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Abstract

Objective Observational data provides opportunities for determining causal 

treatment effects, without the disadvantages of data from randomized controlled 

trials, such as compromised generalizability of the results and limited insight in 

treatment in routine clinical practice. Deriving causal effects from observational 

data is considered difficult primarily due to confounding. For years, multivariable 

regression models (MVR) have been the most widely applied method to adjust 

for confounders. Nowadays researchers also apply other methods for confounder 

adjustment, such as propensity score (PS) analysis, double robust (DR) estimators, 

and instrumental variable (IV) analysis. However, the increasing popularity of these 

methods also leads to incorrect use. In this study, we aim to guide epidemiologists in 

their choice of methods for confounding adjustment. 

Methods We describe how to perform these methods and compare their performance 

in a situation with a dichotomous treatment and continuous outcome. The 

performance of these methods are shown in various simulated scenarios and in a 

real-life dataset. 

Results Our study shows that the preferred method to estimate treatment effects 

is dependent on the data itself. When there are unmeasured confounders in the 

data, and a strong instrument is present, then IV analysis can accurately estimate 

treatment effects. When all confounders are measured, and if the functional form 

of the outcome model is correctly specified, MVR is recommended. However, if the 

outcome model is misspecified, but the PS model is correctly specified, then all 

PS methods are recommended. If both models are misspecified, only IV analysis is 

recommended if all assumptions are met.

Conclusion This study shows that the choice of method for estimating treatment 

effects in observational data is dependent on the availability of confounders and the 

correct specification of the functional form of the data. 

Key terms causal inference; instrumental variable; observational data; propensity 

score; treatment effect  
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Introduction

In a randomized controlled trial (RCT) participants are randomly allocated to either 

treatment or control group. Because of this random allocation, observed and 

unobserved participant characteristics are assumed to be equally distributed across 

groups. Differences in the study outcome between the treatment and control group 

are then solely caused by the treatment assigned. RCTs are therefore considered to 

be the golden standard for determining causal treatment effects [1].

Although RCTs provide strong evidence for causality, they also have at least two 

important disadvantages. First, the generalizability of the findings of an RCT to 

the general patient population may be compromised [2], because the inclusion 

is usually restricted in such a way that it does not include all patient groups (e.g. 

vulnerable patients). Second, RCTs often measure the efficacy of a treatment rather 

than its effectiveness. Most RCT’s assess treatment effects in a highly controlled 

environment, which may provide insight in the efficacy of the treatment under ideal 

circumstances, but they do not provide insight in treatment effects (i.e. effectiveness) 

under circumstances observed in routine clinical practice [2].

In recent years, there has been an increased interest in observational health data 

routinely collected by health services [3-6]. With this data, opportunities arise 

to determine treatment effects without the disadvantages of RCT’s. However, 

determining causal effects in observational health data is more difficult, since we can 

no longer be sure that differences in the outcome between groups with or without 

treatment are only caused by the treatment. The treatment is not randomly allocated 

and therefore participant characteristics most likely are not equally distributed across 

groups. This biases the crude estimate of the treatment effect which, simply assesses 

the difference in means between treatment groups. These influencing characteristics 

are also called confounders. Confounders are related to both the treatment allocation 

and the outcome, but are not part of the causal mechanism between these variables 

[7]. When examining treatment effects in observational data multiple sources of 

confounding can be identified [8]. The allocation of the patients to treatments is 

often determined by the severity of the condition, which is called confounding by 

indication. Furthermore, the effect of confounders on the treatment and outcome 

may change over time, resulting in time-dependent confounding. The situation when 

all confounders are part of the data set is referred to as ‘observed confounding’. To 

the contrary, when some confounders are not measured ‘unobserved confounding’ is 

present (also called residual confounding). 
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For many years, multivariable regression (MVR) has been the most widely applied 

method to adjust for confounders. Nowadays researchers also apply other methods 

for confounder adjustment, such as propensity score (PS) analysis, double robust (DR) 

estimators, and instrumental variable (IV) analysis [2, 9-13]. However, the increasing 

popularity of more advanced methods for causal inference also leads to incorrect 

use of these methods [11, 14, 15]. Two reviews reported that many studies using PS 

analysis did not implement it well [11, 15]. With regard to IV analysis, many studies did 

not provide sufficient information to adequately support the validity of their results. 

Because of this, a checklist has recently been developed to guide studies using IV 

analysis [14].

In this study, we aim to guide epidemiologists in their choice of methods for 

confounding adjustment. We describe how to perform PS analysis, DR, and IV analysis 

and show their performance in comparison with univariable and multivariable 

regression analysis in a situation with a dichotomous treatment variable and 

continuous outcome. The performance of these methods is assessed in different 

simulated situations in which the true effect size is known. These confounder-

adjustment methods will also be applied to a real-life dataset to further demonstrate 

their application.  

Methods

Methods for confounder adjustment
Multivariable linear regression
In a univariable regression model (UVR) only one variable, representing treatment, is 

included in the regression model (equation 1.1). In a multivariable regression model 

(MVR) also confounders are also included as independent variables in the model 

(equation 1.2) [16]. With this, the treatment-outcome relationship will be estimated 

independently of the potential confounders, i.e. the causal treatment effect. To 

assess which potential confounders affect the treatment-outcome relationship, the 

crude (naïve) effect estimate (β_1 in equation 1.1) is compared to the adjusted effect 

estimate (β_1 in equation 1.2). An important change in the estimate of the treatment 

effect indicates the presence of confounding [17].
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In both equations Y represents the continuous outcome, X represents the 

dichotomous treatment variable, β_0 represents the intercept, β_2 to β_n represent 

the coefficients corresponding to the continuous confounder variables Z_1 to Z_n, 

and ε represents the error term. 

An important assumption of linear regression is linearity of the relationships of the 

variables in the model and the outcome. Determining whether the relationship 

between the confounders and the outcome is linear, could be done by adding a 

non-linear term to the model [18]. If this term is statistically significantly different 

from zero, then the functional form is better specified by including this term. Other 

options are dichotomizing or categorizing the confounders, however this results in 

loss of information and power [19, 20]. Furthermore, when important confounders 

are not included in the regression model and the functional form of the model is 

not specified correctly, then this could result in biased effect estimates and incorrect 

standard errors.

Propensity score analysis
A propensity score (PS) is the probability that a patient is in the treatment group 

given a patient’s observed value of the confounders [21]. This probability is estimated 

using a multivariable logistic regression model with treatment as the dependent 

variable and the potential confounders as the independent variables (equation 2.1). 
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where X represents the dichotomous treatment variable, β_0 represents the 

intercept and β_1 to β_n represent the coefficients corresponding to the continuous 

confounder variables Z_1 to Z_n. 

When two patients have the same PS, i.e. the same probability to be in the treatment or 

control group, the distributions of their confounders are the same [22]. This is known 

as the balancing property of propensity scores. The key advantage of propensity 

scores is that the treatment effect can be estimated without bias by conditioning 

on the estimated propensity score and then averaging the conditional treatment 

effects across the sample. Several methods are available for doing so [23, 24]. This 

study will focus on: 1) PS as a covariate in multivariable regression adjustment, 2) 

inverse probability weighting (IPW), and 3) double robust (DR) estimation, discussed 

in detail below. In doing so, the first two methods do not require specification of 

the outcome model (as in MVR). This can be considered an advantage in settings 

when the functional form of the outcome model is unknown; for example when it is 
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uncertain whether there is an (approximately) linear relationship between covariates 

and outcomes. However, we now need to specify the right functional form for the 

relations between the confounders and treatment allocation i.e. the treatment 

assignment model needs correct specification As for MVR, we also need to be sure 

that all possible confounders are measured and considered in the analysis [23].

An important assumption in propensity score (and also MVR) analysis is that there is 

sufficient overlap in PS distributions between the treatment and control groups. This 

overlap can be checked using histograms. An example for sufficient overlap is given 

in figure 1, in which the medium grey represents the overlap between the PS scores 

of the treatment and control groups. Furthermore, in strata of propensity scores, the 

distributions of confounders can be compared between the treatment and control 

group. If the confounders have different distributions between the groups in each 

stratum, then the PS was not adequately specified as the balancing property of the 

propensity score is violated [24].

Figure 1. Histogram with overlapping propensity scores for treatment and control group.
 

Figure 1. Histogram with overlapping propensity scores for treatment and control group.  
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PS as a covariate in MVR adjustment
One of the most common applications of the PS is to add the PS from equation 2.1 as 

a covariate to the linear regression model in which the outcome variable is regressed 

on the treatment variable (equation 3.1) [11, 15].
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In this equation Y represents the continuous outcome, β_0 represents the intercept 

and β_1 the effect estimate of the treatment X, β_2 represents the coefficient of the 

propensity score (PS). 

Inverse probability weighting
In IPW weighting is used to create an artificial sample in which the treatment and 

control group are equal in the distribution of the confounders, which eliminates 

the bias due to confounding [24]. The inverse of the PS is used to generate a weight 

for each patient. For patients in the treatment group the weights are calculated as 

1/PS, and for patients in the control group the weights are calculated as 1/(1-PS) 

[24]. However, when weights become very large, the risk of type 1 error increases 

considerably [25]. This can happen when there is little overlap in the propensity 

scores, however it can also occur when the weights are unstable. This means that 

the PS of patients in the treatment group are very low, and the PS of patients in the 

control group are high. Therefore stabilized weights have been proposed, 

which will reduce the weights of patients in the treatment group with a low PS, and 

patients in the control group with a high PS. For the patients in the treatment group 

the stabilized weights are calculated as p/(1-PS) and for the patients in the control 

group the weights are calculated as (1-p)/(1-PS), with p being the prevalence of 

treatment in the original sample [25]. Since p < 1, the weights will also be < 1, and the 

sum of the weights will be equal to the sample size [25]. Subsequently a weighted 

regression analysis with only treatment as an independent variable is performed to 

estimate the treatment effect. 

Double robust estimator
The DR estimator is a combination of MVR and IPW,[26] and requires that two models 

are specified. First, the stabilized weights are determined for each patient from the 

PS as described above. Second, in the (weighted) regression analysis the confounders 

are added to the model with the treatment variable [12]. As this method combines 

MVR and IPW, the same assumptions for this method apply as in MVR and IPW analysis. 

The advantage of this method in comparison to previously described methods is that 
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only one of the two models, the PS model from which the weights are determined, or 

the weighted regression outcome model, needs to be specified correctly in terms of 

functional form to determine unbiased estimates [12, 26].

Instrumental variable analysis
In IV analysis it is also important to first determine the probability of treatment 

allocation. This is not performed in a model with confounders, but in a model with a 

variable which resembles randomization of the treatment in the observational data. 

In figure 2 the IV, treatment, potential confounders, and outcome are visualized. This 

variable, which is called the IV, cannot be associated with the outcome, i.e. in the 

same way that the randomization procedure in an RCT itself does not influence the 

outcome. Examples are distance from where the patient lives to where the treatment 

is given, or the preference of the physician [27]. 

 

Figure 2. Visualization of the instrumental variable. 

 Figure 2. Visualization of the instrumental variable.

We will further explain the concept of the IV based on the assumptions and we will 

use the example of distance to where the treatment is given as the IV. 

The IV needs to adhere to the following three assumptions:[10] 

1. The IV is causally related to the probability of treatment allocation. 

2. The IV is not directly related to the outcome other than through the treatment 

variable. 

3. The IV is not related with unmeasured confounders related to the outcome.

The likelihood that the first assumption holds can be determined by a partial 

F-statistic. An IV is defined good or strong when the partial F-statistic is equal or 

higher than 10.[28] For example, the distance from where the patient lives to where 

the treatment is given must be strongly related to the treatment assignment. For 

the second assumption, a similar confounder distribution in the two groups of 
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the instrument indicates that the IV is not related to the outcome through these 

confounder variables, if the IV is dichotomous. For one of the previously given 

examples this means that the distance between where a patient lives and where the 

treatment is given does not influence the effect of the treatment directly, or through 

confounders. However, in our distance example this assumption could be violated 

when a relationship exists that a larger distance to where the treatment is given also 

means that the patient lives in an area related to a lower socio-economic status (SES), 

which could in turn be associated with a decreased probability of having a good 

outcome. By adjusting the treatment-outcome relation for SES, adherence of this 

assumption can still be met. For the third assumption, it is not possible to determine 

whether there are associations between the unmeasured confounders and the IV. 

Two stage least squares regression is the most frequently used method for determining 

the treatment effect with IV analysis.[14, 29] In the first stage, the probability of 

treatment allocation is predicted using the IV (β_1 in equation 3.1). This can be done 

with linear regression [28].
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𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (3.1)

where X represents the dichotomous treatment variable, β_0 represents the intercept 

and β_1 represents the coefficients corresponding to the IV. 

In the second stage, the association between the outcome and the predicted 

probability of treatment allocation by the IV is estimated (X ̂).

      

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (3.2)

where Y represents the continuous outcome variable, β_0 represents the intercept 

and β_1 represents effect estimate of the treatment X. Often, IV’s do not completely 

fulfill the three assumptions, and there is still a need to adjust for confounders. The 

potential confounders are then added to equation 3.1 and 3.2. 

Simulation study
Scenarios and methods
Monte Carlo simulations were performed to assess the performance of each method 

in different data situations. Multiple scenarios were set up in which differences in the 

estimation of the treatment effect between the methods were expected. We expected 

differences between the methods when confounders were unmeasured, and we 

expected differences between the methods when the functional form in outcome 
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and/or the PS model were misspecified. In table 1 an overview of the scenarios is 

presented and the methods that were examined in each of these scenarios. 

Table 1. Overview of simulated scenarios and methods

Scenario Methods

1. Omitted confounders UVR, IV analysis with a weak and strong IV

2. Correct Y model and correct PS model MVR, PS, IPW, DR

3. Correct Y model and incorrect PS model MVR, PS, IPW, DR

4. Incorrect Y model and correct PS model MVR, PS, IPW, DR

5. Incorrect Y model and incorrect PS model MVR, PS, IPW, DR

Abbreviations: UVR, univariable regression; IV, instrumental variable analysis; MVR, multivariable 
regression; PS, propensity score as a covariate adjustment, IPW, inverse probability weighting, DR, 
double robust estimator

In the first scenario we determined the treatment effect with UVR and IV analysis 

without considering the confounders. The IV analysis was performed with a strong 

and a weak instrument. In the next four scenarios all confounders are considered 

in the analyses, and MVR, PS as a covariate adjustment, IPW and DR were used to 

determine treatment effects. 

For each scenario 10,000 datasets were created with a sample size of 1000 and 200. 

Generating variables
The treatment variable (X), four confounders (Z_1, Z_2, Z_3, Z_4), and the instrumental 

variable (IV) were created with linear relationships with the outcome variable (Y). 

The confounders and instrumental variable were normally distributed continuous 

variables and were standardized so that they have a mean of 0 and standard deviation 

of 1. The confounders were not associated with each other. The treatment variable 

was generated with a binomial distribution with the probability of having treatment, 

with an inverse logit function expit:

 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (4.1)

Based on this formula approximately 50% if the patients were allocated to each group. 

For a weak instrument, β_1 was set at 0.2 to ensure that the partial F-statistic <10, and 

for a strong instrument, β_1 was set at 1.0 to ensure that the partial F-statistic >10. To 

ensure strong confounding, β_2-β_5 were set at 1.0
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The outcome variable was generated in two steps, first:

          

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (4.2)

The regression coefficients β_2 to β_5 are equal to 1. Consequently, the outcome 

variable was rescaled, with treatment effect (β_1) set at 0.5: 

    

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (4.3)

Because the outcome is now rescaled and standardized, the size of the treatment 

effect can be considered to be medium according to Cohen [30]. The error term ε was 

normally distributed with a mean of 0 and a standard deviation of 1. 

For the scenarios where the confounders have a different functional form with the 

treatment and outcome, we used a similar approach as Kang and Schafer [12]. These 

non-linear confounders were generated as:

           

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

 (4.4)

           

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

           

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

           

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑍𝑍& +⋯+ 𝛽𝛽,𝑍𝑍, + 𝜀𝜀 
 
 

𝑃𝑃𝑃𝑃 = 	𝑃𝑃(𝑋𝑋 = 1) =
1

1 + 𝑒𝑒4(56758987⋯75:9:)
 

 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋 + 𝛽𝛽)𝑃𝑃𝑃𝑃 + 𝜀𝜀 
 
 

𝑃𝑃(𝑋𝑋 = 1) = 𝑋𝑋; = 𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝜀𝜀 
 
 

𝑌𝑌 = 𝛽𝛽$ + 𝛽𝛽&𝑋𝑋; + 𝜀𝜀 
 
 

𝑝𝑝(𝑋𝑋 = 1) = 𝑒𝑒𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒(𝛽𝛽$ + 𝛽𝛽&𝐼𝐼𝐼𝐼 + 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B + 𝛽𝛽D𝑍𝑍C) 
 
 

𝑌𝑌& = 𝛽𝛽)𝑍𝑍& + 𝛽𝛽B𝑍𝑍) + 𝛽𝛽C𝑍𝑍B+𝛽𝛽D𝑍𝑍C 
 
 

𝑌𝑌) =
𝑌𝑌& − 𝑌𝑌&F
𝑠𝑠𝑠𝑠(𝑌𝑌&)

+ 𝛽𝛽&𝑋𝑋 + 	𝜀𝜀 

 
 

𝐶𝐶& = exp	(𝑍𝑍&/2) 
 

𝐶𝐶) = exp	(𝑍𝑍)/2) 

𝐶𝐶B = exp	(𝑍𝑍B/2) 

𝐶𝐶C = exp	(𝑍𝑍C/2) 

 

 

 

Dependent on the scenario, either the linear confounders (Z_1, Z_2, Z_3, Z_4) or non-

linear confounders (C1, C2, C3, C4) will be used in the analyses of the simulated data. 

When the linear confounders are used, then the model is correctly specified, and 

when the non-linear confounders are used, then the model is misspecified. In figure 

3 the relationships between linear confounder Z1 with Y and non-linear confounder 

C1 with Y in one simulated dataset are presented.
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Figure 3. Relationships between linear confounder Z1 with Y and non-linear confounder C1 with Y. 

 

Figure 3. Relationships between linear confounder Z1 with Y and non-linear confounder C1 
with Y.

Performance of the methods
In each scenario and for each method the mean of the treatment effect and the 

standard errors (SE) of the simulated samples were determined. For IPW and DR 

methods robust SE were reported, as non-robust SE do not take the weights in the 

regression in account.[24] 

The performance of each method was evaluated by assessing the bias, which is the 

average difference between the treatment effect found in the simulated sample (the 

regression coefficient of treatment in the different methods) and the true treatment 

effect, which was 0.5. The squared root of the mean square error (rMSE) is a combination 

of bias and the variability in the estimates across the samples. However, it is not 

very informative on its own, but more useful when comparing multiple methods. 

The rMSE is easier to interpret than the MSE, as it has same unit of measurement 

as the bias and treatment effect, therefore only the rMSE is reported. Furthermore, 

the coverage probability (CP) was determined, which represents the proportion of 

simulated samples for which the estimated confidence interval included the true 

treatment effect. When the method is accurate, the CP approximates 0.95. A coverage 

probability below 0.95 indicates that the standard errors are on average too small. 

When the CP is higher than 0.95, the method produces standard errors that are on 

average too large.
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Real-life data example
The example dataset is taken from an observational cohort study which was set up 

to determine the treatment effect on the sick leave duration. The analytical sample 

consisted of 95 employees who were sick-listed due to low back pain at baseline with 

a follow up of 2 years. For this example, the effect of physiotherapy was examined 

on the duration of sick leave due to low back pain. Sick leave was registered in days 

and did not follow a normal distribution, we therefore transformed the variable 

using the natural logarithm to ensure a normal distribution. Of the 95 employees 71 

received physiotherapy and 24 did not. The confounders were selected based on the 

amount of change caused in the treatment effect. Three confounders were selected: 

medication, somatization, and marital status. Medication and marital status were 

dichotomous variables, and somatization was a continuous variable. In this dataset 

several potential IVs were measured. The strongest IV in this dataset, according to the 

partial F-statistic, i.e. having insurance for physiotherapy, was used for the IV analysis. 

Results

Simulation study
In table 2 results are shown for the scenarios with the sample size of 1000. Five 

scenarios are presented in the table: 1) omitted confounders, 2) correct outcome and 

PS model, 3) correct outcome model and incorrect PS model, 4) incorrect outcome 

model and correct PS model, and 5) incorrect outcome and PS model. The strong IV 

had a partial F-statistic of 87.9 on average, and the weak IV had a partial F-statistic 

of 4.6 on average. In the scenario with omitted confounders IV analysis with a weak 

instrument showed highly biased effects. As there is some variation in the strength 

of the association between the IV and treatment across simulated datasets, extreme 

values of the estimated treatment effect are found when the association between IV 

and treatment is closely to zero. Analysis with a strong IV showed little bias, but large 

SE in comparison to other methods. PS adjustment, IPW and DR are not applicable 

when all confounders are omitted. These methods were reduced to UVR and very 

high bias was found. When both the outcome and PS models were correctly specified 

as linear (with linear relations between confounders Z and the outcome), bias was 

very low in all methods. When the outcome model was correctly specified, but the 

PS model was misspecified (with non-linear relations between confounders C and 

the outcome), PS adjustment showed high bias and IPW showed lower bias, but 

MVR and DR showed the lowest bias in this situation. When the outcome model was 

misspecified, but the PS model was correctly specified, MVR was highly biased, and 

all PS methods performed well. When both models were misspecified, all methods 
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showed large bias. In this scenario DR had even larger bias than other methods, 

but only slightly more than MVR. However, if we compare these results with the 

IV analysis without considering confounders, since their functional form does not 

matter, analysis with a strong IV showed very little bias. 

Table 2. Mean treatment estimates of bias for the scenarios across simulated datasets with 
N=1000

β1 SE bias % bias rMSE CP

Omitted confounders

UVR 1.631 0.082 1.131 226.2 1.131 0.000

IVw 0.980 4645.28 0.480 96.0 4.952 0.971

IVs 0.489 0.323 -0.011 2.2 0.256 0.954

Correct outcome model, correct PS model

MVR 0.501 0.077 0.001 0.2 0.061 0.952

PS 0.498 0.080 -0.002 0.4 0.062 0.955

IPW 0.463 0.202 -0.037 7.4 0.159 0.959

DR 0.501 0.092 0.001 0.2 0.083 0.921

Correct outcome model, incorrect PS model

MVR 0.501 0.077 0.001 0.2 0.061 0.952

PS 0.637 0.080 0.137 27.4 0.139 0.600

IPW 0.433 0.231 -0.067 13.4 0.300 0.793

DR 0.497 0.094 -0.003 0.6 0.100 0.858

Incorrect outcome model, correct PS model

MVR 0.693 0.079 0.193 38.6 0.194 0.310

PS 0.498 0.080 -0.002 0.4 0.062 0.955

IPW 0.463 0.202 -0.037 7.4 0.159 0.959

DR 0.494 0.099 -0.006 1.2 0.090 0.918

Incorrect outcome model, incorrect PS model

MVR 0.693 0.079 0.193 38.6 0.194 0.310

PS 0.637 0.080 0.137 27.4 0.139 0.600

IPW 0.433 0.231 -0.067 13.4 0.300 0.793

DR 0.687 0.090 0.187 37.4 0.192 0.461

Abbreviations: SE, standard error, rMSE. root mean squared error, CP, coverage probability, UVR, 
univariable regression, IVw, weak IV, IVs, strong IV, MVR, multivariable regression, PS, propensity score 
as a covariate adjustment, IPW, inverse probability weighting, DR, double robust estimator

In table 3 results are shown for the same scenarios as described above, but now with 

a sample size of 200. The general pattern of results is similar to the scenarios based 

on a sample size of 1000, but some methods showed higher biases. In the scenario 

with omitted confounders, all three methods showed high bias. Even IV analysis with 

a strong IV did not approximate the true effect in this scenario. The strong instrument 
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had a partial F-statistic of 18.4 on average, and the weak instrument had a partial 

F-statistic of 1.8 on average, both lower than in the larger sample size conditions. This 

also resulted in a higher bias in comparison to the large sample size conditions for IV 

analysis. IPW shows in all scenarios an increase in bias in comparison the scenarios 

with the larger sample sizes. Furthermore, the bias of DR in the scenario were both 

the outcome and PS model are misspecified clearly decreased in comparison to the 

larger sample size.

Table 3. Mean treatment estimates of bias for the scenarios across simulated datasets with 
N=200

β1 SE bias % bias rMSE CP

Omitted confounders

UVR 1.631 0.184 1.131 226.2 1.131 0.000

IVw 1.306 1045.071 0.806 161.2 8.473 0.986

IVs 0.424 0.846 -0.076 15.2 0.618 0.960

Correct outcome model, correct PS model

MVR 0.501 0.174 0.001 0.2 0.138 0.951

PS 0.500 0.183 0.000 0.0 0.141 0.959

IPW 0.555 0.321 0.055 11.0 0.251 0.928

DR 0.502 0.178 0.002 0.4 0.169 0.899

Correct outcome model, incorrect PS model

MVR 0.501 0.174 0.001 0.2 0.138 0.951

PS 0.637 0.183 0.137 27.4 0.183 0.890

IPW 0.668 0.301 0.168 33.6 0.298 0.848

DR 0.501 0.178 0.001 0.2 0.178 0.894

Incorrect outcome model, correct PS model

MVR 0.686 0.178 0.186 37.2 0.213 0.820

PS 0.500 0.183 0.000 0.0 0.141 0.959

IPW 0.555 0.321 0.055 11.0 0.251 0.928

DR 0.502 0.189 0.002 0.4 0.177 0.898

Incorrect outcome model, incorrect PS model

MVR 0.686 0.178 0.186 37.2 0.213 0.820

PS 0.637 0.183 0.137 27.4 0.183 0.890

IPW 0.668 0.301 0.168 33.6 0.298 0.848

DR 0.642 0.179 0.142 28.4 0.207 0.822

Abbreviations: SE, standard error, rMSE. root mean squared error, CP, coverage probability, UVR, 
univariable regression, IVw, weak IV, IVs, strong IV, MVR, multivariable regression, PS, propensity score 
as a covariate adjustment, IPW, inverse probability weighting, DR, double robust estimator
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Application to real-life data example
In table 4 results are shown from the application of the methods to the real-life 

dataset. The three confounders were: medication, somatization, and marital status. 

Linearity of the continuous confounder with the outcome and treatment was checked 

by adding a non-linear term to the model (in this case a squared term). Because the 

regression coefficient of the squared terms was not statistically significant, we treated 

the relationships between the confounder and the outcome and treatment as linear. 

Furthermore, the IV analysis was adjusted for the confounders, because the IV and 

two confounders (somatization and marital status) were associated. The instrument 

with the highest partial F-statistic was having insurance for physiotherapy, but with 

an F-statistic of 3.071 this was still a weak instrument. Overlapping propensity scores 

in the treatment and control group were found (figure 4), although no low propensity 

scores were found for both groups.

The difference in the regression coefficients of UVR and the other methods was small, 

as the confounders had opposite effects on treatment and outcome. Most treatment 

effects were in the same direction, except for the estimates from the IV analysis. 

Most results suggested that when an employee had physical therapy, the sick leave 

duration was 0.769-0.803 times shorter compared to those who did not receive 

physical therapy, although not statically significant. However, from the IV analysis, the 

results suggested that when an employee received physical therapy, their sick leave 

duration was 1.928 times longer than when an employee did not receive physical 

therapy, although also not statically significant. 

Table 4. Treatment estimates in real-life data example.

  β1 SE p 95% CI Exp(β1)

UVR  -0.223 0.152 0.145 -0.521-0.074 0.800

MVR  -0.263 0.151 0.085 -0.559-0.033 0.769

IV  0.657 0.987 0.665 -1.278-2.591 1.928

PS -0.263 0.161 0.291 -0.578-0.052 0.769

IPW  -0.245 0.136 0.112 -0.486-0.048 0.803

DR  -0.228 0.135 0.095 -0.492-0.037 0.796

Abbreviations: SE, standard error, CI, confidence interval, UVR, univariable regression, IV, instrumental 
variable analysis, MVR, multivariable regression, PS, propensity score as a covariate adjustment, IPW, 
inverse probability weighting, DR, double robust estimator
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Figure 4. Overlap of propensity scores for the group with and without physiotherapy.
Figure 4. Overlap of propensity scores for the group with and without physiotherapy. 

Discussion

This study aimed to show how MVR, PS, DR, and IV analyses perform in different 

scenarios, in order to help epidemiologist in their choice of methods of confounding 

adjustment. From the simulation study it is clear that when the model is misspecified 

in terms of unmeasured confounding or functional forms of the coefficients in the 

model, the treatment effect can be severely biased. It should be realized, however, 

that it is not possible to investigate whether there are unmeasured confounders in 

real-life data.

A principled way to deal with unmeasured confounding is to use IV analysis. However, 

this is only an option when a strong instrument is used and all IV assumptions are 

met. Unfortunately, the strength of the IV, as measured by the partial F-statistic is 

influenced by the sample size. Thus when a weak instrument is used or the sample 

size is too small, the bias can be very large [10]. It is also important to consider that 

the bias from not adhering to the second and third assumptions increases with a 

weak instrument [10], even though this was not shown in our simulation study. As 
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seen in the real-life data example, the difficulty of IV analysis is in finding a good IV 

[29]. When this data was collected several potential IV’s were measured, however, 

none of these appeared to be strong IV’s in the analysis of the data. 

When the outcome model is not specified correctly in terms of functional form, large 

biases in the estimated treatment effect were found in the simulation study. IV analysis 

was not evaluated in the simulation study using a correct or incorrect outcome or PS 

model. However, as confounders were not considered in the model relating the IV 

to the outcome, the functional form of the relationship of the confounders with the 

outcome or treatment did not matter. IV analysis with a strong instrument is therefore 

still a good alternative. However, IV analysis did provide larger standard errors and 

confidence intervals in comparison with the other methods, which was also found in 

previous studies [13, 31].

Sometimes adjustment for confounders is needed in IV analysis, then specifying the 

correct functional form is necessary for either the first stage or second stage model. 

However, when using IV analysis, the aim is to find a strong IV that is unassociated 

with confounders, so adjustment for confounding is not needed. 

MVR will only show correct results when the outcome model is correctly specified. 

When both the outcome and PS model are correctly specified MVR, PS, IPW, and DR 

show similar results, which is in accordance with other literature [11]. PS and IPW 

will only show correct results when the functional form of the PS model is correctly 

specified. However, IPW shows larger SE’s in our simulation study. In some of the 

simulated datasets very large weights were observed, which causes higher SE’s 

and biased estimates. When in real-life unusual large weights are found, this could 

indicate that the PS model should be revised. Another option is to shrink the extreme 

weights or remove them, however removing them also comes with loss of important 

information [12, 32]. As the DR method also uses the same weights as IPW, the 

performance of the DR method is somewhat decreased in terms of rMSE (but not 

bias), although DR still has far better than IPW and only slightly worse rMSE than MVR. 

The main advantage of the DR method is that it will provide consistent results if at 

least one of the models is correctly specified. So, in essence, the analyst gets a second 

chance if one of the models is incorrectly specified. However, when both models are 

incorrectly specified, the bias can even be greater than the bias in the other methods 

as can be seen in the simulated sample size of 1000. With a smaller sample size of 200 

the DR still shows high bias, but more similar to other methods. These results are in 

accordance with Kang and Schafer [12]. 
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In the real-life data, no large differences between the estimates of the different 

methods could be found. This could mean that the outcome model and PS model 

were specified correctly and therefore all the methods gave similar results. As we 

determined that adding non-linear terms did not significantly improve the model, 

we treated the relationships between confounders and outcome or the probability 

of treatment as linear.

Strengths and limitations 
Strengths of this study are using a combination of both simulated data and real-life 

data to show the performance of the different methods. In the simulation study the 

correct treatment effect is known, and therefore we were able to evaluate which 

method works under different data conditions. Also, by applying the methods to 

real-life data we were able to show how to apply these methods to real-life data and 

show the difficulties faced in real-life data situations, for instance when no strong IV 

is available. 

The limitations of this study are related to the specific simulation settings of this 

study, which in general may be different from real-life data situations and from 

other simulation set-ups. For example, variations in measured and unmeasured 

confounders, and functional forms. 

Another limitation is that we only looked at a continuous outcome variable, which 

was normally distributed. It is not clear whether these results are indicative for 

dichotomous or other types of outcome variables. Lastly, we limited to evaluating an 

important set of propensity score methods, while other propensity score techniques, 

such as matching and stratification, are also often used in recent years [15]. In 

addition, further forms of DR methods are available, and some might have a higher 

efficiency than the DR method shown in this study [33]. However, the DR method we 

choose to evaluate in this study combines MVR and IPW in a regression model which 

is straight-forward to implement by epidemiologists using standard software.

Conclusions
The preferred method to estimate treatment effects on observational data is very 

dependent on the data itself. When not all confounders are measured, and a strong 

instrument is present, then IV analysis will provide an unbiased estimate of the 

treatment effect. However, with a weak instrument or not adhering to the assumptions, 

IV analysis can provide highly biased estimates. Furthermore, specifying the correct 

functional form of the model is very important. If the functional form of the outcome 

model is correctly specified, MVR is recommended. However, if the outcome model 
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is misspecified, but the PS model is correctly specified, then all PS methods are 

recommended. DR estimation is an excellent alternative to these methods, when the 

analysist is unsure whether the models are correctly specified, as only one of the two 

models needs to be specified correctly to find almost unbiased estimates. However, 

when both models are misspecified , only IV analysis can provide correct estimates. 

One challenge of the IV approach is then finding a strong IV in real-life data, which is 

not easy and sometimes not possible. 
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