nul 

bevat). Deze verschillende methoden voor het verkrijgen van IPWs voor continue blootstelling 

leverden vergelijkbare effectschattingen op van de relatie tussen de blootstelling en de uitkomst. 

IPW bleek confounding slechts gedeeltelijk te verwijderen. 

 

In hoofdstuk 3.2 werd de relatie tussen drie kenmerken van IPW en bias in effectschattingen 

verkregen met behulp van IPW van MSM geëvalueerd in een simulatiestudie met continue 

confounder-variabelen, een binaire blootstelling en als uitkomstmaat een continue variabele. De 

kenmerken van IPW waren (1) positiviteit van de propensity score (PPS), gedefinieerd als de overlap 

in het bereik van propensity scores tussen blootstellingsgroepen; (2) Wmax, gedefinieerd als het 

maximaal waargenomen IPW gewicht); en (3) het absolute gestandaardiseerde verschil (SDIF) 

gedefinieerd als het absolute gestandaardiseerde verschil van confounder gemiddelden tussen 

blootstelling groepen. Er werd geen relatie gevonden tussen PPS en Wmax enerzijds en bias in de 

IPW van MSM schattingen anderzijds. SDIF was het meest informatief met betrekking tot bias in de 

IPW van MSM schattingen. 

 

In hoofdstuk 3.3 werden de prestaties van geautomatiseerde procedures voor het schatten van IPW 

van MSM geëvalueerd. Dit werd gedaan met behulp van simulatiestudies, met wisselende 

hoeveelheden positiviteit, data-schaarste, en verkeerde specificatie van het propensity score model. 

Gesimulateerde data bevatte informatie over vier continue confounders, een binaire blootstelling en 

een binaire uitkomst. IPW van MSM schattingen werden vergeleken tussen niet-geautomatiseerde 

“gewone” IPW en geautomatiseerde procedures, waaronder Boosted Classification And Regression 



Samenvatting  

177 

 

Tree (B-CART), iteratieve IPW (IIPW), targeted IPW (TIPW), support vector machines (SVM), covariaat 

balancerende propensity score (CBPS), en entropie balanceren (Ebal). Risicoverschillen werden 

geschat voor elke methode, met behulp van een eenvoudige lineaire combinatie van de vier 

confounders in het propensity score model (verkeerde specificatie van het PS model) of van een 

correct gespecificeerd PS model (op basis van het blootstelling genererend model). Bias,  de root 

mean squared error (RMSE) en 90% dekking van het betrouwbaarheidsinterval werden geschat. We 

vonden dat een relatief eenvoudige geautomatiseerde methode, zoals IIPW het best presteerde in de 

meeste simulaties, waaronder scenario’s zonder positiviteit en scenario’s met data-schaarste. Geen 

van de geteste methoden presteerde in alle scenario's het beste. Vergeleken met een verkeerd 

gespecificeerd PS model, levert het correct gespecificeerde PS model niet minder bias en geen betere 

RMSE of 90% dekking van het betrouwbaarheidsinterval. De conclusie luidt dat bij verkeerd 

gespecificeerd PS model de meeste geautomatiseerde procedures betere prestaties in IPW van MSM 

schattingen leveren dan niet-geautomatiseerde IPW procedures. 

 

Algemene discussie 

Hoofdstuk 4 geeft een algemene bespreking van de methoden om effecten van tijdsafhankelijke 

blootstellingen te schatten en methoden om met tijdsafhankelijke confounding om te gaan. In deze 

algemene discussie werden de belangrijkste bevindingen van de studies in dit proefschrift 

beschouwd en worden aanbevelingen gedaan ten aanzien van de toepassing van methoden om met 

tijdsafhankelijke blootstellingen en confounding om te gaan. Epidemiologische onderzoekers worden 

aangemoedigd om expliciet te zijn over welk causale effect wordt geschat, d.w.z. is men 

geïnteresseerd in het totale causale effect van blootstelling (het effect van de behandel strategie/ 

initiatie van behandeling) ofwel ligt de interesse meer bij het schatten van het directe causale effect 

van blootstelling (het biologische effect van de blootstelling). Verder worden er specifieke 

aanbevelingen gedaan voor studies van tijdsafhankelijke blootstellingen. Het is cruciaal om expliciet 

te rapporteren over de tijdsafhankelijke aspecten van de blootstelling en confounding, ongeacht 

welk causaal effect van een tijdsafhankelijke blootstelling wordt geschat en welke de methode wordt 

gebruikt om te controleren voor (tijdsafhankelijke) confounding. Hierdoor zullen lezers beter 

geïnformeerd zijn en beter in staat zijn om de betekenis en de geldigheid van de resultaten van 

studies naar de effecten van tijdsafhankelijke blootstellingen te beoordelen
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Prof. Dr A.W. Hoes, geachte promotor, beste Arno. Ik heb je leren kennen als de mysterieuze 

professor die in een hoekkamer van het Julius Centrum, tijdens het beluisteren van klassieke muziek, 

onze manuscripten tot een hoger niveau tilt. Ik moet zeggen dat ik danig onder de indruk was toen ik 

voor het eerst op jouw kamer kwam, de muziek stond aan, de man op de radio kondigde aan dat er 

iets bijzonders te beluisteren was in het komende klassieke stuk en jij kondigde aan dat we daar dan 

op zouden letten. Met eenzelfde aandacht heb je onze stukken bekeken. Uit het feit dat het tijdstip 

van verzending van de e-mails die ik van jou ontvangen heb niet zelden laat in de avond lag en er 

volgens mij zelfs tijdens jouw vakantie naar Australië aan dit proefschrift is gewerkt, blijkt een 

grenzeloze toewijding. Als ik een titel moet bedenken is het eerste dat in mij opkomt het woord: 

“mandje!”. Verder wil ik je bedanken voor het vertrouwen dat jij in Rolf, in zijn rol als copromotor, 

stelt. 

Dr. R.H.H Groenwold, geachte copromotor, beste Rolf. In mijn ogen ben je een voorbeeld en een 

inspiratie bron voor veel (PhD) studenten, ik ben zeer dankbaar voor alles wat ik onder jouw directe 

begeleiding heb mogen leren. De onder jouw supervisie geboden kansen en het door jou gestelde 

vertrouwen hebben mij alle mogelijkheid gegeven mijzelf te ontwikkelen. Naast het feit dat je me de 
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