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C HAPTER 1

I NTRODUCTION

1. I NTRODUCTION

R ANDOMIZED AND OBSERVATIONAL STUDIES
Randomization is one of the most important attainments in the last century concerning research
on the effect of treatment.1, 2 In medical research the randomized controlled trial is the gold
standard for quantifying treatment effects. The major characteristic of this type of studies is
the control over treatments by the researcher by means of randomization. Randomization can
be defined as the random allocation of experimental units across treatment groups. An observational study on the other hand lacks such random allocation of subjects. William Cochran
was the first to define an observational study:
”... the objective is to elucidate cause-and-effect relationships ... [in which]
it is not feasible to use controlled experimentation, in the sense of being able to
impose the procedures or treatments whose effects it is desired to discover or to
assign subjects at random to different procedures.”3
Barriers to random assignment are for instance ethical (one of the treatments is harmful),
political (it is not possible for an individual researcher to influence political processes),
personal (subjects do not want to change their habits) or economic (randomized control over
treatments is too costly). Without such random assignment uncertainty about the true effect of
treatment is in general greater and alternative explanations for the observed effect are easier
to give. If such explanations are also plausible these should be subject to future investigations
to either increase or decrease the evidence for the causal relationship between treatment and
outcome. Principles on the design and analysis of studies are of utmost importance, such as
the selection of covariates and the method of analysis.4 Examples of major medical findings
that came from observational studies are for instance the causal effect of smoking on lung
cancer5 and the causal effect of the use of DES on the presence of vaginal cancer.6

C ONFOUNDING
The most important challenge in observational studies when treatment effect estimation is
involved, is to combat confounding. Confounding is the phenomenon that an effect estimation
(quantitative association between treatment and outcome) is distorted by prognostic factors of
the outcome which are unequally distributed over treatment modalities. This is illustrated in
Figure 1.1. While in randomized studies imbalances between known and unknown prognostic
factors are largely suppressed by the randomization procedure, in observational studies these
imbalances generally exist. Therefore, effort should be made to adjust the estimated treatment
effect for these confounding factors as much as possible. Subject of this thesis are statistical
methods that have the objective to adjust for the non-random assignment of individuals to
treatments.
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Figure 1.1: Illustration of the concept of confounding

O UTLINE OF THE THESIS
In Chapter 2 we give an overview of such methods, discuss their use, advantages and limitations. In the other chapters we focus on two of these methods, propensity scores and instrumental variables. Chapter 3 covers some specific advantages and limitations of these methods.
An overlooked advantage of propensity scores is the subject of Sections 3.1 and 3.2, whereas
the application, the assumptions and the limitations of instrumental variables are discussed in
Section 3.3. In Chapter 4 we demonstrated how propensity scores and instrumental variables
can be used with censored survival data. In Section 4.1 different propensity score methods
were applied and in Section 4.2 tools are given for calculating survival probabilities based on
an instrumental variable. In Chapter 5 we suggested improvements in propensity score applications, especially by proposing measures that quantify the balance reached in propensity score
modelling. Chapter 6 contains the main results, the strengths and limitations of the chosen
methods and implications and recommendations for future research.
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A BSTRACT
Background and objective: To review methods that seek to adjust for confounding in observational studies when assessing intended drug effects.
Methods: We reviewed the statistical, economical and medical literature on the development,
comparison and use of methods adjusting for confounding.
Results: In addition to standard statistical techniques of (logistic) regression and Cox proportional hazards regression, alternative methods have been proposed to adjust for confounding in
observational studies. A first group of methods focuses on the main problem of nonrandomization by balancing treatment groups on observed covariates: selection, matching, stratification,
multivariate confounder score, and propensity score methods, of which the latter can be combined with stratification or various matching methods. Another group of methods looks for
variables to be used like randomization in order to adjust also for unobserved covariates: instrumental variable methods, two-stage least squares, and grouped-treatment approach. Identifying these variables is difficult, however, and assumptions are strong. Sensitivity analyses
are useful tools in assessing the robustness and plausibility of the estimated treatment effects
to variations in assumptions about unmeasured confounders.
Conclusion: In most studies regression-like techniques are routinely used for adjustment for
confounding, although alternative methods are available. More complete empirical evaluations
comparing these methods in different situations are needed.
Keywords: Review; Confounding; Observational studies; Treatment effectiveness; Intended
drug effects; Statistical methods

14

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

2.1 M ETHODS TO ASSESS INTENDED EFFECTS OF DRUG TREATMENT

I NTRODUCTION
In the evaluation of intended effects of drug therapies, well-conducted randomized controlled
trials (RCTs) have been widely accepted as the scientific standard.1 The key component of
RCTs is the randomization procedure, which allows us to focus on only the outcome variable
or variables in the different treatment groups in assessing an unbiased treatment effect. Because adequate randomization will assure that treatment groups will differ on all known and
unknown prognostic factors only by chance, probability theory can easily be used in making
inferences about the treatment effect in the population under study (confidence intervals, significance). Proper randomization should remove all kinds of potential selection bias, such as
physician preference for giving the new treatment to selected patients or patient preference for
one of the treatments in the trial.2, 3 Randomization does not assure equality on all prognostic
factors in the treatment groups, especially with small sample sizes, but it assures confidence
intervals and p-values to be valid by using probability theory.4
There are settings where a randomized comparison of treatments may not be feasible due
to ethical, economic or other constraints.5 Also, RCTs usually exclude particular groups of
patients (because of age, other drug usage or non-compliance); are mostly conducted under
strict, protocol-driven conditions; and are generally of shorter duration than the period that
drugs are used in clinical practice.6, 7 Thus, RCTs typically provide evidence of what can be
achieved with treatments under the controlled conditions in selected groups of patients for a
defined period of treatment.
The main alternatives are observational studies. Their validity for assessing intended effects of therapies has long been debated and remains controversial.8–10 The recent example
of the potential cardiovascular risk reducing effects of hormone replacement therapy (HRT)
illustrates this controversy.11 Most observational studies indicated that HRT reduces the risk of
cardiovascular disease, whereas RCTs demonstrated that HRT increases cardiovascular risk.12
The main criticism of observational studies is the absence of a randomized assignment of treatments, with the result that uncontrolled confounding by unknown, unmeasured, or inadequately
measured covariates may provide an alternative explanation for the treatment effect.13, 14
Along with these criticisms, many different methods have been proposed in the literature
to assess treatment effects in observational studies. With all these methods, the main objective
is to deal with the potential bias caused by the non-randomized assignment of treatments, a
problem also known as confounding.15
Here we review existing methods that seek to achieve valid and feasible assessment of
treatment effects in observational studies.
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D ESIGN FOR OBSERVATIONAL STUDIES
A first group of methods dealing with potential bias following from non-randomized observational studies is to narrow the treatment and/or control group in order to create more comparable
groups on one or more measured characteristics. This can be done by selection of subjects or
by choosing a specific study design. These methods can also be seen as a first step in removing
bias, where a further reduction of bias will be attained by any data-analytical technique.

H ISTORICAL CONTROLS
Before the introduction and acceptance of the RCT as the gold standard for assessing the intended effect of treatments, it was common to compare the outcome of treated patients with
the outcome of historical controls (patients previously untreated or otherwise treated).16 An
example of this method can be found in Kalra et al.17 The authors assessed the rates of stroke
and bleeding in patients with atrial fibrillation receiving warfarin anticoagulation therapy in
general medical clinics and compared these with the rates of stroke and bleeding among similar patients with atrial fibrillation who received warfarin in a RCT.
Using historical controls as a comparison group is in general a problematic approach, because the factor time can play an important role. Changes of the characteristics of a general
population or subgroup over time are not uncommon.18 Furthermore, there may exist differences in population definitions between different research settings.

C ANDIDATES FOR TREATMENT
If current treatment guidelines exist, the comparison between the treated and the untreated
group can be improved by choosing for the untreated group only those subjects who are candidates for the treatment under study according to these guidelines. As a preliminary selection,
this method was used in a cohort study to estimate the effect of drug treatment of hypertension
on the incidence of stroke in the general population by selecting candidates on the basis of their
blood pressure and the presence of other cardiovascular risk factors.19 The selection of a cohort of candidates for treatment can also be conducted by a panel of physicians after presenting
them the clinical characteristics of the patients in the study.20

C OMPARING

TREATMENTS FOR THE SAME INDICATION

When different classes of drugs, prescribed for the same indication, have to be studied, at least
some similarity in prognostic factors between treatment groups occurs naturally. This strategy
was used in two case-control studies to compare the effects of different antihypertensive drug
therapies on the risks of myocardial infarction and ischemic stroke.21, 22 Only patients who
used antihypertensive drugs for the indication hypertension were included in these studies (and
also some subgroups that had other indications such as angina for drugs that can be used to
treat high blood pressure were removed).
16
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C ASE - CROSSOVER AND CASE - TIME - CONTROL

DESIGN

The use of matched case-control (case-referent) studies when the occurrence of a disease is
rather rare is a well-known research design in epidemiology. This type of design can also
be adopted when a strong treatment effect is suspected23 or when a cohort is available from
which the subjects are selected (nested case-control study).24 Variations of this design have
been proposed to control for confounding due to differences between exposed and unexposed
patients. One such variant is the case-crossover study, in which event periods are compared
with control periods within cases of patients who experienced an event. This study design may
avoid bias resulting from differences between exposed and nonexposed patients, but variations
in the underlying disease state within individuals could still confound the association between
treatment and outcome.25 An extension of this design is the case-time-control design, which
takes also into account changes of exposure levels over time. With this design and with certain
assumptions confounding due to time trends in exposure can be removed, but variations in the
severity of disease over time within individuals, although probably correlated with exposure
levels, cannot be controlled.26–28 In a study comparing the effect of high and moderate βantagonist use on the risk of fatal or near-fatal asthma attacks, the odds ratio (OR) from a
case-time-control analysis controlling for time trends in exposure, turned out to be much lower
(OR= 1.2, 95% confidence interval, CI 95%: 0.5, 3.0) than in a conventional case-control
analysis (OR= 3.1, CI 95%: 1.8, 5.4).27
Advantages of these designs in which each subject is its own control, are the considerably
reduced intersubject variability and the exclusion of alternative explanations from possible
confounders. These methods are on the other hand of limited use, because for only some
treatments the outcome can be measured at both the control period and the event period, and
thereby excluding possible carryover effects.

DATA - ANALYTICAL TECHNIQUES
Another group of bias reducing methods are the data-analytical techniques, which can be divided into model-based techniques (regression-like methods) and methods without underlying
model assumptions (stratification and matching).

S TRATIFICATION

AND MATCHING

Intuitive and simple methods to improve the comparison between treatment groups in assessing
treatment effects, are the techniques of stratification (subclassification) and matching on certain covariates as a data-analytical technique. The limitations and advantages of these methods
are in general the same. Advantages are (i) clear interpretation and communication of results,
(ii) direct warning when treatment groups do not adequately overlap on used covariates, and
(iii) no assumptions about the relation between outcome and covariates (e.g., linearity).29, 30
The main limitation of these techniques is, that in general only one or two covariates or rough
E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING
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strata or categories are possible. More covariates will easily result in many empty strata in
case of stratification and many mismatches in case of matching. Another disadvantage is that
continuous variables have to be classified, using (mostly) arbitrary criteria.
These techniques can easily be combined with methods like propensity scores and multivariate confounder score, as will be discussed below, using the advantages of clear interpretation and absence of assumptions about functional relationships.

A SYMMETRIC STRATIFICATION
A method found in the literature that is worth mentioning, is asymmetric stratification.31 Compared to cross-stratification of more covariates, in this method each stratum of the first covariate
is subdivided by the covariate that has highest correlation with the outcome within that stratum. For instance, men are subdivided on the existence of diabetes mellitus because of the
strongest relationship with the risk of a stroke, and women are subdivided by the history of a
previous cardiovascular disease. By pooling all treatment effects in the strata in the usual way,
a corrected treatment effect can be calculated. Although by this method more covariates can
be handled than with normal stratification, most of them will be partly used. We are unaware
of any medical study in which this method has been used.

C OMMON MULTIVARIABLE STATISTICAL TECHNIQUES
Compared to selection, restriction, stratification, or matching, more advanced multivariable statistical techniques have been developed to reduce bias due to differences in prognosis between
treatment groups in observational studies.32 By assessing a model with outcome as the dependent and type of treatment as the independent variable of interest, many prognostic factors
can be added to the analysis to adjust the treatment effect for these confounders.Well known
and frequently used methods are multivariable linear regression, logistic regression, and Cox
proportional hazards regression (survival analysis). Main advantage over earlier mentioned
techniques is that more prognostic variables, quantitative and qualitative, can be used for adjustment, due to a model that is imposed on the data. It is obvious that also in these models the
number of subjects or the number of events puts a restriction on the number of covariates; a
ratio of 10 to 15 subjects or events per independent variable is mentioned in the literature.33, 34
An important disadvantage of these techniques when used for adjusting a treatment effect
for confounding, is the danger of extrapolations when the overlap on covariates between treatment groups is too limited. While matching or stratification gives a warning or breaks down,
regression analysis will still compute coefficients. Mainly when two or more covariates are
used, a check on adequate overlap of the joint distributions of the covariates will be seldom
performed. The use of a functional form of the relationship between outcome and covariates
is an advantage for dealing with more covariates, but has its drawback, mainly when treatment
groups have different covariate distributions. In that case, the results are heavily dependent on
the chosen relationship (e.g., linearity).
18
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P ROPENSITY

SCORE ADJUSTMENT

An alternative way of dealing with confounding caused by nonrandomized assignment of treatments in cohort studies, is the use of propensity scores, a method developed by Rosenbaum &
Rubin.35 D’Agostino found that “the propensity score for an individual, defined as the conditional probability of being treated given the individual’s covariates, can be used to balance the
covariates in observational studies, and thus reduce bias.”36 In other words, by this method a
collection of covariates is replaced by a single covariate, being a function of the original ones.
For an individual i (i = 1, ..., n) with vector xi of observed covariates, the propensity score is
the probability e(xi ) of being treated (Zi = 1) versus not being treated (Zi = 0):
¯
e(xi ) = Pr(Zi = 1¯Xi = xi )

(2.1)

where it is assumed that the Zi are independent, given the Xs.
By using logistic regression analysis, for instance, for every subject a probability (propensity score) is estimated that this subject would have been treated, on the basis of the measured
covariates. Subjects in treatment and control groups with (nearly) equal propensity scores will
tend to have the same distributions of the covariates used and can be considered similar. Once
a propensity score has been computed, this score can be used in three different ways to adjust
for the uncontrolled assignment of treatments: (i) as a matching variable, (ii) as a stratification
variable, and (iii) as a continuous variable in a regression model (covariance adjustment). Examples of these methods can be found in two studies of the effect of early statin treatment on
the short-term risk of death.37, 38
The most preferred methods are stratification and matching, because with only one variable
(the propensity score) the disadvantages noted earlier for matching and stratification disappear
and the clear interpretation and absence of model-based adjustments remain as the main advantages. When classified into quintiles or deciles, a stratified analysis on these strata of the
propensity score is most simple to adopt. Within these classes, most of the bias due to the
measured confounders disappears. Matching, on the other hand, can be much more laborious
because of the continuous scale of the propensity score. Various matching methods have been
proposed. In all these methods, an important role is given to the distance matrix, of which the
cells are most often defined as simply the difference in propensity score between treated and
untreated patients. A distinction between methods can be made between pair-matching (one
treated to one untreated patient) and matching with multiple controls (two, three, or four). The
latter method should be used when the number of untreated patients is much greater than the
number of treated patients; an additional gain in bias reduction can be reached when a variable
number per pair, instead of a fixed number, is used.39 Another distinction can be made between
greedy methods and optimal methods. A greedy method selects at random a treated patient and
looks for an untreated patient with smallest distance to form a pair. In subsequent steps, all
other patients are considered for which a match can be made within a defined maximum disE.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING
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tance. An optimal method, on the other hand, takes the whole distance matrix into account to
look for the smallest total distance between all possible pairs. An optimal method combined
with a variable number of controls should be the preferred method.40
The method of propensity scores was evaluated in a simulation study, and it was found that
the bias due to omitted confounders was of similar magnitude as for regression adjustment.41
The bias due to misspecification of the propensity score model was, however, smaller than the
bias due to misspecification of the multivariable regression model. Therefore, propensity score
adjustment is less sensitive to assumptions about the functional form of the association of a particular covariate with the outcome (e.g., linear or quadratic).35 Recently, the propensity score
method was compared to logistic regression in a simulation study with a low number of events
and multiple confounders.42 With respect to the sensitivity of the model misspecification (robustness) and empirical power, the authors found the propensity score method to be superior
overall. With respect to the empirical coverage probability, bias, and precision, they found the
propensity score method to be superior only when the number of events per confounder was
low (say, 7 or less). When there were more events per confounder, logistic regression performs
better on the criteria of bias and coverage probability.

M ULTIVARIATE

CONFOUNDER SCORE

The multivariate confounder score was suggested by Miettinen as a method to adjust for confounding in case-control studies.43 Although Miettinen did not specifically propose this method
to adjust for confounding in studies of intended effects of treatment, the multivariate confounder score is very similar to the propensity score, except that the propensity score is not
conditional on the outcome of interest, whereas the multivariate confounder score is conditional on not being a case.43
The multivariate confounder score has been evaluated for validity.44 Theoretically and in
simulation studies, this score was found to exaggerate significance, compared to the propensity
score. The point estimates in these simulations were, however, similar for propensity score and
multivariate confounder score.

I NSTRUMENTAL

VARIABLES

A technique widely used in econometrics, but not yet generally applied in medical research,
is the use of instrumental variables (IV). This method can be used for the estimation of treatment effects (the effect of treatment on the treated) in observational studies as an alternative
to making causal inferences in RCTs.45 In short, an instrumental variable is an observable
factor associated with the actual treatment but not directly affecting outcome. Unlike standard
regression models, two equations are needed to capture these relationships:

20
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Di = α0 + α1 Zi + νi

(2.2)

Yi = β0 + β1 Di + ²i

(2.3)

where Yi is outcome, Di is treatment, Zi is the instrumental variable or assignment, and α1 6= 0.
Both treatment D and assignment Z can be either continuous or dichotomous. In case of a
dichotomous D, equation 2.2 can be written as Di∗ = α0 + α1 Zi + νi , where Di∗ is a latent
index (Di∗ > 0 → Di = 1; otherwise Di = 0).
By equation 2.2, it is explicitly expressed that it is unknown how treatments are assigned
(at least we know it was not random) and that we like to explain why one is treated and the
other is not by a variable Z. Substituting equation 2.2 into 2.3 gives:
Yi = (β0 + β1 α0 ) + β1 α1 Zi + (β1 νi + ²i )

(2.4)

The slope β1 α1 can be estimated by least squares regression and is, when Z is dichotomous,
the difference in outcome between Z = 0 and Z = 1 (i.e., the intention-to-treat estimator). In
order to estimate the direct treatment effect β1 of treatment D on outcome Y , this estimator
β1 α1 must be divided by α1 , the effect of Z on D from equation 2.2. As an illustration, it
can be seen that in case of a perfect instrument (e.g., random assignment), a perfect relationship exists between Z and D and the parameter α1 = 1, in which case the intention-to-treat
estimator and the instrumental variable estimator coincide. By using two equations to describe
the problem, the implicit but important assumption is made that Z has no effect on outcome
Y other than through its effect on treatment D (cov[Zi , ei ]= 0). Other assumptions are that
α1 6= 0 and that there is no subject i ”who does the opposite of its assignment”.46 This is
illustrated in the following example.
One of the earliest examples of the use of instrumental variables (simultaneous equations)
in medical research was in the study of Permutt and Hebel, where the effect of smoking on
birth weight was studied.47 The treatment consisted of encouraging pregnant women to stop
smoking. The difference in mean birth weight between the treatment groups, the intention-totreat estimator (β1 α1 ), was found to be 92 g, whereas the difference in mean cigarettes smoked
92
per day was −6.4. This leads to an estimated effect β2 = −6.4
= −15, meaning an increase
of 15 g in birth weight for every cigarette per day smoked less. The assumption that the encouragement to stop smoking (Z) does not affect birth weight (Y ) other than through smoking
behavior seems plausible. Also the assumption that there is no woman who did not stop smoking because she was encouraged to stop, is probably fulfilled.
Another example of the use of an instrumental variable can be found in the study of McClellan et al., where the effect of cardiac catheterization on mortality was assessed.48 The
difference in distance between their home and the nearest hospital that performed cardiac
catheterizations and the nearest hospital that did not perform this procedure, was used as an
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instrumental variable. Patients with a relatively small difference in distance to both types of
hospitals (< 2.5 miles) did not differ from patients with a larger difference in distance to both
types of hospitals (≥ 2.5 miles) with regard to observed characteristics such as age, gender,
and comorbidity; however, patients who lived relatively closer to a hospital that performed
cardiac catheterizations more often received this treatment (26%) compared to patients who
lived farther away (20%). Thus, the differential distance affected the probability of receiving
cardiac catheterization, whereas it could reasonably be assumed that differential distance did
not directly affect mortality.
As stated above, the main limitation of instrumental variables estimation is that it is based
on the assumption that the instrumental variable only affects outcome by being a predictor for
the treatment assignment and no direct predictor for the outcome (exclusion restriction). This
assumption is difficult to fulfill; more important, it is practically untestable. Another limitation is that the treatment effect may not be generalizable to the population of patients whose
treatment status was not determined by the instrumental variable. This problem is similar to
that seen with RCTs, where estimated treatment effects may not be generalizable to a broader
population. Finally, when variation in the likelihood of receiving a particular therapy is small
between groups of patients based on an instrumental variable, differences in outcome due to
this differential use of the treatment may be very small and, hence, difficult to assess.

S IMULTANEOUS EQUATIONS AND

TWO - STAGE LEAST SQUARES

The method just described as instrumental variables is in fact a simple example of the more
general methods of simultaneous equations estimation, widely used in economics and econometrics. When there are only two simultaneous equations and regression analysis is used this
method is also known as two-stage least squares (TSLS).49 In the first stage treatment D is
explained by one or more variables that do not directly influence the outcome variable Y . In
the second stage this outcome is explained by the predicted probability of receiving a particular treatment, which is adjusted for measured and unmeasured covariates. An example of this
method is used to assess the effects of parental drinking on the behavioral health of children.50
Parental drinking (the treatment) is not randomized, probably associated with unmeasured factors (e.g., parental skills) and estimated in the first stage by exogenous or instrumental variables
that explain and constrain parents drinking behavior (e.g., price, number of relatives drinking).
Because the method of simultaneous equations and two-stage least squares covers the technique of instrumental variables, the same assumptions and limitations can be mentioned here.
We have chosen to elaborate the instrumental variables approach, because in the medical literature these type of methods are more known under that name.

E COLOGIC STUDIES AND GROUPED - TREATMENT

EFFECTS

Ample warning can be found in the literature against the use of ecologic studies to describe
relationships on the individual level (the ecologic fallacy); a correlation found at the aggre22
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gated level (e.g., hospital) cannot be interpreted as a correlation at the patient level. Wen and
Kramer, however, proposed the use of ecologic studies as a method to deal with confounding
at the individual level when intended treatment effects have to be estimated.51 In situations
where considerable variation in the utilization of treatments exists across geographic areas independent of the severity of disease but mainly driven by practice style, the ”relative immunity
from confounding by indication may outweigh the ecologic fallacy” by performing an ecologic
study.51 Of course, such ecologic studies have low statistical power by the reduced number of
experimental units and tell us little about the individuals in the compared groups. Moreover,
Naylor argues that the limitations of the proposed technique in order to remove confounding
by indication are too severe to consider an aggregated analysis as a serious alternative when
individual level data are available.52
An alternative method described in the literature is known as the grouped-treatment approach. Keeping the analysis at the individual level, the individual treatment variable will be
replaced by an ecological or grouped-treatment variable, indicating the percentage of treated
persons at the aggregated level.53 With this method the relative immunity for confounding by
indication by an aggregated analysis is combined with the advantage of correcting for variation
at the individual level. In fact this method is covered by the method of two-stage least squares,
where in the first stage more variables are allowed to assess the probability of receiving the
treatment. This method faces the same assumptions as the instrumental variables approach discussed earlier. Most important is the assumption that unmeasured variables do not produce an
association between prognosis and the grouped-treatment variable, which in practice will be
hard to satisfy.

VALIDATIONS AND SENSITIVITY ANALYSES
Horwitz et al.54 proposed to validate observational studies by constructing a cohort of subjects
in clinical practice that is restricted by the inclusion criteria of RCTs. Similarity in estimated
treatment effects from the observational studies and the RCTs would provide empirical evidence for the validity of the observational method. Although this may be correct in specific
situations,17, 55 it does not provide evidence for the validity of observational methods for the
evaluation of treatments in general.8
To answer the question whether observational studies produce similar estimates of treatment effects compared to randomized studies, several authors have compared the results of
randomized and nonrandomized studies for a number of conditions, sometimes based on metaanalyses.56–58 In general, these reviews have concluded that the direction of treatment effects
assessed in nonrandomized studies is often, but not always, similar to the direction of the treatment effects in randomized studies, but that differences between nonrandomized and randomized studies in the estimated magnitude of treatment effect are very common. Trials may under-

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

23

CHAPTER

2: A N OVERVIEW OF ADJUSTMENT METHODS

or overestimate the actual treatment effect, and the same is true for nonrandomized comparison
of treatments. Therefore, these comparisons should not be interpreted as true validations.
A sensitivity analysis can be a valuable tool in assessing the possible influence of an unmeasured confounder. This method was probably first used by Cornfield et al.59 when they
attacked Fisher’s60 hypothesis that the apparent association between smoking and lung cancer
could be explained by an unmeasured genetic confounder related to both smoking and lung
cancer. The problem of nonrandomized assignment to treatments in observational studies can
be thought of as a problem of unmeasured confounding factors. Instead of stating that an unmeasured confounder can explain the treatment effect found, sensitivity analyses try to find a
lower bound for the magnitude of association between that confounder and the treatment variable. Lin et al. developed a general approach for assessing the sensitivity of the treatment effect
to the confounding effects of unmeasured confounders after adjusting for measured covariates,
assuming that the true treatment effect can be represented in a regression model.61 The plausibility of the estimated treatment effects will increase if the estimated treatment effects are
insensitive over a wide range of plausible assumptions about these unmeasured confounders.

S UMMARY AND DISCUSSION
Although randomized clinical trials remain the gold standard in the assessment of intended
effects of drugs, observational studies may provide important information on effectiveness
under everyday circumstances and in subgroups not previously studied in RCTs. The
main defect in these studies is the incomparability of groups, giving a possible alternative
explanation for any treatment effect found. Thus, focus in such studies is directed toward
adjustment for confounding effects of covariates.
Along with standard methods of appropriate selection of reference groups, stratification
and matching, we discussed multivariable statistical methods such as (logistic) regression
and Cox proportional hazards regression to correct for confounding. In these models, the
covariates, added to a model with ‘treatment’ as the only explanation, give alternative
explanations for the variation in outcome, resulting in a corrected treatment effect. In fact,
the main problem of balancing the treatment and control groups according to some covariates
has been avoided. A method that more directly attacks the problem of imbalance between
treatment and control group, is the method of propensity scores. By trying to explain this
imbalance with measured covariates, a score is computed which can be used as a single
variable to match both groups. Alternatively, this score can be used as a stratification variable
or as a single covariate in a regression model.
In all these techniques, an important limitation is that adjustment can only be achieved for
measured covariates, implicating possible measurement error on these covariates (e.g., the
severity of a past disease) and possible omission of other important, unmeasured covariates. A
method not limited by these shortcomings is a technique known as instrumental variables. In
24
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this approach, the focus is on finding a variable (the instrument) that is related to the allocation
of treatments, but is related to outcome only because of its relation to treatment. This
technique can achieve the same effect as randomization in bypassing the usual way in which
physicians allocate treatment according to prognosis, but its rather strong assumptions limit
its use in practice. Related techniques are two-stage least squares and the grouped-treatment
approach, sharing the same limitations. All these methods are summarized in Table 2.1.
Table 2.1: Strengths and limitations of methods to assess treatment effects in nonrandomized,
observational studies
Method
Design approaches
Historical controls
Candidates for treatment

Used

Infrequently
Infrequently

Strengths

Limitations

• Easy to identify comparison group
• Useful for preliminary selection

• Treatment effect often biased
• Difficult to identify not treated
candidates
• Only useful for diseases treated
with several drugs
• Only effectiveness of one drug
compared to another
• Only useful to assess timelimited effects
• Possible crossover effects

Treatments for the same
indication

Infrequently, • Similarity of prognostic factors
when possible

Case-crossover and
case-time-control designs

Infrequently

• Reduced variability by intersubject
comparison

Frequently

• Clear interpretation/no assumptions
• Clarity of incomparability on used
covariates
• More covariates than with normal
stratification
• More covariates than matching or
stratification
• Easy to perform
• Many covariates possible

Data-analytical approaches
Stratification and
(weighted) matching
Asymmetric stratification

Not used

Common statistical methods:
linear regression, logistic
regression, survival analysis
Propensity scores

Standard,
very often

Multivariate confounder score

Scarcely

Ecologic studies

Scarcely

Instrumental variables (IV),
two-stage least squares;
grouped-treatment effects

Infrequently

More often

• Less insensitive to
misspecification
• Immune to confounding
by indication
• Large differences per area
are needed

• Only a few covariates or rough
categories can be used
• Still limited number
of covariates
• Focus is not on balancing groups
• Adequate overlap between groups
difficult to assess
• Performs better with only a few
number of events per confounder
• Exaggerates significance
• Loss of power
• Loss of information at the
individual level
• Difficult to identify an IV
• IV must be unrelated to factors
directly affecting outcome

Given the limitations of observational studies, the evidence in assessing intended drug effects
from observational studies will be in general less convincing than from well conducted RCTs.
The same of course is true when RCTs are not well conducted (e.g., lacking double blinding or exclusions after randomization). This means that due to differences in quality, size or
other characteristics disagreement among RCTs is not uncommon.62, 63 In general we subscribe to the view that observational studies including appropriate adjustments are less suited
to assess new intended drug effects (unless the expected effect is very large), but can certainly
be valuable for assessing the long-term beneficial effects of drugs already proven effective in
short-term RCTs. For instance, the RCTs of acetylsalicylic acid that demonstrated the beneE.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING
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ficial effects in the secondary prevention of coronary heart disease were of limited duration,
but these drugs are advised to be taken lifelong. Another purpose of observational studies is to
investigate the causes of interindividual variability in drug response. Most causes of variability
in drug response are unknown. Observational studies can also be used to assess the intended
effects of drugs in patients that were excluded from RCTs (e.g., very young patients, or patients
with different comorbidities and polypharmacy), or in patients that were studied in RCTs but
who might still respond differently (e.g., because of genetic differences).
Comparison between the presented methods to assess adjusted treatment effects in observational studies is mainly based on theoretical considerations, although some empirical evidence
is available. A more complete empirical evaluation that compares the different adjustment
methods with respect to the estimated treatment effects under several conditions will be needed
to assess the validity of the different methods. Preference for one method or the other can be
expressed in terms of bias, precision, power, and coverage probability of the methods, whereas
the different conditions can be defined by means of, for instance, the severity of the disease, the
number of covariates, the strength of association between covariates and outcome, the association among the covariates, and the amount of overlap between the groups. These empirical
evaluations can be performed with existing databases or computer simulations. Given the lack
of empirical evaluations for comparisons of the different methods and the importance of the
assessment of treatment effects in observational studies, more effort should be directed toward
these evaluations.
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A BSTRACT
In medical research logistic regression and Cox proportional hazards regression analysis, in
which all the confounders are included as covariates, are often used to estimate an adjusted
treatment effect in observational studies. In the last decade the method of propensity scores has
been developed as an alternative adjustment method and many examples of applications can be
found in the literature. Frequently this analysis is used as a comparison for the results found
by the logistic regression or Cox proportional hazards regression analysis, but researchers are
insufficiently aware of the different types of treatment effects that are estimated by these analyses.
This is emphasized by a recent simulation study by Austin et al. in which the main objective was to investigate the ability of propensity score methods to estimate conditional treatment
effects as estimated by logistic regression analysis. Propensity score methods are in general
incapable of estimating conditional effects, because their aim is to estimate marginal effects
like in randomized studies. Although the conclusion of the authors is correct, it can be easily
misinterpreted. We argue that in treatment effect studies most researchers are interested in the
marginal treatment effect and the many possible conditional effects in logistic regression analysis can be a serious overestimation of this marginal effect.
For studies in which the outcome variable is dichotomous we conclude that the treatment
effect estimate from propensity scores is in general closer to the treatment effect that is of most
interest in treatment effect studies.
Keywords: Confounding; Propensity scores; Logistic regression analysis; Marginal treatment
effect; Conditional treatment effect; Average treatment effect
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In a recent simulation study Austin et al. conclude that conditioning on the propensity score
gives biased estimates of the true conditional odds ratio of treatment effect in logistic regression
analysis. Although we generally agree with this conclusion, it can be easily misinterpreted because of the word bias. From the same study one can similarly conclude that logistic regression
analysis will give a biased estimate of the treatment effect that is estimated in a propensity score
analysis. Because propensity score methods aim at estimating a marginal treatment effect, we
believe that the last statement is more meaningful.

D IFFERENT TREATMENT EFFECTS
The authors raise an important issue, which is probably unknown to many researchers, that in
logistic regression analysis a summary measure of conditional treatment effects will in general not be equal to the marginal treatment effect. This phenomenon is also known as noncollapsibility of the odds ratio,1 but is apparent in all non-linear regression models and generalized linear models with a link function other than the identity link (linear models) or log-link
function.2 In other words, even if a prognostic factor is equally spread over treatment groups,
the inclusion of this variable in a logistic regression model will increase the estimated treatment
effect. This increasing effect of a conditional treatment effect compared to the overall marginal
effect is larger when more prognostic factors are added, but lower when the treatment effect is
closer to OR=1 and also lower when the incidence rate of the outcome is smaller.3 In general, it
can be concluded that in a given research situation many different conditional treatment effects
exist, depending on the number of prognostic factors in the model.

T RUE CONDITIONAL TREATMENT EFFECT
The true treatment effect is the effect on a specific outcome of treating a certain population
compared to not treating this population. In randomized studies this can be estimated as the
effect of the treated group compared to the non-treated group. The true conditional treatment
effect as defined in Austin et al. is the treatment effect in a certain population given the set of
six prognostic factors and given that the relationships in the population can be captured by a
logistic regression model. Two of the six prognostic factors were equally distributed between
treatment groups and included in the equation for generating the data. But there are also nonconfounding prognostic factors excluded from this equation, because not all of the variation
in the outcome is captured by the six prognostic factors. That means that it seems to be at
least arbitrary how many and which of the non-confounding prognostic factors were included
or excluded to come to a ‘true conditional treatment effect’. Because of the non-collapsibility
of the odds ratio, all these conditional treatment effects are in general different from each
other, but which of these is the one of interest remains unclear. The only thing that is clear,
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is that application of the model that was used to generate the data will find on average this
‘true conditional treatment effect’, while all other models, including less or more prognostic
factors, will in general find a ‘biased’ treatment effect. It should be therefore no surprise that
propensity score models will produce on average attenuated treatment effects, for propensity
score models correct for only one prognostic factor, the propensity score. This implies that the
treatment effect estimates from propensity score models are in principal closer to the overall
marginal treatment effect than to one of the many possible conditional treatment effects.

M ARGINAL OR CONDITIONAL TREATMENT EFFECTS ?
The authors give two motivations why a conditional treatment effect is more interesting than
the overall marginal treatment effect (which is the effect that would be found if treatments
were randomized). Firstly, they indicate that a conditional treatment effect is more interesting to physicians, because it allows physicians to make appropriate treatment effect decisions
for specific patients. Indeed, in clinical practice treatment decisions are made for individual
patients, but these decisions are better informed by subgroup analyses with specific treatment
effects for subgroups: a specific conditional treatment effect is still some kind of ‘average’ over
all treatment effects in subgroups. Another argument is that treatment decisions on individual
patients should be based on the absolute risk reduction and not on odds ratios or relative risks.4
Secondly, the authors suggest that in practice researchers use propensity scores for estimating
conditional treatment effects. However, in most studies in which propensity scores and logistic
regression analysis are both performed, researchers rather have an overall marginal treatment
effect in mind than one specific conditional treatment effect.5 Furthermore, the overall marginal
treatment effect is one well-defined treatment effect, whereas conditional treatment effects are
effects that are dependent on the chosen model. The reason for comparing propensity score
methods with logistic regression analysis is probably not because the aim is to estimate conditional effects, but simply because logistic regression is the standard way of estimating an
adjusted treatment effect with a dichotomous outcome.
In conclusion, propensity score methods aim to estimate a marginal effect, which in general
is not a good estimate of a conditional effect in logistic regression analysis because of the noncollapsibility of the odds ratio. An overall marginal treatment effect is better defined and seems
to be of more interest than all possible conditional treatment effects. Finally, these conditional
effects are dependent on the number of non-confounders, which is not the case for propensity
score methods.
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A BSTRACT
In medical research propensity score (PS) methods are used to estimate a treatment effect in
observational studies. Although advantages for these methods are frequently mentioned in the
literature, it has been concluded from literature studies that treatment effect estimates are similar when compared with multivariable logistic regression (LReg) or Cox proportional hazards
regression. In this study we demonstrate that the difference in treatment effect estimates between LReg and PS methods is systematic and can be substantial, especially when the number
of prognostic factors is more than 5, the treatment effect is larger than an odds ratio of 1.25
(or smaller than 0.8) or the incidence proportion is between 0.05 and 0.95. We conclude that
PS methods in general result in treatment effect estimates that are closer to the true average
treatment effect than a logistic regression model in which all confounders are modeled. This is
an important advantage of PS methods that has been frequently overlooked by analysts in the
literature.
Keywords: Confounding; Propensity scores; Logistic regression analysis; Marginal treatment
effect; Conditional treatment effect; Average treatment effect
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I NTRODUCTION
A commonly used statistical method in observational studies that adjusts for confounding, is
the method of propensity scores (PS).1, 2 This method focusses on the balance of covariates
between treatment groups before relating treatment to outcome. In contrast, classical methods
like linear regression, logistic regression (LReg) or Cox proportional hazards regression (Cox
PH) directly relate outcome to treatment and covariates by a multivariable model. Advantages
to use PS methods that are frequently mentioned in the literature are the ability to include more
confounders, the better adjustment for confounding when the number of events is low and the
availability of information on the overlap of covariate distributions.1–7 In two recent literature
studies it is concluded that treatment effects estimated by both PS methods and regression
techniques are in general fairly similar to each other.8, 9 Instead of a focus on the similarity
in treatment effects between both methods, we will illustrate that the differences between PS
methods and LReg analysis are systematic and can be substantial. We will also demonstrate that
treatment effect estimates from PS methods are in general closer to the true average treatment
effect than from LReg, which results in an important advantage of PS methods over LReg.

S YSTEMATIC

DIFFERENCES

BETWEEN

TREATMENT

EFFECT

ESTIMATES
In the literature review of Shah et al. the main conclusion was that propensity score methods
resulted in similar treatment effects compared to traditional regression modeling.8 This was
based on the agreement that existed between the significance of treatment effect in PS methods
compared to LReg or Cox PH methods in 78 reported analyses. This agreement was denoted
as excellent (κ = 0.79) and the mean difference in treatment effect was quantified as 6.4%. In
the review of Stürmer et al. it was also stressed that PS methods did not result in substantially
different treatment effect estimates compared to LReg or Cox PH methods.9 They reported that
in only 9 out of 69 studies (13%) the effect estimate differed by more than 20%.
The results of these reviews can also be interpreted differently: the dissimilarity between
methods is systematic resulting in treatment effect estimates that are on average stronger in
LReg and Cox PH analysis. In Shah et al. the disagreement between methods was in the
same direction: all 8 studies that disagreed resulted in a significant effect in LReg or Cox PH
methods and a non-significant effect in PS methods (p = 0.008, McNemar’s test). Similarly,
the treatment effect in PS methods was more often closer to unity than in LReg or Cox PH (34
versus 15 times, p = 0.009, binomial test with π0 = 0.5). In the review of Stürmer et al. it
turned out that substantial differences between both methods only existed when the estimates
in LReg or Cox PH were larger than in PS methods. Because both reviews were partly based
on the same studies, we summarized the results in Table 3.1 by taking into account studies that
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were mentioned in both reviews. We included all studies that reported treatment effects for PS
methods (matching, stratification or covariate adjustment) and regression methods (LReg or
Cox PH), even when the information was that effects were ‘similar’.
Table 3.1: Comparison of treatment effect estimates between propensity score methods (PS) and
logistic regression (LReg) or Cox proportional hazards regression (Cox PH)8, 9
number of studies
percentage
Treatment effect is stronger in PS methods
24
25.0%
Treatment effects are equal or reported as ‘similar’
22
22.9%
Treatment effect is stronger in LReg or Cox PH
50
52.1%

From all 96 studies (Table 3.1) there were twice as many studies in which the treatment effect
from LReg or Cox PH methods was stronger than from PS methods: 50 versus 24 (= 68%).
Testing the null hypothesis of equal proportions (binomial test, π0 = 0.5, leaving out the category when effects were reported to be equal or similar) resulted in highly significant differences
(p = 0.003). The mean difference in the logarithm of treatment effects (δ)8 between both methods was calculated at 5.0%, significantly different from 0 (p = 0.001, 95% confidence interval
(CI): 2.0, 7.9). In studies with treatment effects larger than an odds ratio (OR) of 2.0 or smaller
than 0.5 this mean difference was even larger: δ = 19.0%, 95% CI: 10.3, 27.6.
We conclude that PS methods result in treatment effects that are significantly closer to the
null hypothesis of no effect than LReg or Cox PH methods. The larger the treatment effects,
the larger the differences.

E XPLAINING DIFFERENCES IN TREATMENT EFFECT ESTIMATES
The reason for the systematic differences between treatment effect estimates from PS methods and LReg or Cox PH methods can be found in the non-collapsibility of the odds ratio and
hazard ratio used as treatment effect estimators. In the literature this phenomenon has been
recognized and described by many authors.10–18 To understand this, we start by defining a true
average treatment effect as the effect of treating a certain population instead of not treating a
similar population, where similarity is defined in terms of prognostic factors. In general, this is
the treatment effect in which we are primarily interested and equals the average effect in randomized studies. Note that this treatment effect is defined without using any outcome model
with covariates. When treated and untreated populations are similar on prognostic factors, this
true average treatment effect can be simply estimated by an unadjusted treatment effect, for
instance a difference in means, a risk ratio or an odds ratio. When on the other hand both
populations are not similar on prognostic factors, as is to be expected in observational studies,
one should estimate an adjusted treatment effect, trying to correct for all potential confounders.
This can be done for instance by any multivariable regression model or by PS methods using
stratification, matching or covariate adjustment. When treated and untreated populations are
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exactly similar on all covariates, unadjusted and adjusted treatment effects should coincide,
because the primary objective of adjustment is to adjust for dissimilarities in covariate distributions: if there are none, ideally adjustment should have no effect. Unfortunately, this is not
generally true, for instance when odds ratios from LReg analysis are used to quantify treatment
effects. Consider two LReg models:
logit(y) = α1 + βt t

(3.1)

logit(y) = α2 + βt∗ t + β1 x1

(3.2)

where y is a dichotomous outcome, t a dichotomous treatment, x1 a dichotomous prognostic
∗
factor and α1 and α2 constants, eβt the unadjusted treatment effect, eβt the adjusted treatment
effect and eβ1 the effect of x1 .
Suppose that in a certain situation only one prognostic factor exists (x1 ) with a different
distribution for both treatment groups. An adjusted treatment effect βt∗ will be interpreted as
an estimate for the true average treatment effect, i.e. the effect that would be found when both
treatment groups had similar distributions of x1 . But when in reality the distribution of x1
is similar for both treatment groups and model 3.2 is applied, it turns out that the adjusted
treatment effect estimate βt∗ does not equal the unadjusted treatment effect βt . More generally, when both treatment groups are similar with respect to their covariate distributions, the
adjusted and unadjusted treatment effects will not coincide in non-linear regression models or
generalized linear models with another link function than the identity link (equalling a linear
regression analysis) or log-link. We refer to the literature for a mathematical explanation of this
phenomenon10, 11, 19 and will illustrate in the next paragraph its implications for the comparison
between LReg and PS methods in epidemiological research.

A DJUSTING FOR EQUALLY DISTRIBUTED PROGNOSTIC FACTORS
To illustrate the non-collapsibility of the OR, we created a large population of n = 100, 000,
a binary outcome y (πy varying from 0.02 to 0.20), a treatment t (πt = 0.50) and 20 binary
prognostic factors x1 , ..., x20 with πx1 = ... =πx20 = 0.50 and eβx1 = ... =eβx20 = 2.0.
These factors, which we will call non-confounders, were exactly equally distributed across
treatments t = 1 and t = 0. The true average treatment effect is therefore known and equals
the unadjusted effect of treatment on outcome eβt in equation 3.1, which was set to 2.0.
First we included the factor x1 in the LReg model of equation 3.2 and calculated an adjusted
∗
treatment effect eβt . We extended this model by including the factors x2 to x20 and calculated
the corresponding adjusted treatment effects. In Figure 3.1 all these adjusted treatment effects
were plotted for various incidence proportions. For example, with an incidence proportion of
πy = 0.10 the adjusted treatment effect is estimated as nearly 2.16 in a LReg model with 10
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non-confounders and as 2.43 in a model with 20 non-confounders. Its increase is stronger
when the incidence proportion is higher. Also an increase in the strength of the treatment effect
(here fixed at 2.0) or an increase in the strength of the association between non-confounders
and outcome (also fixed at 2.0) will increase the difference between adjusted and unadjusted
treatment effect estimates (data not shown).20

Figure 3.1: Adjusted treatment effects for 1 to 20 non-confounding prognostic factors and various
incidence proportions in logistic regression and propensity score stratification (n = 100, 000, eβt = 2.0)
π y =0.20
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x = Propensity score stratification
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Adjusted treatment effect estimate (odds ratio)

o = Logistic regression analysis
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20

Number of non-confounding prognostic factors included in the model

This is in sharp contrast with PS methods for which treatment effects remain unchanged, irrespective of the number of covariates in the PS model, the incidence proportion, the strength of
the treatment effect and the strength of the association between non-confounders and outcome.
The reason is that all prognostic factors are equally distributed between treatment groups (univariate as well as multivariate), which means that the calculated propensity score is constant for
every individual. Stratification on the PS or including it as a covariate will leave the unadjusted
treatment effect unchanged. Although it seems obvious, it illustrates an important advantage of
PS methods compared to LReg: PS methods leave the unadjusted treatment effect unchanged
when prognostic factors are equally distributed between treatment groups. In contrast, this is
not true for LReg analysis.
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A DJUSTING FOR IMBALANCED PROGNOSTIC FACTORS
Perfectly balanced treatment groups, as used in the previous paragraph, are quite exceptional
in practice. In general, treatment groups will differ from each other with respect to covariate
distributions, in observational studies (systematic and random imbalances), but also in randomized studies (random imbalances). In this paragraph we will explore the differences between
LReg and PS analysis when adjustment takes place for imbalanced prognostic factors. In simulation studies it is common to create imbalance between treatment groups by first modeling
treatment as a function of covariates and then outcome as a function of treatment and covariates.5, 21–23 Unfortunately, the treatment effect that is defined in such studies as the true
treatment effect does not match the effect that is commonly of interest when treatment effect
studies are performed. It is an adjusted treatment effect which is conditional on the covariates that has been chosen in the true model. So, in such simulation studies the true average
treatment effect as defined in the third section will be unknown.24 One solution is to calculate
such a true treatment effect with an iterative procedure,25 but still all data are based on logistic
regression models, one of the methods to be evaluated. These problems can be circumvented
when one starts with a balanced population with a known true treatment effect in which no outcome model is involved in generating the data. By using the imbalances on prognostic factors
that appear in random samples, the effects of adjustment between LReg and PS methods can
be fairly compared. Random imbalances are indistinguishable from systematic model-based
imbalances at the level of an individual data set: they only differ from one another by the fact
that random imbalances will cancel out when averaged over many samples. For illustrating the
differences between LReg and PS methods when adjusting for imbalances it is not important
how imbalances have arisen.

S IMULATIONS
We created a population of n = 100, 000, a binary outcome y (πy = 0.30), treatment t (πt =
0.50) and 5 normally distributed prognostic factors x1 , ..., x5 with mean= 0.50, standard
deviation= 0.4 and eβx1 = ... =eβx5 = 2.0. The true treatment effect in the population was
set to eβt = 2.5. To randomly create imbalance, we took 1, 000 random samples with varying
sample sizes (n = 200, 400, 800 and 1, 600). The LReg model used for adjustment is:
logit(y) = αy + βt∗ t + β1y x1 + ... + β5y x5

(3.3)

and the propensity scores are calculated as:
PS =

elogit(t)
1 + elogit(t)

(3.4)

with logit(t) = αt + β1t x1 + ... + β5t x5 .
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To adjust for confounding we stratified subjects on the quintiles of the PS and calculated a
common treatment effect using the Mantel-Haenszel estimator.

C OMPARISON OF ADJUSTED TREATMENT EFFECTS
In Figure 3.2 it is illustrated that the adjusted odds ratios in a LReg analysis with n = 400 are
nearly 9% larger than those in PS analysis: in nearly all samples (97%) the ratio of adjusted
treatment effects from both analysis is larger than 1. This confirms the results found in the
reviews and presented in Table 3.1 that LReg or Cox PH result in general higher treatment
effects than PS analysis (50/74 = 68%). The difference between both percentages is due to
the diversity in models, treatment effects, sample sizes and number of confounders that were
found in the literature.

Figure 3.2: Histogram of the ratio of adjusted odds ratios of treatment effect in logistic regression
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In Table 3.2 the results are summarized for various sample sizes. Between sample sizes of 400,
800 and 1, 600 there are only minor differences in the mean and median ratio. Overall it can be
concluded that with the chosen associations and number of covariates, the adjusted treatment
effect in LReg is 8 − 10% higher than in PS analysis, slightly decreasing with sample size.
46

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

3.2 A N IMPORTANT ADVANTAGE OF PROPENSITY SCORES

Table 3.2: Summary measures of the ratio of adjusted odds ratios of treatment effect in logistic
regression compared to propensity score analysis in 1, 000 samples.
n=200
n=400
n=800
n=1,600
Mean
1.102
1.087
1.085
1.082
Median
1.094
1.081
1.082
1.082
Standard deviation
0.096
0.055
0.038
0.030
Fraction > 1
0.887
0.970
0.994
0.999

C OMPARISON OF ADJUSTED AND UNADJUSTED TREATMENT EFFECTS
Apart from a comparison between LReg and PS methods, it is relevant to compare the adjusted
effect in both methods to the unadjusted effect, which in our setting equals on average the
true treatment effect. Ideally, the average of the ratio of adjusted to unadjusted effect should be
located around 1, because then the adjusted effect is an unbiased estimator of the true treatment
effect.
Figure 3.3: Histograms of the ratio of adjusted to unadjusted odds ratios of treatment effect in logistic
regression and propensity score analysis, 1, 000 samples of n = 400
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The results are presented in Figure 3.3 for sample sizes of 400. From the upper panel it can
be concluded that when the adjusted treatment effect is used as treatment effect estimate instead of the unadjusted treatment effect (in this setting known on average to be true), LReg
systematically overestimates the effect by 12%. In contrast, the center of the histogram for
PS stratification is much closer to 1 with an overestimation of only 3%. Another difference
is the smaller standard deviation in PS analysis (0.078) compared to LReg (0.097). When the
number of prognostic factors, the incidence proportion, the strength of the treatment effect or
the strength of the association between prognostic factors and outcome increase, the overestimation in LReg compared to PS methods also increases.20

C ONCLUSION AND DISCUSSION
In medical studies logistic regression analysis and propensity score methods are both applied
to estimate an adjusted treatment effect in observational studies. Although effect estimates of
both methods are classified as ‘similar’ and ‘not substantially different’, we stressed that differences are systematic and can be substantial. With respect to the objective to adjust for the
imbalance of covariate distributions between treatment groups, we illustrated that the estimate
of propensity score methods is in general closer to the true average treatment effect than the
estimate of logistic regression analysis. The advantage can be substantial, especially when the
number of prognostic factors is more than 5, the treatment effect is larger than an odds ratio of
1.25 (or smaller than 0.8) or the incidence proportion is between 0.05 and 0.95. This implies
that there is an advantage of propensity score methods over logistic regression models that is
frequently overlooked by analysts in the literature.
We showed that the number of included factors in the outcome model is one of the explanations for the difference in treatment effect estimates between the studied methods in which
odds ratios are involved. For PS methods without further adjustment, this is only 2 (i.e. the
propensity score and treatment), while for LReg this is in general much larger (the number
of included covariates plus 1). For that reason it is to be expected that the main results are
not largely dependent on the specific PS method used (stratification, matching, covariate adjustment or weighting), except when PS methods are combined with further adjustment for
confounding by entering some or all covariates separately in the outcome model. Besides PS
stratification we also used covariate adjustment using the PS. We hardly found any differences
and speculate that the same is true for other PS methods like matching or weighing on the PS.
We used only the most simple PS model (all covariates linearly included) and did not make
any effort to improve the PS model in order to minimize imbalances.26 The advantage of PS
methods is expected to be larger when a more optimal PS model will be chosen.
We conclude that PS methods in general result in treatment effect estimates that are closer
to the true average treatment effect than a logistic regression model in which all confounders
are modeled.
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A BSTRACT
To correct for confounding, the method of instrumental variables (IV) has been proposed. Its
use in medical literature is still rather limited because of unfamiliarity or inapplicability. By
introducing the method in a non-technical way, we show that IV in a linear model is quite easy
to understand and easy to apply once an appropriate instrumental variable has been identified.
We also point at some limitations of the IV estimator when the instrumental variable is only
weakly correlated with the exposure. The IV estimator will be imprecise (large standard error),
biased when sample size is small, and biased in large samples when one of the assumptions is
only slightly violated. For these reasons it is advised to use an IV that is strongly correlated
with exposure. However, we further show that under the assumptions required for the validity
of the method, this correlation between IV and exposure is limited. Its maximum is low when
confounding is strong, for instance in case of confounding by indication. Finally we show
that in a study where strong confounding is to be expected and an IV has been used that is
moderately or strongly related to exposure, it is likely that the assumptions of IV are violated,
resulting in a biased effect estimate. We conclude that instrumental variables can be useful
in case of moderate confounding, but are less useful when strong confounding exists, because
strong instruments cannot be found and assumptions will be easily violated.
Keywords: Confounding; Instrumental variables; Adjustment method; Structural equations;
Non-compliance
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I NTRODUCTION
In medical research randomized controlled trials (RCTs) remain the gold standard in assessing
the effect of one variable of interest, often a specified treatment. Nevertheless, observational
studies are often used in estimating such an effect.1 In epidemiologic as well as sociological
and economic research, observational studies are the standard for exploring causal relationships
between an exposure and an outcome variable. The main problem of estimating the effect in
such studies is the potential bias resulting from confounding between the variable of interest
and alternative explanations for the outcome (confounders). Traditionally, standard methods
such as stratification, matching, and multiple regression techniques have been used to deal
with confounding. In the epidemiologic literature some other methods have been proposed,2, 3
of which the method of propensity scores is best known.4 In most of these methods, adjustment
can be made only for observed confounders.
A method that has the potential to adjust for all confounders, whether observed or not,
is the method of instrumental variables (IV). This method is well known in economics and
econometrics as the estimation of simultaneous regression equations5 and is also referred to as
structural equations and two-stage least squares. This method has a long tradition in economic
literature, but has entered more recently into the medical research literature with increased focus on the validity of the instruments. Introductory texts on instrumental variables can be found
in Greenland6 and Zohoori and Savitz.7
One of the earliest applications of IV in the medical field is probably the research of Permutt and Hebel,8 who estimated the effect of smoking of pregnant women on their child’s birth
weight, using an encouragement to stop smoking as the instrumental variable. More recent
examples can be found in Beck et al.,9 Brooks et al.,10 Earle et al.,11 Hadley et al.,12 Leigh and
Schembri,13 McClellan14 and McIntosh.15 However, it has been argued that the application of
this method is limited because of its strong assumptions, making it difficult in practice to find
a suitable instrumental variable.16
The objectives of this paper are first to introduce the application of the method of IV in
epidemiology in a non-technical way, and second to show the limitations of this method, from
which it follows that IV is less useful for solving large confounding problems such as confounding by indication.

A SIMPLE LINEAR IV

MODEL

In a randomized controlled trial (RCT) the main purpose is to estimate the effect of one explanatory factor (the treatment) on an outcome variable. Because treatments have been randomly
assigned to individuals, the treatment variable is in general independent of other explanatory
factors. In case of a continuous outcome and a linear model, this randomization procedure
allows one to estimate the treatment effect by means of ordinary least squares with a well
E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING
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known unbiased estimator (see for instance Pestman17 ). In observational studies, on the other
hand, one has no control over this explanatory factor (further denoted as exposure) so that ordinary least squares as an estimation method will generally be biased because of the existence
of unmeasured confounders. For example, one cannot directly estimate the effect of cigarette
smoking on health without considering confounding factors such as age and socioeconomic
position.
One way to adjust for all possible confounding factors, whether observed or not, is to make
use of an instrumental variable. The idea is that the causal effect of exposure on outcome can
be captured by using the relationship between the exposure and another variable, the instrumental variable. How this variable can be selected and which conditions have to be fulfilled, is
discussed below. First we will illustrate the model and its estimator.

T HE IV

MODEL AND ITS ESTIMATOR

A simple linear model for IV-estimation consists of two equations
Y = α + βX + E

(3.5)

X = γ + δZ + F

(3.6)

where Y is the outcome variable, X is the exposure, Z is the instrumental variable and E and
F are errors. In this set of structural equations the variable X is endogenous, which means
that it is explained by other variables in the model, in this case the instrumental variable Z.
Z is supposed to be linearly related to X and exogenous, i.e. explained by variables outside
the model. For simplicity we restrict ourselves to one instrumental variable, two equations and
no other explaining variables. Under conditions further outlined in the next section, it can be
proved that expression 3.7 presents an asymptotically unbiased estimate of the effect of X on
Y :18
1 Pn
σ̂Z,Y
i=1 (zi − z̄)(yi − ȳ)
n−1
β̂iv = 1 Pn
=
(3.7)
σ̂Z,X
i=1 (zi − z̄)(xi − x̄)
n−1
where σ̂Z,Y is the sample covariance of Z and Y and σ̂Z,X is the sample covariance of Z and
X. It is more convenient to express the IV estimator in terms of two ordinary least squares
estimators:
β̂ols(Z→Y )
σ̂Z,Y
σ̂Z,Y /σ̂Z2
β̂iv =
=
(3.8)
=
2
σ̂Z,X
σ̂Z,X /σ̂Z
β̂ols(Z→X)
The numerator equals the effect of the instrumental variable on the outcome, whereas in the
denominator the effect of the IV on the exposure is given. In case of a dichotomous IV, the
numerator equals simply the difference in mean outcome between Z = 0 and Z = 1 and
the denominator equals the difference in mean exposure. When the outcome and exposure
variable are also dichotomous and linearity is still assumed, this model is known as a linear
54

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

3.3 I NSTRUMENTAL VARIABLES : APPLICATION AND LIMITATIONS

probability model. In that case the IV estimator presented above can be simply expressed as
probabilities:18
P (Y = 1|Z = 1) − P (Y = 1|Z = 0)
β̂iv =
(3.9)
P (X = 1|Z = 1) − P (X = 1|Z = 0)
where P (Y = 1|Z = 1) − P (Y = 1|Z = 0) equals the risk difference of an event between
Z = 1 and Z = 0.

H OW TO OBTAIN A VALID INSTRUMENTAL VARIABLE
One can imagine that a method that claims to adjust for all possible confounders without randomization of treatments puts high requirements on the IV to be used for estimation. When
this method is applied, three important assumptions have been made. The first assumption is
the existence of at least some correlation between the IV and the exposure, because otherwise
equation 3.6 would be useless and the denominator of equation 3.8 would be equal to zero. In
addition to this formal condition it is important that this correlation should not be too small
(see Implications of weak instruments).
The second assumption is that the relationship between the instrumental variable and the
exposure is not confounded by other variables, so that equation 3.6 is estimated without bias.
This is the same as saying that the correlation between the IV and the error F must be equal
to zero. One way to achieve this, is to use as IV a variable that is controlled by the researcher.
An example can be found in Permutt and Hebel,8 where a randomized encouragement to stop
smoking was used as the IV to estimate the effect of smoking by pregnant women on child’s
birth weight. The researchers used two encouragement regimes, an encouragement to stop
smoking versus no encouragement, randomly assigned to pregnant smoking women. Alternatively, in some situations a natural randomization process can be used as the IV. An example,
also known as Mendelian randomization, can be found in genetics where alleles are considered
to be allocated at random in offspring with the same parents.19, 20 In a study on the causality
between low serum cholesterol and cancer a genetic determinant of serum cholesterol was used
as the instrumental variable.21, 22 When neither an active randomization nor a natural randomization is feasible to obtain an IV, the only possibility is to select an IV on theoretical grounds,
assuming and reasoning that the relationship between the IV and the exposure can be estimated
without bias. Such an example can be found in Leigh and Schembri13 where the observed
cigarette price per region was used as the IV in a study on the relationship between smoking
and health. The authors argued that there was no bias in estimating the relationship between
cigarette price and smoking because the price elasticities in their study (the percentage change
in number of cigarettes smoked related to the percentage change in cigarette price) matched
the price elasticities mentioned in the literature.
The third assumption for an IV is most crucial, and states that there should be no correlation between the IV and the error E (further referred to as the main assumption). This means
that the instrumental variable should influence the outcome neither directly, nor indirectly by
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its relationship with other variables. Whether this assumption is valid can be argued only theoretically, and cannot be tested empirically.
These three assumptions can be summarized as follows:
1) ρZ,X 6= 0, no zero-correlation between IV and exposure
2) ρZ,F = 0, no correlation between IV and other factors explaining X (error F )
3) ρZ,E = 0, no correlation between IV and other factors explaining Y (error E),
main assumption
It should be noted that confounders of the X-Y relation are not explicitly mentioned in these
assumptions, and that these confounders are part of both errors E and F. In the special case that
ρE,F = 1, only confounders can be used to formulate the assumptions.6

N UMERICAL EXAMPLE OF IV

APPLICATION

As an example of IV estimation we will use the research of Permutt and Hebel.8 Here the effect
of smoking (X) by pregnant women on child’s birth weight (Y ) was studied. The instrumental variable (Z) was the randomization procedure used to assign women to an encouragement
program to stop smoking, which fulfills the second assumption. To apply IV estimation, first
the intention-to-treat estimator β̂ols(Z→Y ) needs to be calculated. In case of a dichotomous
IV this simply equals the difference in mean birth weight between women who were encouraged to stop smoking and women who were not (β̂ols(Z→Y ) = 98 gram). Next we calculate
the difference between encouragement groups in the fraction of women who stopped smoking
98
(β̂ols(Z→X) = 0.43 − 0.20 = 0.23). The ratio equals the IV-estimator (= 0.43−0.20
= 430
gram), indicating that stopping smoking raises average birth weight by 430 gram. Figure 3.4
illustrates this calculation, where “actually stopped smoking” is denoted as X = 1 and “continued to smoke” as X = 0.
The encouragement-smoking relationship and the encouragement-birth weight relationship
are represented by the solid lines in the lower and upper panel respectively. Under the assumptions of IV estimation, the effect of smoking on birth weight is known only when smoking is
changed from 0.43 to 0.20, where in fact interest is in a change from X = 0 to X = 1. Extending this difference to a difference from 0 to 1, indicated by the dotted line in the lower panel,
and using the relationship between Z and Y in the upper panel, the intention-to-treat estimator
of 98 gram is ‘extended’ to become the IV estimator of 430 gram. Reminding that our second
assumption has been fulfilled by randomization, the possible bias of the IV estimator mainly
depends on the assumption that there should be no effect from encouragement on child’s birth
weight other than by means of changing smoking behavior. Such an effect can not be ruled out
completely, for instance because women who were encouraged to stop smoking, could become
also more motivated to change other health related behavior as well (for instance nutrition).
Birth weight will then be influenced by encouragement independently of smoking, which will
lead to an overestimation of the effect of stopping smoking.
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430 gram

birthweight ( Y )

Figure 3.4: The instrumental variable estimator in the study of Permutt and Hebel8
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Z=0

Z=1
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X=0
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I MPLICATIONS OF WEAK INSTRUMENTS
In the previous sections the method and application of instrumental variables in a linear model
was introduced in a non-technical way. Here we will focus on the implications when the
correlation between the instrumental variable and the exposure is small, or when the instrument
is weak. We will refer to this correlation as ρZ,X .

L ARGE STANDARD ERROR
A weak instrument means that the denominator in equation 3.8 is small. The smaller this
covariance, the more sensitive the IV estimate will be to small changes. This sensitivity is
mentioned by various authors16, 23 and can be deduced from the formula for the standard error:
σ̂βiv =

σZ σE
σZ,X

(3.10)

where σZ is the standard deviation of Z, σE is the standard deviation of E and σZ,X is the
covariance of Z and X. This covariance in the denominator behaves as a multiplier, which
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means that a small covariance (and hence a small correlation) will lead to a large standard
error. In Figure 3.4 this sensitivity is reflected by the fact that the slope estimate in the lower
panel becomes less reliable when the difference in X between Z = 0 and Z = 1 becomes
smaller.

B IAS WHEN SAMPLE SIZE IS SMALL
An important characteristic of an estimator is that it should equal on average the true value
(unbiasedness). Assuming that the assumptions of IV are not violated, the IV estimator is only
asymptotically unbiased, meaning that on average bias will exist when the estimator β̂iv is used
in smaller samples. This bias appears because the relationship between the instrumental variable and the exposure is in general unknown and has to be estimated by equation 3.6. As is
usual in regression, overfitting generates a bias that depends on both the sample size and the
correlation between the IV and the exposure. With moderate sample size and a weak instrument, this bias can become substantial.24 It can be shown that this bias will be in the direction
of the ordinary least squares estimator β̂ols calculated in the simple linear regression of outcome on exposure.23, 25 Information on the magnitude of the small-sample bias is contained in
the F -statistic of the regression in equation 3.6, which can be expressed as
F =

ρ̂2Z,X (n − 2)
1 − ρ̂2Z,X

(3.11)

An F -value not far from 1 indicates a large small-sample bias, whereas a value of 10 seems
to be sufficient for the bias to be negligible.16 For example, in a sample of 250 independent
observations the correlation between Z and X should be at least 0.20 to reach an F-value of
10. Another solution to deal with possible small-sample bias is to use other IV estimators.16, 26

B IAS WHEN THE MAIN ASSUMPTION IS ONLY SLIGHTLY VIOLATED
Every violation of the main assumption of IV will naturally result in a biased estimator. More
interesting is that only a small violation of this assumption will result in a large bias in case of a
weak instrument because of its multiplicative effect in the estimator. Bound et al.23 expressed
this bias in infinitely large samples (inconsistency) as a relative measure compared with the
bias in the ordinary least squares estimator
lim β̂iv − β
lim β̂ols − β

=

ρZ,E /ρX,E
ρZ,X

(3.12)

where lim is the limit as sample size increases. From this formula it can be seen that even a
small correlation between the instrumental variable and the error (ρZ,E in the denominator) will
produce a large inconsistency in the IV estimate relative to the ordinary least squares estimate
when the instrument is weak, i.e. when ρZ,X is small. Thus, when Z has some small direct
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effect on Y , or an indirect effect other than through X, the IV estimate will be increasingly
biased when the instrument becomes weaker, even in very large samples.
It can be concluded that a small correlation between the IV and the exposure can be a threat
for the validity of the IV method, mainly in combination with a small sample or a possible
violation of the main assumption. Although known from the literature, this aspect is often
overlooked.

A LIMIT ON THE STRENGTH OF INSTRUMENTS
From the last section it follows that the correlation between a possible instrumental variable and
exposure (the strength of the IV ρZ,X ) has to be as strong as possible, which also intuitively
makes sense. However, in practice it is often difficult to obtain an IV that is strongly related
to exposure. One reason can be found in the existence of an upper bound on this correlation,
which depends on the amount of confounding (indicated by ρX,E ), the correlation between
the errors in the model (ρE,F ) and the degree of violation of the main assumption (ρZ,E ). We
will further explore the relationship between these correlations, and will distinguish between a
situation where the main assumption is fulfilled and one in which it is not.

W HEN THE MAIN ASSUMPTION HAS BEEN FULFILLED
In case the main assumption of IV has been fulfilled, which means that the IV changes the
outcome only through its relationship with the exposure, it can be shown that
v
u
u
ρ2X,E
t
|ρZ,X | = 1 − 2
(3.13)
ρE,F

of which the proof is given in Appendix A. Equation 3.13 indicates that there is a maximum on
the strength of the instrumental variable, and that this maximum decreases when the amount
of confounding increases. In case of considerable confounding, the maximum correlation
between IV and exposure will be quite low. This relationship between the correlations is
illustrated in Figure 3.5.
The relation between the strength of the IV ρZ,X and the amount of confounding ρX,E is
illustrated by curves representing various levels of the correlation between the errors ρE,F .
It can be seen that the maximum correlation between the potential instrumental variable
and exposure becomes smaller when the amount of confounding becomes larger. When for
example there is considerable confounding by indication (ρX,E = 0.8), the maximum strength
of the IV is 0.6. Probably this maximum will be even lower because the correlation between
the errors will generally be less than 1.0. When for instance ρE,F = 0.85 this maximum drops
to only 0.34.
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Figure 3.5: Relationship between strength of an instrumental variable (ρZ,X ) and amount of confounding (ρX,E ) for different error correlation levels (ρE,F ), when main assumption has been fulfilled
(ρZ,E = 0)

Of the three correlations presented in equation 3.13 and Figure 3.5, the correlation between
the errors is most difficult to understand. For the main message, however, its existence is not
essential, as is illustrated in Figure 3.6 using vectors.
In panel a of Figure 3.6 the angle between X and E is close to 90◦ , meaning that their
correlation is small (small confounding). Because Z has to be uncorrelated with E according
to the third IV assumption (perpendicular), the angle between X and Z will be automatically
small, indicating a strong IV. In contrast, panel b of Figure 3.6 shows that a large confounding
problem (small angle between X and E) implies a weak instrument (large angle and small
correlation between X and Z). The trade-off between these correlations is an important
characteristic of IV estimation. (Note that we simplified the figure by choosing Z in the same
plane as X and Y in order to remove ρE,F from the figure because it equals its maximum of
1.0. See Appendix B for the situation in which Z is not in this plane.)
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Figure 3.6: Relationship among X, Z and E expressed in vectors

X
E

X

E
Z

b
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Z

As has been said, the correlation between the errors ρE,F also plays a role. To better understand
its meaning we give two examples. In Permutt and Hebel,8 it is likely that this correlation will
be small. Other reasons for birth weight variation besides smoking include socioeconomic conditions, inadequate nutrition, abuse, genetic factors, ethnic factors, physical work conditions
and chronic diseases. Because these explanatory factors for birth weight will be only partly
overlapping with the reasons for non-compliance, i.e. to continue smoking while encouraged
to stop, ρE,F is expected to be small. When, on the other hand, this correlation approaches 1, it
means that the set of variables accounting for the unexplained variation in the outcome Y (error
E) is strongly correlated with the unexplained instrumental variance (error F ). An example of
such a large correlation is a case of strong confounding by indication, where unobserved health
problems are the main reason for getting an illness and also for receiving preventive treatment.
That causes variables E and F to be strongly correlated and the maximum strength of the IV
to be relatively small (see the right side of Figure 3.5).

W HEN THE MAIN ASSUMPTION HAS NOT

BEEN FULFILLED

When the main assumption has not been (completely) fulfilled, the correlation between Z and
E is not equal to 0. Because the correlation between the errors plays a minor role, this correlation has been set to its maximum value of 1. In that case the next inequality holds:
q
q
ρZ,X ≤ |ρZ,E | |ρX,E | + 1 − ρ2Z,E 1 − ρ2X,E
(3.14)
Like equation 3.13, this expression states that in case of considerable confounding the strength
of the instrumental variable is bound to a relatively small value. It further states that a trade-off
exists between ρZ,X and ρZ,E : given a certain degree of confounding, the strength of the IV can
be enlarged by relaxing the main assumption. In practice this means that when IV is applied to
a situation in which a considerable amount of confounding is to be expected and a very strong
instrument has been found, it is very likely that the main assumption has been violated.
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T HE EFFECT ON BIAS
The limit of the correlation between exposure and instrumental variable has an indirect effect
on the bias, because the correlation to be found in practice will be low. This has several disadvantages that can be illustrated using some previous numerical examples. Suppose we deal
with strong confounding by indication, say ρX,E = 0.80. As has been argued before, this will
naturally imply a strong but imperfect correlation between the errors, say ρE,F = 0.85. In that
case, the limit of the correlation between exposure and IV will be ρZ,X = 0.34. Restricting
ourselves to instrumental variables that fulfill the main assumption (ρZ,E = 0), it will be practically impossible to find an IV that possess the characteristic of being maximally correlated with
exposure, which implies that this correlation will be lower than 0.34, for instance 0.20. With
such a small correlation, the effect on the bias will be substantial when sample size falls below
250 observations. Because we cannot be sure that the main assumption has been fulfilled, care
must be taken even with larger samples sizes.

D ISCUSSION
We have focused on the method of instrumental variables for its ability to adjust for confounding in non-randomized studies. We have explained the method and its application in a linear
model and focused on the correlation between the IV and the exposure. When this correlation
is very small, this method will lead to an increased standard error of the estimate, a considerable bias when sample size is small and a bias even in large samples when the main assumption
is only slightly violated. Furthermore, we demonstrated the existence of an upper bound on
the correlation between the IV and the exposure. This upper bound is not a practical limitation
when confounding is small or moderate because the maximum strength of the IV is still very
high. When, on the other hand, considerable confounding by indication exists, the maximum
correlation between any potential IV and the exposure will be quite low, resulting possibly in a
fairly weak instrument in order to fulfill the main assumption. Because of a trade-off between
violation of this main assumption and the strength of the IV, the presence of considerable confounding and a strong instrument will probably indicate a violation of the main assumption and
thus a biased estimate.
This paper serves as an introduction on the method of instrumental variables demonstrating
its merits and limitations. Complexities such as more equations, more instruments, the inclusion of covariates and non-linearity of the model have been left out. More equations could be
added with more than two endogenous variables, although it is unlikely to be useful in epidemiology when estimating an exposure (treatment) effect. In equation 3.6, multiple instruments
could be used; this extension does not change the basic ideas behind this method.27 An advantage of more than one instrumental variable is that a test on the exogeneity of the instruments
is possible.16 Another extension is the inclusion of measured covariates in both equations.27
We limited the model to linear regression, assuming that the outcome and the exposure are
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both continuous variables, while in medical research dichotomous outcomes or exposures are
more common. The main reason for this choice is simplicity: the application and implications
can be more easily presented in a linear framework. A dichotomous outcome or dichotomous
exposure can easily fit into this model when linearity is assumed using a linear probability
model. Although less known, the results from this model are practically indistinguishable from
logistic and probit regression analyses, as long as the estimated probabilities range between 0.2
and 0.8.28, 29 When risk ratios or log odds are to be analyzed, as in logistic regression analysis,
the presented IV-estimator cannot be used and more complex IV-estimators are required. We
refer to the literature for IV-estimation in such cases or in non-linear models in general.6, 30, 31
The limitations when instruments are weak, and the impossibility of finding strong instruments
in the presence of strong confounding, apply in a similar way.
When assessing the validity of study results, investigators should report both the correlation
between IV and exposure (or difference in means) and the F-value resulting from equation 3.6
and given in equation 3.11. When either of these are small, instrumental variables will not produce unbiased and reasonably precise estimates of exposure effect. Furthermore, it should be
made clear whether the IV is randomized by the researcher, randomized by nature, or is simply
an observed variable. In the latter case, evidence should be given that the various categories of
the instrumental variable have similar distributions on important characteristics. Additionally,
the assumption that the IV determines outcome only by means of exposure is crucial. Because
this can not be checked, it should be argued theoretically that a direct or indirect relationship
between the IV and the outcome is negligible. Finally, in a study in which considerable confounding can be expected (e.g. strong confounding by indication), one should be aware that
the existence of a very strong instrument within the IV assumptions is impossible. Whether the
instrument is sufficiently correlated with exposure depends on the number of observations and
the plausibility of the main assumption.
We conclude that the method of IV can be useful in case of moderate confounding, but is
less useful when strong confounding (by indication) exists, because strong instruments can not
be found and assumptions will be easily violated.

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

63

CHAPTER

3: S TRENGTHS AND LIMITATIONS OF ADJUSTMENT METHODS

A PPENDIX A
Theorem 1
The correlation between Z and X, ρZ,X is bound to obey the equality
v
u
u
ρ2X,E
|ρZ,X | = t 1 − 2
ρE,F

(3.15)

Proof: According to the model one has
(
Y = α + βX + E
X = γ + δZ + F
with
σZ,E = 0

and

σZ,F = 0

It follows from this that σX,E = σγ,E + δ σZ,E + σF,E = 0 + 0 + σE,F = σE,F . Using this
expression for σX,E one derives that
σX,E
σE,F σF
σF
=
= ρE,F
σX σE
σX σE σF
σX
s
q
2
σ
= ± ρ2E,F 2F = ± ρ2E,F (1 − ρ2Z,X )
σX

ρX,E =

Squaring, rearranging terms and taking square roots will give
v
u
u
ρ2X,E
|ρZ,X | = t1 − 2
ρE,F
which proves the theorem.
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A PPENDIX B
The condition ρE,F = 1 is equivalent to the condition that Z is in the same plane as X and
E as can be seen in Figure 3.7. For simplicity we assume that the expectation values of the
variables X, Y and Z are all equal to zero.
Figure 3.7: Relationship between X, Z, E and F expressed in vectors
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According to the IV condition that ρZ,E = 0 (these are perpendicular in panel a of Figure 3.7)
and the condition that ρZ,F = 0, it follows from panel b of Figure 3.7 that E and F necessarily
point in the same or opposite direction, implying ρE,F = 1. In this situation there is (up to
scalar multiples) only one instrumental variable Z possible in the plane spanned by E and X.
As has been argued in the text, it is not likely that this correlation equals 1. This is visualized
in Figure 3.8 where Z is not in the plane spanned by X and E, meaning that F , which is in the
plane spanned by X and Z and perpendicular to Z, can impossibly point in the same direction
as E. Consequently one then has ρE,F < 1. Here Z 0 is the projection of Z on the plane
spanned by E and X. The vector Z can now be decomposed as Z = Z 0 + O where Z 0 is in
the plane spanned by E and X and where O is perpendicular to this plane. The vector O can
be referred to as noise because it is uncorrelated to both X and Y . Note that the variable Z 0 is
an instrumental variable itself.
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Figure 3.8: Three dimensional picture of X, Z, E and noise O expressed in vectors
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A BSTRACT
Purpose: To compare adjusted effects of drug treatment for hypertension on the risk of stroke
from propensity score methods with a multivariable Cox proportional hazards regression in an
observational study with censored data.
Methods: From two prospective population-based cohort studies in the Netherlands a selection
of subjects was used who either received drug treatment for hypertension (n = 1, 293) or were
untreated ”candidates” for treatment (n = 954). A multivariable Cox proportional hazards
was performed on the risk of stroke using eight covariates along with three propensity score
methods.
Results: In multivariable Cox proportional hazards regression the adjusted hazard ratio hazard
ratio for treatment was 0.64 (CI 95%: 0.42, 0.98). After stratification on the propensity score
the hazard ratio was 0.58 (CI 95%: 0.38, 0.89). Matching on the propensity score yielded a
hazard ratio of 0.49 (CI 95%: 0.27, 0.88), whereas adjustment with a continuous propensity
score gave similar results as Cox regression. When more covariates were added (not possible
in multivariable Cox model) a similar reduction in hazard ratio was reached by all propensity
score methods. The inclusion of a simulated balanced covariate gave largest changes in HR
using the multivariable Cox model and matching on the propensity score.
Conclusions: In propensity score methods in general a larger number of confounders can be
used. In this data set matching on the propensity score is sensitive to small changes in the
model, probably because of the small number of events. Stratification, and covariate adjustment, were less sensitive to the inclusion of a non-confounder than multivariable Cox proportional hazards regression. Attention should be paid to propensity score model building and
balance checking.
Keywords: Confounding; Propensity scores; Cox proportional hazards regression; Hypertension; Observational studies
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I NTRODUCTION
Cox proportional hazards regression (Cox PH) has been widely used as an adjustment technique in observational studies with censored data.1 Often there is one variable of interest (the
’treatment’ effect) and a set of covariates (confounders) that are used as independent variables
to explain a dichtomous outcome variable. When these covariates are included in the model it
can be said that the treatment effect is adjusted for the influence of the observed confounders.
An alternative approach in such cases is to use the propensity score (PS), a method originally
proposed by Rosenbaum & Rubin in 1983.2 With this approach the focus is on the imbalance
of covariates between treatment groups, which can be seen as a result of the non-random assignment of treatments to patients. Therefore, in the PS method first attention is directed to
balance treatment groups with respect to the observed covariates and second to estimate the
treatment. In fact, a randomized controlled trial (RCT) has a similar two-step procedure: first
balancing treatment groups and second estimating treatment effect. Of course, a randomization procedure aims at balancing treatment groups on all confounders, where the PS can only
handle confounders that are observed.
This approach is theoretically different from a Cox PH, linear or logistic regression model
where an adjusted treatment effect is estimated by using the observed covariates as additional
explanations for the variation in the outcome variable. This means that the method of PS is
an alternative for model-based methods as far as estimation of a treatment effect is concerned;
it is no alternative when the objective is to model and estimate the influence of the observed
confounders on the outcome variable.
The propensity score is defined as the conditional probability of being treated given the
values of covariates. In general this probability is unknown but can be estimated using logistic, probit or discriminant analysis, where treatment is considered the dependent variable. It
has been shown that a treated patient and an untreated control with the same PS or classes of
subjects with the same PS tend to have the same distribution of covariates.3 This means that
the PS can be used as a single matching or stratification variable to reduce confounding due to
observed covariates. Furthermore, the distribution of the PS can be compared between treatment groups, revealing for which part of the treated patients no controls are available and vice
versa. This possible lack of overlap is essential information when treatment groups are to be
compared on some outcome variable, something that is seldom done or reported when a Cox
PH, linear or logistic regression analysis has been performed.
PS methods are increasingly used in the medical literature, but different PS methods and
model-based adjustment techniques have been less frequently compared. In a recent simulation
study PS stratification was compared to logistic regression analysis4 and in some other studies
a PS analysis was performed together with a regression-based method (among others5, 6 ). Our
study objective was to systematically compare the effect of drug treatment for hypertension on
the risk of stroke between a multivariable Cox PH regression and three PS methods.
E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING
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M ATERIALS AND METHODS
DATA
The data we used have been described by Klungel et al.7 and come from two prospective
population-based cohort studies in The Netherlands. Briefly, the first study, the Monitoring
Project on Cardiovascular Risk Factors, was conducted from 1987 through 1991 as a crosssectional study in Amsterdam, Maastricht and Doetinchem (62% agreed to participate). In
Doetinchem, subjects were followed up through general practice records. The second study, the
Rotterdam Study, was started in 1990 in Rotterdam as a population-based prospective follow-up
study. All residents of a suburb of Rotterdam aged 55 years or older were invited to participate (78% agreed). The baseline measurements continued until 1993. In total 1, 293 treated
hypertensives and 954 untreated ”candidates” for treatment were used for analysis, where the
incidence of stroke was the outcome. The overall incidence rate was 4.2%, with 42 cases in the
treated and 53 cases in the untreated patients. The selection of untreated controls was based
on high blood pressure and the existence of other common cardiovascular risk factors. The
following confounding factors were available for analysis: history of cerebrovascular disease
(CVA), age, sex, diabetes, total cholesterol, body mass index, smoking, previous cardiovascular disease (CVD), previous myocard infarction (MI), previous transient ischemic attack (TIA),
family history of MI and HDL-cholesterol.
Three sets of covariates were defined. The first set, motivated by Klungel et al.,7 consists
of a selection of eight covariates (history of CVA, age, sex, diabetes, total cholesterol, body
mass index, smoking and previous CVD). The second set consists of all available covariates.
In order to investigate the sensitivity of the estimated treatment effect for the inclusion of a
non-confounder, we created a third set of covariates. This simulated binary non-confounder
was not correlated with treatment (equally balanced over treatment groups) nor with all other
covariates in the model, but strongly associated with outcome (the incidence of stroke). Inclusion of such a risk factor will not change the estimated treatment effect in linear models, but it
will change the effect in models like logistic regression or Cox PH regression.8 By including
this non-confounder we are able to compare the sensitivity to the results of the various methods.

M ULTIVARIABLE C OX PROPORTIONAL HAZARDS REGRESSION
We used a multivariable Cox PH regression to model the time and the incidence of stroke (see
for instance Therneau,9 SPSS 14.0). By adding the covariates to the model adjustment for
confounding is achieved and an adjusted treatment effect is estimated. As the number of events
per covariate was too low to use all covariates with this method, only the first and third set of
covariates were used; a maximum of 10 events per covariate is advised in the literature.10
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P ROPENSITY

SCORE METHODS

Achieving balance
With treatment as the dependent and the three different sets covariates we used logistic regression analysis to estimate the propensity score (SPSS 14.0). Some interactions and higher-order
terms were added in order to improve the balance. In this model the number of ‘events’ (i.e.
the lower of the number of treated and untreated patients) was sufficient to include these extra
terms, in contrast to the multivariable Cox PH regression where the number of events (i.e. the
number of strokes) is rather limited. Even when overfitting takes place in the propensity score
model by a large number of terms, this is not of great concern, because it is not the intention
to make inferential statements concerning the relationship between treatment and covariates.
Instead we will focus on the balance of covariates between groups that will result when propensity score methods are used.
For a similar reason we did not check goodness-of-fit (GOF) or the discrimination of the
propensity score model (as is frequently done by reporting the Hosmer-Lemeshow GOF or the
area under the receiver operator characteristic curve or c-statistic): the issue is not to predict
treatment or to estimate coefficients.11, 12 By adding interactions and higher-order terms to the
propensity score model we selected only potential confounding factors, i.e. those terms that
showed at least a moderate relationship with the outcome. By this strategy we clearly express
that we focus on the problem of confounding and not on making the best predictive model for
treatment. On the other hand, inclusion of some other terms or misspecification of the model
does not seem to be of major concern.13
Checking balance on covariates
A check on the balance on covariates achieved by the propensity score is essential for this
method, although not always done or reported in the literature.14 To perform this check we
used a stratified logistic regression analysis with treatment as the dependent, covariates as
independents (LogXact 2.1) and with strata based on the quintiles of the PS (strata referred to
as ‘fifths’). We also applied the standard method where for every covariate and every stratum of
the PS the difference between treatment groups is assessed and tested. We prefer the stratified
multivariable method because many separate comparisons, having reduced power within strata,
will then be avoided. Another reason is that balance should be checked conditional on other
covariates, which can be achieved when using a stratified multivariable check. Ideally, within
subclasses of the propensity score all covariates should be balanced and differences between
treatment groups should disappear.
Estimating adjusted treatment effects
We estimated an adjusted treatment effect in three ways: stratification on the PS (1), matching
on the PS (2) and using the PS as a covariate (3).
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(1). Stratification on the PS was based on its quintiles. The resulting categorical variable was
used in a Cox PH regression with stroke as the dependent and treatment as the only independent (S-Plus 6.2). The interaction between treatment and PS was tested in order to compare
differences in treatment effect within strata.
(2). Matching on the PS was based on pair-matching. This means that for every treated subject
only one control was selected. A greedy algorithm was used (SAS 8.0) and resulted in such
pairs of subjects by randomly selecting a case and matching this to the control with the smallest difference in PS.15 This process was continued until no more controls could be found that
differed less than 0.1 in propensity score.
(3). The third estimation method is to use the PS as a continuous covariate in a Cox PH regression replacing all single covariates. Although this method has often been used in practice,14 it
is not recommended because too much weight is given to the absolute value of estimation of
the PS. Another reason is that assumptions have to be made about the functional relationship
between the PS and the outcome.11 These three sets of covariates are combined with the four
different adjustment methods, as is summarized in Table 4.1.
Table 4.1: Overview of different methods of analysis and different sets of covariates used in this paper
Method of analysis
Set 1:
Set 2:
Set 3: set 1 plus
8 covariates
12 covariates
balanced covariate
Multivariable Cox PH regression
*
x
*
Cox PH regression, stratification on PS
*
*
*
Cox PH regression, matching on PS
*
*
*
Cox PH regression, PS as covariate
*
*
*
* = analysed
x = not analysed because of small number of events per covariate
Cox PH = Cox proportional hazards; PS = propensity score

R ESULTS
ACTUAL IMBALANCE ON COVARIATES
In Table 4.2 the means or percentages of all covariates for both treatment groups are given,
including the univariate test result on their differences. Most of the odds ratios are not close to
1 indicating imbalance on these covariates between groups. The covariates diabetes, family
history of MI and total cholesterol are reasonably well balanced between treatment groups,
whereas sex, previous TIA and previous CVD are clearly imbalanced between treatment
groups.

BALANCE

CREATING PROPERTIES OF THE PROPENSITY SCORE

As a first impression of the balance created by the PS we investigated the overlap in PS distributions between both treatment groups using the first set of covariates (Figure 4.1).
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Table 4.2: Means or percentages of covariates for treated and untreated candidates for treatment, odds
ratios and univariate significance tests
covariate
treated
untreated
odds
95% confidence
(n=1,293)
(n=954)
ratio
interval
History of CVA (%)
7.7
5.1
1.53
1.08, 2.18 *
Sex (% men)
34.3
47.5
0.58
0.49, 0.69 *
Smoking (%)
21.0
24.1
0.84
0.69, 1.02
Diabetes (%)
7.3
7.0
1.05
0.76, 1.45
Previous CVD (%)
24.1
17.1
1.54
1.24, 1.90 *
Previous MI (%)
11.4
9.2
1.26
0.96, 1.67
Previous TIA (%)
4.4
2.5
1.79
1.10, 2.90 *
Family history of MI (%)
10.5
9.4
1.14
0.87, 1.51
Age
65.1
65.8
1.00
0.99, 1.00
Body mass index
27.8
26.8
1.07
1.05, 1.09 *
Total cholesterol
6.56
6.61
0.97
0.90, 1.04
HDL-cholesterol
1.26
1.32
0.62
0.49, 0.79 *
* =different from an odds ratio of 1 at significance level 0.05, two-sided, using likelihood ratio test
CVA =cerebrovascular accident; CVD =cardiovascular disease; MI =myocard infarction;
TIA =transient ischemic attack

2.5

Figure 4.1: Distribution of the propensity score within both treatment groups
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As could be expected, the untreated group tends to have lower scores: 18% of the untreated
patients compared to only 3% of the treated patients have a probability of being treated of less
than 0.30, whereas propensity scores higher than 0.70 are found for 13% of the untreated and
for more than 35% of the treated patients. On the other hand there is considerable overlap:
only 1.2% of the subjects have a propensity scores outside the range of the other group.
For a further check on the balance of the covariates and some interactions we used a
stratified logistic regression with treatment as the dependent variable. The results are given
in Table 4.3. Most of the odds ratios are near one and none reached a significance level of
0.10. The relatively low odds ratio (OR) of 0.57 for sex (with very large confidence interval)
is mainly due to the inclusion of two interaction terms with sex, giving this coefficient a less
straightforward interpretation (in a model without these interactions the OR for sex is 0.98).
Table 4.3: Check for balance between treatment groups on all covariates, stratified on the propensity
score in a multivariable logistic regression
covariate
odds ratio
95% confidence interval
p-value∗
History of CVA
1.09
0.60, 1.95
0.78
Sex
0.57
0.18, 1.81
0.34
Smoking
0.99
0.79, 1.24
0.93
Diabetes
1.02
0.72, 1.46
0.90
Previous CVD
1.08
0.83, 1.40
0.57
Age
1.05
0.98, 1.12
0.20
Body mass index
1.00
0.98, 1.03
0.74
Total cholesterol
0.98
0.91, 1.07
0.67
Age x Sex
1.01
0.99, 1.02
0.39
History of CVA x Sex
0.94
0.43, 2.08
0.88
Age squared
1.00
1.00, 1.00
0.17
* = from Wald test, two-sided
CVA = cerebrovascular accident; CVD = cardiovascular disease

The check for balance for sex is given in Table 4.4. All odds ratios within the five strata of the
PS are non-significant and closer to one than the highly significant OR for the total sample.
Table 4.4: Check for balance between treatment groups on the covariate sex within fifths of the
propensity score
n
odds ratio
95% confidence interval
p-value∗
Total sample
2,247
0.58
0.49, 0.69
0.00
1st fifth of propensity score
449
1.03
0.66, 1.60
0.90
2nd fifth of propensity score
450
1.19
0.82, 1.73
0.36
3rd fifth of propensity score
449
0.82
0.55, 1.21
0.32
4th fifth of propensity score
450
0.79
0.50, 1.25
0.32
5th fifth of propensity score
449
1.04
0.58, 1.87
0.90
* = from likelihood ratio test, two-sided
n = number of observations
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F IRST SET OF COVARIATES
The estimated hazard ratio (HR) in the Cox PH regression adjusted for the eight covariates was
0.64 with 95% confidence interval (CI 95%) from 0.42 to 0.98 (Table 4.5). When stratification
on the PS was used a slightly smaller HR was found (0.58 versus 0.64), indicating a slightly
larger treatment effect, estimated somewhat more precisely (CI95%: 0.38, 0.89). The treatment
effects within the five strata did not differ significantly from each other (p = 0.89). Matching
on the PS leads to an even larger treatment effect (0.49), somewhat less precisely estimated
mainly because of a reduced number of observations in the analysis. Using the PS as a covariate
gives similar results as the multivariable Cox PH regression.
Table 4.5: Unadjusted treatment effects and adjusted effects with the first set of covariates∗ using
multivariable Cox PH, stratification on the PS, matching on the PS and PS as covariate
Method of analysis
hazard ratio
95% confidence interval
n
Unadjusted
0.54
0.36, 0.82
2,246
Multivariable Cox PH regression
0.64
0.42, 0.98
2,134
Cox PH regression, stratification on PS
0.58
0.38, 0.89
2,136
Cox PH regression, matching on PS
0.49
0.27, 0.88
1,490
Cox PH regression, PS as covariate
0.64
0.41, 0.99
2,134
* = stratified on history of cerebrovascular accident, age and sex and further adjusted for age, diabetes, total
cholesterol, body mass index, smoking and history of cardiovascular disease
Cox PH = Cox proportional hazard; PS = propensity score; n = number of observations

S ECOND SET OF COVARIATES
In the second set an adjusted treatment effect is estimated for the three different PS methods
when four covariates were added to the first set. Because of the low number of events per covariate a multivariable Cox PH regression was not performed. For all propensity score methods
we found a similar downward shift in the hazard ratio of around 7% compared to the first set
of covariates, as well as a smaller confidence interval (Table 4.6).
Table 4.6: Adjusted treatment effects with the second set of covariates∗ using stratification on the PS,
matching on the PS and PS as covariate
Method of analysis
hazard ratio
95% confidence interval
n
Cox PH regression, stratification on PS
0.53
0.35, 0.83
2,037
Cox PH regression, matching on PS
0.45
0.25, 0.84
1,488
Cox PH regression, PS as covariate
0.57
0.36, 0.89
2,122
* = stratified on history of cerebrovascular accident, age and sex and further adjusted for age, diabetes, total
cholesterol, body mass index, smoking, history of cardiovascular disease, previous myocard infarction, previous
transient ischemic attack, family history of myocard infarction and HDL-cholesterol
Cox PH = Cox proportional hazard; PS = propensity score; n = number of observations
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T HIRD SET

OF COVARIATES : FIRST SET PLUS BALANCED COVARIATE

In the third set a balanced covariate was added to the first set to check the sensitivity of the various methods to the inclusion of a non-confounder. In the multivariable Cox PH regression we
found a large downward change in the hazard ratio (from 0.64 to 0.54), whereas stratification
on the PS induced only a minor change in the treatment effect (Table 4.7). Also with covariate
adjustment on the PS the change in treatment effect was small. Matching on the PS lead to
an upward change in the treatment effect (from 0.49 to 0.57) and to a wider confidence interval.
Table 4.7: Adjusted treatment effects with the third set of covariates∗ using multivariable Cox PH,
stratification on the PS, matching on the PS and PS as covariate
% change in
hazard
95% confidence
Method of analysis
hazard ratio∗∗
ratio
interval
n
Multivariable Cox PH regression
-15.8
0.54
0.35, 0.85
2,134
Cox PH regression, stratification on PS
-1.8
0.57
0.37, 0.87
2,136
Cox PH regression, matching on PS
+14.3
0.55
0.31, 0.97
1,536
Cox PH regression, PS as covariate
-4.3
0.59
0.38, 0.91
2,134
* = stratified on history of cerebrovascular accident, age and sex and adjusted for age, diabetes, total cholesterol,
body mass index, smoking, history of cardiovascular disease and a simulated balanced covariate
** = percentage change in hazard ratio compared to the first model in which 8 covariates were used
Cox PH = Cox proportional hazard; PS = propensity score; n = number of observations

D ISCUSSION
Three propensity score methods were compared with a multivariable Cox PH regression
to estimate an adjusted effect of drug treatment for hypertension on the incidence of
stroke. Matching and stratification on the PS gave a somewhat larger treatment effect than
when a multivariable Cox PH regression was used or when the PS was used as covariate.
Propensity score methods had the possibility to include more covariates (not performed in the
multivariable Cox model), which gave a similar shift in the treatment effect in all propensity
score methods. When a balanced covariate was added, the smallest change was found by
stratification on the PS and when the PS was used as covariate; when the multivariable Cox
PH regression or matching on the PS was used the change was large.
We contributed to the application of propensity score methods in medical science by giving
a systematic comparison between these methods and a model based adjustment approach in
a real life data set with many covariates and a relatively low number of events. Furthermore
we pointed at the difficulties in finding the best propensity score model and in checking the
balance between treatment groups. We also tested the sensitivity of the models against the
addition of more covariates, including a balanced one.
In the medical literature application of propensity score methods is becoming more
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widespread. In most studies only one of the methods has been used, whereas only some
compare the results with a model-based approach. Because in most of these studies the same
set of covariates was used in the PS together with covariate adjustment, the conclusion that
‘no differences were found when a propensity score method was used’ is not surprising. Often
it is unclear how the model was created and whether the balance was sufficient.14
A recent systematic comparison of a propensity score method and multivariable logistic
regression analysis with a low number of events can be found in Cepeda et al.4 In a simulated
data set the number of confounding variables, the strength of associations, the number of
events and the strength of the exposure were varied. It was concluded that the estimation of
the treatment effect by means of propensity scores was less biased, more robust and more
precise than logistic regression when there were seven or fewer events per confounder. With
more than seven events logistic regression analysis was recommended. Unfortunately they
used only the known propensity score model, the one that was used for generating the data,
so that the step of reaching balance could be skipped. Furthermore they used the propensity
score only as categorical variable in the final analysis, where covariate adjustment or matching
on the PS could have been used.
Our study has some limitations. First, the data set used was already to some extent
balanced by choosing a control group that consisted of untreated candidates for treatment. A
more general control group would produce less overlap in the distributions of covariates and
could lead to larger differences between the methods. On the other hand, the more comparable
the groups are, the more the differences in treatment effect can be contributed to the methods
instead of the specific data set used. A second limitation is that only greedy pair-matching
was used. Unfortunately a more optimal method could not be used because no large pool
of controls was available.16 To use five instead of another number of classes goes back to
Cochran,17 who stated that a 90% bias reduction is expected when stratifying was based on
the quintiles.18 Also 7 and 10 strata were used, but this didn’t change the main results.
Furthermore, one can comment that the multivariable way of checking balance will leave
questions whether this balance is sufficient and whether imbalances within strata exist. It
can be shown that the balance on all these observed covariates is even better than could be
expected in a randomized controlled trial (RCT). In a RCT it is expected that on average one
in 10 of the terms is significant at the 0.10 levels, where in our model none was found. Of
course, randomization takes care of all covariates, also the unobserved ones. We also checked
the balance on all of the eight covariates separately within the five strata of the PS. We found
that only one out of 40 comparisons turned out to be significant at the 0.10 level, where four
are to be expected in case of randomization.
A last comment concerns the precision of the differences found between the different
methods. No confidence intervals are given for these differences, so that it is unclear to what
extent the results are sensitive for the specific sample.
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Application of propensity score methods is not a straightforward task. There exist some practical difficulties in applying this intuitively appealing method. The first is the check for balance;
a crucial step after a propensity score model has been made. There are no general rules available for the practical user how this check needs to be performed. We used a multivariable
stratified analysis, but it remains unclear whether this is the best way to check balance. Another difficulty is when to stop adding interactions and higher-order terms to the propensity
score model when an acceptable balance has not yet been reached. There is hardly any limit
in the number of terms that can be added, because estimating coefficients is not an objective.
Therefore measures of goodness-of-fit, area under the ROC and predictability of the model
should not be used as a guideline. The PS model is meant to adjust for confounding, which
means that terms are to be considered that have a relationship with treatment as well as the
outcome. The relationship with treatment can be checked in the PS model itself (as usual in
logistic regression analysis), but the relationship with the outcome should come from outside
this model. In general only terms should be included in the PS model that have an empirical
or logical relationship with the outcome, because otherwise effort is wasted in attempting to
balance non-confounders. This contradicts the idea that the same PS model can be used for
different outcome variables.
Concerning the sensitivity of the inclusion of a non-confounder, stratification on the PS
(and covariate adjustment) performed better than matching and multivariable Cox PH. Matching on the PS seems also to be a rather sensitive method when there is a small number of events,
like in our data set. It is recommended to perform propensity score methods, but special attention should be given to the PS model building and balance checking phases.
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A BSTRACT
Background: The application of instrumental variables is not widespread in medical research
with censored survival outcomes.
Objectives: To show how instrumental variables can be combined with survival analysis in a
non-parametric way and to compare the estimated treatment effect with other estimators.
Design and methods: In a sample of 214 patients with type-1 diabetes who started renalreplacement therapy in the Netherlands (1985 − 1996), the effect of pancreas-kidney transplantation versus kidney transplantation alone on mortality was analyzed using hospital admission
area as instrumental variable.
Results: The instrumental variables estimate of the difference in survival probabilities between
pancreas-kidney and kidney changed from a non-significant −0.03 (95% CI: −0.19, 0.13) after
2 years of follow-up to a significant 0.42 (95% CI: 0.04, 0.80) after 6 years, favoring pancreaskidney transplantation. This is substantially larger than the intention-to-treat estimate: after 6
years the difference was 0.15 (95% CI: 0.01, 0.29).
Conclusion: Instrumental variables can be an alternative method for estimating treatment effects in the presence of censored survival outcomes in observational studies with unobserved
confounding. A suitable instrument, fulfilling the strong assumptions involved in instrumental variable estimation, should be present. It leads in general to a larger treatment effect than
intention-to-treat, with wider confidence intervals.
Keywords: Instrumental variables; Survival analysis; Observational studies; Unobserved
confounding; All-or-none compliance
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I NTRODUCTION
Well-conducted randomized controlled trials (RCTs) have been widely accepted as the scientific standard to estimate the effect of one treatment against another.1 There are settings
where a randomized comparison of treatments may not be feasible due to ethical, economic
or other constraints. The main alternative is an observational study in which a randomized assignment of treatments is absent and in which confounding factors may provide an alternative
explanation for the treatment effect.2 To adjust for these confounding factors several methods have been proposed.3, 4 The more traditional model-based approaches of regression (Cox
proportional hazards regression (Cox PH),5 linear or logistic regression) and methods that are
primary focussed on treatment probabilities (propensity score methods and inverse probability
weighting6–11 ), all aim to adjust only for observed confounders. In contrast, methods that use
instrumental variables (IV) aim to adjust for observed and unobserved confounders. Literature
on the method of instrumental variables can be found in Angrist, Imbens and Rubin,12 Baker
and Lindeman13 and Imbens and Angrist.14 Originating from the economic literature, applications of these methods can be found in the medical literature.15–25
The claim in IV methods to adjust for unobserved confounders has an important drawback.
The quality of the estimate is dependent on the existence of an instrumental variable or instrument that satisfies the strong assumptions underlying the method. The first assumption is that
a substantial correlation exists between the instrument and the treatment variable.26–28 The
second assumption is that the relationship between the instrumental variable and the exposure
is not confounded by other variables. This assumption is fulfilled when individuals are (or
considered to be) randomly assigned to the different categories of the instrumental variable.
The third and most important assumption is that the instrument will have only an effect on the
outcome by means of the treatment variable of interest, and not directly nor indirectly by means
of other variables. This assumption, known as the exclusion restriction, can not be tested but
should be evaluated in the specific research situation.
Assuming there exists an acceptable instrument, application of the method is quite straightforward in a linear model with a continuous outcome or in a linear probability model when the
outcome is dichotomous. For non-linear models in general several IV-estimators have been
proposed.29, 30 Bijwaard and Ridder developed an IV-estimator which allows for censoring
but assumes perfect compliance in the control group.31 Baker32 extended the work of Angrist
et all.12 to estimate life years saved using the difference in hazards. Robins developed several
models for the analysis of time-varying exposures using G-estimation,10, 33, 34 which can also be
used for IV-estimation.35–37 Abbring and Van den Berg38 gave a non-parametric IV-estimator
and its standard error for the difference in survival outcomes which allows for censoring in a
context of social experiments.
The aim of this study is to show how this non-parametric method of Abbring and Van den
Berg can be applied in a non-experimental, medical context. In the next section we will give
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an overview of treatment effect estimators in general, where the third section provides the formulas needed for IV-estimation on survival data. In the fourth section the IV-method will be
applied to a medical observational data set used in the research of Smets et al.39 in which the
effect of an additional pancreas transplantation has been estimated on the survival of patients
with type-1 diabetes mellitus and end-stage renal failure. The IV-estimate will also be compared with other known estimators from clinical trials: the intention-to-treat, the per-protocol
and the as-treated estimates.

T REATMENT EFFECT ESTIMATORS
Dependent on the type of outcome variable an effect estimator of a dichotomous treatment X
on the outcome can be defined in several ways. For survival outcomes that are possibly censored, the mean survival time doesn’t make sense because for censored observations survival
time is unknown. This implies that treatment effects can only be defined for different points
in time, except when additional assumptions are made. To analyze the time to an event that is
possibly censored, different methods of survival analysis can be used.40 To define treatment
effects one should concentrate on so-called contrasts of the survival or hazard function of both
treatment groups. Possible treatment effect estimators are the ratio or the difference of hazards,
or the ratio or difference of survival probabilities, all evaluated at time t.
In IV estimation the important assumption should be made that the instrument will not
influence directly nor indirectly the outcome (exclusion restriction). Suppose that this assumption has been fulfilled at t = 0, this will be in general not true for t > 0 because the subgroup
of survivors will differ from the group at t = 0. When treatment effects are estimated on
these subgroups of survivors (like the ratio or difference of hazards), these estimates will capture both the treatment effect of interest and a selection effect. We will use the difference of
survival probabilities as the treatment effect, because these probabilities are based on the total
group for all t. It can be shown that all other treatment effects will not represent any meaningful
treatment effect when estimated in a non-parametric way.38, 41

IV- ESTIMATOR WHEN SURVIVAL OUTCOMES ARE CENSORED
In a clinical trial with all-or-none compliance different types of analyses can be distinguished:
as-treated (AT), per-protocol (PP) and intention-to-treat (ITT). In general it is common practice to perform an ITT analysis when non-compliance is present. The ITT-estimate can be
seen as the effect of policy or assignment, a mixture of the actual effect of treatment and the
effect of all-or-none compliance. With a focus on the difference of survival probabilities as the
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treatment effect, these estimators can be written as follows:
b
b
b AT (t) = F
∆
X=1 (t) − F X=0 (t)

(4.1)

b
b
b P P (t) = F
∆
Z=1,X=1 (t) − F Z=0,X=0 (t)

(4.2)

b
b
b IT T (t) = F
∆
Z=1 (t) − F Z=0 (t)

(4.3)

b AT (t), ∆
b P P (t), ∆
b IT T (t) is the estimated treatment effect for a censored survival
where ∆
outcome at time t in a AT, PP, ITT analysis, X ∈ (0, 1) is treatment, Z ∈ (0, 1) is assignment
b
c
to treatment, F
X=x = Pr(T > t|X = x) equals the Kaplan-Meier estimate for the survival
b
function for X = x40, 42 and analogously for F
.
Z=z

IV

POINT ESTIMATOR

Another estimator is known as the instrumental variables (IV) estimator. This estimator gives
an estimate of the average effect of treating instead of not treating a certain population and adjusts for observed and unobserved confounding. This comes at the cost of making assumptions,
which can be quite strong in some situations. The three assumptions that define the instrumental variable has already been mentioned. A further assumption has to be made to identify the
estimator. For that reason we assume that there exists monotonicity, which implies in the case
of dichotomous treatment and dichotomous IV that there are no defiers. Defiers are persons
who always do the opposite of their assignment and can not be identified empirically.12
The IV estimator can be used when survival outcomes are censored in clinical trials with
all-or-none compliance, where the instrumental variable is simply the original assignment. This
method can also be applied in observational studies, but then a suitable instrument should be
found. The non-parametric IV-estimator in case of a dichotomous treatment and dichotomous
instrumental variable, can be written as38
b IV (t) =
∆

b
b
F
Z=1 (t) − F Z=0 (t)
c
c
Pr(X
= 1|Z = 1) − Pr(X
= 1|Z = 0)

(4.4)

c
where Pr(X
= 1|Z = z) is the estimated probability of being treated for Z = z at t = 0.
In short, the numerator equals the ITT-estimate of the survival difference between Z = 1 and
Z = 0 and the denominator equals the difference in treatment probabilities between Z = 1 and
Z = 0. This structure is similar to the IV-estimator for a linear probability model with binary
outcome Y 12
c
c
Pr(Y
= 1|Z = 1) − Pr(Y
= 1|Z = 0)
βbIV =
(4.5)
c
c
Pr(X = 1|Z = 1) − Pr(X = 1|Z = 0)
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VARIANCE ESTIMATOR

b IV (t) asymptotically equals38
The variance of the non-parametric IV-estimator ∆
£
¤
b IV (t) =
var ∆

n p (1 − p ) £
¤2
1
1
1
F 11 (t) − F 01 (t) − ∆iv (t) +
2
n1
(p1 − p0 )
¤2
p0 (1 − p0 ) £
F 10 (t) − F 00 (t) − ∆iv (t) +
n0
2
2
p21 σ11
(t) + (1 − p1 )2 σ01
(t)+

o
2
2
p20 σ10
(t) + (1 − p0 )2 σ00
(t)
(4.6)

where pz = Pr(X = 1|Z = z), nz is the number of observations for Z = z at t = 0,
2 (t) ≡ σ 2
c
F xz (t) ≡ F X=x;Z=z (t) = Pr(T
> t|X = x, Z = z), σxz
X=x,Z=z (t) which is the
variance for the survival function at time t for X = x and Z = z obtained by Greenwood’s
formula.43
£
¤
ˆ IV (t) can be consistently estimated by appropriate sample estimates for
The variance var ∆
2 and the number of observations n . To find these quantities one should calpz , F xz and σxz
z
culate the Kaplan-Meier estimate for four subgroups defined by the treatment (0, 1) and the
instrumental variable (0, 1).

C ONFIDENCE INTERVALS FOR THE DIFFERENCE

IN SURVIVAL CURVES

It has been proven that the Kaplan-Meier estimator is asymptotically normally distributed,44
which also means that the difference between two independent estimates is normally distributed. A pointwise 95% confidence interval for the IV estimator can be obtained in the
usual way
q
£
¤
b
ˆ IV (t)
∆IV (t) = ∆IV (t) ± 1.96 var ∆
(4.7)
Apart from this pointwise confidence interval, a simultaneous confidence band for the difference of two survival curves has been proposed by Parzen et al.,45 which can be seen as an
extension of the one-sample Hall-Wellner type confidence band.46 More recently, simultaneous confidence bands have been developed using the empirical likelihood method, which
seems to be an improvement in small samples.47, 48 We restrict ourselves to pointwise confidence intervals based on the normal approximation and validated these intervals in bootstrap
samples.
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A PPLICATION OF THE METHOD
DATA SET
For an application of the method we used a data set from the renal replacement registry in
the Netherlands (RENINE).49 This data set consists of 415 patients with type-1 diabetes who
started renal-replacement therapy in the Netherlands between 1985 and 1996. All patients were
followed up to July, 1997. The objective of the research of Smets et al.39 was to assess the
impact on survival of an additional pancreas transplantation next to a kidney transplantation.
Because it was expected that a direct comparison of the treatments kidney and pancreas-kidney
(by means of an AT-estimate) was strongly confounded by unobserved factors, the researchers
performed an ITT-analysis by comparing two areas, Leiden versus other areas. In the Leidenarea the primary intention to treat was a simultaneous pancreas-kidney transplantation, whereas
in the other areas kidney transplantation alone was the predominant type of treatment. Of all
transplanted patients 73% in Leiden and 37% in the other areas received the simultaneous
pancreas-kidney transplantation (see Table 4.8). The incidence of renal-replacement therapy
was quite similar in both areas, as was the initiation of renal-replacement therapy limited to
dialysis. The age and sex distributions for all patients did not differ significantly.39 Because
of the strict allocation of patients to a center and these similarities, the authors considered
it as unlikely that patients would differ markedly between the areas with respect to factors
influencing survival.39
Table 4.8: Patient characteristics for Leiden and other areas
Leiden (n=85)
Mean age
40.2
Male patients
47 (55%)
Number of patients with dialysis only
29 (34%)
Number of transplants
56 (66%)
Pancreas-kidney transplant
41 (73%)
Kidney transplant alone
15 (27%)
Number of deaths in transplanted patients
10 (18%)
Pancreas-kidney transplant
7 (17%)
Kidney transplant alone
3 (20%)

Other areas (n=330)
41.5
205 (62%)
172 (52%)
158 (48%)
59 (37%)
99 (63%)
55 (35%)
24 (41%)
31 (31%)

In Figure 4.2 the survival curves of all patients who started renal-replacement therapy (left
panel) and transplanted patients (right panel) are presented for Leiden and other areas. These
curves are estimated by the Kaplan-Meier method. As has been stated in Smets et al.39 the
survival for all patients who started renal-replacement therapy was significantly higher in the
Leiden area than in the other areas (log rank test, p < 0.001, unadjusted hazard ratio 0.53,
95% CI 0.36, 0.77). For transplanted patients (right panel) a similar result was found (log rank
test, p = 0.008, unadjusted hazard ratio, 0.41, 95% CI 0.21, 0.81), although the difference
in the earlier years is somewhat smaller and in the later years somewhat larger than for all
patients. Because the treatment effect of interest concerns transplantation methods, we will
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further restrict ourselves to the group of transplanted patients: in Leiden 56 and in the other
areas 158 patients. Although the overall proportion of transplants in Leiden was higher than in
the other areas (66% versus 48%), this did not result in selection bias because no difference in
survival was found for all patients who were on dialysis only (log-rank test, p = 0.94).39
Figure 4.2: Patient survival after start of renal-replacement therapy and after transplantation, Leiden
versus other areas
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A S - TREATED , PER - PROTOCOL , INTENTION - TO - TREAT ANALYSIS
An analysis in which only treatments are compared without any adjustment (AT-analysis in
clinical trials), gives until 6 years of follow-up a marginally significant result in favor of the
kidney transplantation method and after 6 years a non-significant effect (see panel 1 Figure
4.3). As Smets et al. argue, this estimate will be clearly biased because of selection; patients
for simultaneous pancreas-kidney transplantation are selected on good as well as poor health
indicators.39 The PP estimate shows a treatment effect in favor of the pancreas-kidney transplantation after 4 years, which become significant only after 9 years of follow-up. In the ITT
analysis we found after 6 years of follow-up a significant difference in survival probabilities
between Leiden and other areas of 15% (95% CI: 0.01, 0.29), favoring the pancreas-kidney
transplantation method.
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Figure 4.3: Treatment effect as the difference in survival probabilities (Leiden minus other areas) for
various methods of analysis and 95% confidence interval
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I NSTRUMENTAL VARIABLES APPROACH
In order to disentangle the effect of transplantation policy (that is common in that center) and
the effect of actual treatment (pancreas-kidney versus kidney), we apply the method of IV. As
the instrument we use the dichotomous variable indicating the area: Leiden versus other areas.
The assumptions justifying its use as an instrument, are probably fulfilled. First, there is a
substantial effect of area on treatment i.e. a difference of 36%(= 73% − 37%). The associated
F -statistic from the regression of treatment on instrumental variable is 23.5, much larger than
the proposed minimum of 10.26 Second, the distribution of patient characteristics between
the areas can be considered to be similar, because patients were allocated to their treatment
center by place of residence.39 Third, it is unlikely that the instrument, the area in which the
transplantation took place, will have a direct or indirect effect on the outcome. Furthermore,
we assume monotonicity12 which implies here that the pancreas-kidney transplants in the other
areas would also have resulted in pancreas-kidney transplants when these patients were living
in Leiden.
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In Figure 4.4 the result of the IV analysis is shown. To calculate point estimates, we used
formula 4.5, whereas for the construction of a 95% confidence interval formula 4.6 was used.
The IV analysis is compared with the ITT result for transplanted patients. We also used local
regression method (LOESS) to fit a somewhat smoother curve through the data.50 We restricted
the comparative analysis to a follow-up period of 10 years, because for a longer period the
estimates become unreliable.
Figure 4.4: Original and smoothed differences in survival robabilities after transplantation (Leiden
minus other areas), ITT-estimate versus IV-estimate and 95% confidence interval
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The difference in survival for the IV analysis is much larger than for the ITT analysis, indicating
that the ITT-estimate underestimates the advantage of treating patients with a pancreas-kidney
transplantation. The larger confidence intervals for the IV-estimate indicates that more uncertainty exists around these parameters. In Table 4.9 these differences are summarized, including
the estimates of the AT and PP analyses. After 6 years of follow-up, the ITT point estimate
is 0.15, whereas the IV estimate is 0.42 in favor of the pancreas-kidney transplantation. The
associated confidence interval for the IV analysis is approximately 3 times as large, covering a
large part of the outcome space. Both methods lead to a similar pattern of significance across
the years; after 5 to 6 years of follow-up a significant difference was reached between these
two methods. The results for the PP analysis are quite different with small and insignificant
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effects in the first 8 years.
Table 4.9: Estimated treatment effects (95% CI) expressed as survival probability differences (Leiden
minus other areas in ITT analysis, pancreas-kidney minus kidney in AT, PP and IV analysis)
2 years
4 years
6 years
8 years
10 years

AT analysis
-0.06 (-0.12,-0.01)
-0.09 (-0.19, 0.01)
-0.13 (-0.27, 0.01)
-0.07 (-0.23, 0.09)
0.01 (-0.20, 0.21)

PP analysis
-0.05 (-0.13, 0.03)
-0.01 (-0.13, 0.11)
0.05 (-0.11, 0.22)
0.16 (-0.03, 0.34)
0.30 ( 0.09, 0.51)

ITT analysis
-0.01 (-0.07, 0.06)
0.06 (-0.04, 0.16)
0.15 ( 0.01, 0.29)
0.21 ( 0.05, 0.37)
0.32 ( 0.14, 0.50)

IV analysis
-0.03 (-0.19, 0.13)
0.17 (-0.09, 0.43)
0.42 ( 0.04, 0.80)
0.58 ( 0.14, 1.00)
0.89 ( 0.35, 1.00)

S TANDARD ERRORS IN INSTRUMENTAL VARIABLES APPROACH
The standard errors and associated confidence intervals of the IV estimates are fairly large. To
verify these asymptotic quantities we performed a bootstrap procedure: standard errors and
confidence intervals only differed by less than 3%.
The influence of the sample size on the width of the confidence interval found in IV analysis
can be approximated by √1k , which for instance means that the width decreases by 30% when
sample size is doubled (k = 2). More events or a more equal distribution of patients between
Leiden and other areas, reduces the interval width of the IV estimates even more.
We investigated the influence of the ‘compliance rates’ in both areas on standard errors and
interval width. By weighing the data set we changed the original difference in pancreas-kidney
transplants between the areas 36% to 60% (80% in Leiden and 20% in other areas). As can be
expected, the influence on standard errors is fairly large, reducing the width of the confidence
intervals by approximately 45%. Note that in case of full compliance in both areas (in Leiden
100% pancreas-kidney and in other areas 100% kidney) the IV-estimator and its confidence
intervals coincides with those from the ITT-estimator.

D ISCUSSION AND CONCLUSION
The method of instrumental variables finds its way into medical literature as an adjustment
method for unobserved confounding in observational studies and in randomized studies with
all-or-none compliance. This method can also be applied in survival analysis with censored
outcomes by using the difference in survival probabilities as the treatment effect of interest.38
As an example we used a data set to analyze the beneficial effect of an additional pancreas
transplantation for patients with type-1 diabetes who started renal-replacement therapy in the
Netherlands between 1985 and 1996. We conclude that the additional pancreas transplantation has a significant positive effect on survival. The 6 year difference in survival probabilities
between the two transplantation methods, adjusted for observed and unobserved confounding,
was 0.42 (95% CI: 0.04, 0.80) in favor of the pancreas-kidney transplantation. Compared to
the intention-to-treat estimate of 0.15 (95% CI: 0.01, 0.29) this is substantially larger, which
indicates that the comparison of policies (ITT-estimate) dilutes the differences between both
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treatment methods. A direct comparison of these treatment methods, as has been given by the
as-treated estimate, can be considered as clearly biased because of selection processes.
As is inherent to IV-analysis the estimate is quite sensitive to the underlying assumptions
of the method. It could be argued that the main assumption (i.e. the instrument has no direct
nor indirect influence on the outcome) has not been fulfilled in this data set. This could be for
example the capability of specialists or the quality of equipment. It has been shown by Smets
et al.39 that graft survival, an outcome parameter closer related to the performance of the transplantation than overall survival, was fairly identical between the two areas. Another indication
on the fulfillment of this assumption is the similarity of patient survival during dialysis between
the two areas.
It could also be argued that the variable used as the instrument was not randomized, violating our second assumption of IV estimation. Although patients were indeed not randomized
over areas, the treatment allocation was determined by place of residence of the patient. Therefore, it is unlikely that the possible difference of patient characteristics with type-1 diabetes
between both areas is large enough to cause substantial bias. Overall survival of patients on
dialysis only did not differ between areas. Also age and sex differences between these areas
turned out to be fairly similar.
From all type-1 diabetes patients arriving at the hospital, not all received a transplant and
if so, a certain time elapsed before the actual transplantation took place. It is therefore possible that difference in patient survival could be partly explained either by the percentage of
pre-emptive transplants or by a shorter time on dialysis before transplantation. The Leiden
area differed from the other areas in a higher percentage of pre-emptive transplantations and a
shorter duration of dialysis before transplantation. It is not likely that this will explain a large
portion of the difference, because the hazard ratio remained identical when all pre-emptive
transplant recipients were excluded and duration as a covariate did not change the results.
In the data set that was used to illustrate the method, large confidence intervals were calculated for the IV analysis. Although in IV analysis intervals are usually large, in this data set it
is mainly due to the small number of transplanted patients in one of the areas (56 in Leiden),
the associated small number of deaths (10) and the limited overall sample size (n = 214).
The difference in survival probabilities is naturally restricted to the interval [−1, 1]. The
way the IV estimate has been calculated does not ensure the estimate to fall within this interval.
In our data set we faced this problem at the end of the follow-up period, where the confidence
intervals are widest. We restricted therefore the analysis to a follow-up time of 10 years, leaving out the least reliable estimates.
We conclude that this non-parametric method can easily combine IV-estimation with survival analysis in observational data to estimate a treatment effect that is adjusted for unobserved
confounding or in randomized studies with all-or-none compliance. Confidence intervals of
these estimates can be large, mainly at the end of the survival curve. As in all IV applications,
careful attention should be paid to the fulfillment of the assumptions.
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A BSTRACT
Propensity score methods focus on balancing confounders between groups to estimate an adjusted treatment or exposure effect. However, there is a lack of attention in actually measuring
and reporting balance and also in using balance for model selection. We propose to use the
overlapping coefficient in propensity score methods. First to report achieved balance on covariates and second to use it as an aid in selecting a propensity score model.
We demonstrated how the overlapping coefficient can be estimated in practical settings
and performed simulation studies to estimate the association between the weighted average
overlapping coefficient and the amount of bias. For various incidence rates and strengths of
treatment effect we found an inverse relationship between the overlapping coefficient and bias,
strongly increasing with sample size. For samples of 400 observations Pearson’s correlation
was only −0.10, while for 6, 000 observations −0.83 was found. Mainly for large samples the
overlapping coefficient can be used as a model selection tool because its value is predictive for
the amount of bias. For smaller data sets other methods can better be used to help selecting
propensity score models, although an absolute quantification of balance will not be given by
these methods.
Keywords: Confounding; Propensity scores; Observational studies; Measures for balance;
Overlapping coefficient
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I NTRODUCTION
A commonly used statistical method to assess treatment effects in observational studies, is
the method of propensity scores (PS).1, 2 PS methods focus on creating balance on covariates
between treatment groups by first creating a PS model to estimate the conditional probability to
be treated given the covariates (the propensity score). In the second step an adjusted treatment
effect is estimated, using the propensity score as matching variable, as stratification variable,
as continuous covariate or inverse probability weight. Traditionally, in the literature on PS
methods there has been more attention for the second step (how to use the PS) than for the
first (creating balance with the PS model). This is confirmed in recent literature reviews, where
a lack of attention to building the PS model has been noticed.3–5 Building such a PS model
involves the (theoretical) selection of potential confounders and possibly transformations of
these variables, higher-order terms or interactions with other covariates to include in the model.
Because the objective of the PS model is to balance treatment groups on covariates and not to
find the best estimates of coefficients, a check on balance on important prognostic covariates
is important.1, 6 Unlike prediction models the selection of variables for a PS model (in which
treatment is the dependent variable) is more complex: both the relationship with treatment and
outcome has to be taken into account. In a recent study on variable selection it was confirmed
that the PS model should contain variables related to both treatment and outcome and that it is
better not to include variables that are only related to treatment because this will increase the
standard error of the estimate.7 Any stepwise regression method to build the PS model only
selects on significance of the relationship with treatment, but does not use information on the
strength of the relationship with the outcome. A strong relationship between treatment and
covariates is not necessary for having a good PS model or good balance.6, 8 Such an example
would be a PS model in a randomized trial: there will be a weak association between treatment
and covariates, but still good balance exists.
In applications of PS modeling the balance on covariates that has been reached has not
been reported frequently or systematically.4, 5, 9 When information on balance is given, this is
mostly done by performing significance tests within strata of the PS to assure that the mean (or
proportion) on covariates do not differ significantly between treatment groups. An early method
proposed by Rosenbaum & Rubin to check the balance per covariate using the F -statistic from
analysis of variance (ANOVA) is not often used.10 More frequently the c-statistic (area under
the receiver operating curve) is reported, but does not give the information needed: also a low
value of the c-statistic can indicate good balance on important covariates (for instance in a
randomized trial).
In this paper we propose to use a measure for balance in PS methods, known in the literature
as the overlapping coefficient (OVL)11, 12 or proportion of similar responses.13 This measure
directly quantifies the overlap between a covariate distribution of the treated and the untreated.
Its value gives information on the amount of balance that has been reached in a certain PS
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model. In the next section we give the definition of the non-parametric OVL. In the third
section we show how this measure can be used in PS methods to check and report the amount
of balance. In the fourth section we perform a simulation study in which the OVL has been
used as a model selection tool and compare it with other approaches.

N ON - PARAMETRIC OVERLAPPING COEFFICIENT
The concept of overlap of probability distributions fits the objectives of PS analysis. Without
assuming any prediction model, one seeks to create balance on covariates. To understand the
meaning of balance in this context, one can look at randomized studies. The randomization
process guarantees that the whole distribution of all covariates is ‘on average’ similar between
treatment groups. Any departure from similarity of distributions between treatment groups
should be measured. In general, a statistical test on differences of group means is only a
limited way of collecting information on the similarity of whole distributions. The question
whether covariate distributions between treatment groups are similar (see Figure 5.1), can bet-
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Figure 5.1: Illustration of the concept of overlap for the covariate cholesterol level in two random
samples, one from a Gamma distribution (treated group, n = 50, µ = 6 and λ = 1) and one from a
normal distribution (untreated group, n = 50, µ = 7 and σ = 1.5), using kernel density estimation
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ter be answered by a measure for balance, the overlapping coefficient: it measures the amount
of overlap in two distributions in a direct way and has a clear interpretation. The OVL is an
estimate of that part of the distribution that overlaps with the other distribution.
In our situation the interest is in an estimate of the overlap between the covariable
distributions of treated and untreated individuals. To estimate this overlap we first need
to estimate the density of both distributions. It is not reasonable to assume any known
theoretical distribution of covariates within subclasses of the propensity score. Therefore,
we will estimate the densities in a non-parametrical way14, 15 by using kernel density
estimation.16, 17 This can be seen as an alternative for making a histogram of the data with
n observations. A kernel density is the sum of n density functions K, located at each
observation with a chosen bandwidth h. With larger bandwidths the density function will be
more smooth. There are different methods to find an optimal bandwidth. In Figure 5.2 kernel
density estimation is illustrated for a small sample of 7 observations, using the normal density function for the kernel and a bandwidth determined by the normal reference rule method.16
Figure 5.2: Illustration of kernel density estimation in a sample of 7 cholesterol levels (3, 5, 5.5,
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When for both treatment groups the density functions fˆ(x|t = 0) and fˆ(x|t = 1) are estimated,
the OVL is the proportion of the density that overlaps with the other. Numerically we calculated
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this proportion with Simpson’s rule using a 101 grid.14 In Appendices B and C the S-Plus and
SAS codes are given to implement the estimation of the OVL in practical settings.
Z ∞
ª
©
[
OV L =
min fˆ(x|t = 0), fˆ(x|t = 1) dx
(5.1)
−∞

The influence on the OVL estimate of choosing other functions for the kernel, like Epanechnikov’s kernel or fourth-order kernel,18 other bandwidth methods or other grids is quite small.14
It should be noted that in case of perfect overlap of both treatment groups in the population,
the expectation of the OVL in a sample will be less than its maximum of 1. The variance of
the OVL estimator can best be approximated by bootstrap methods, because even the derived
formulas for normal distributions are in general too optimistic.12

OVERLAPPING COEFFICIENT TO CHECK AND REPORT BALANCE
In a PS analysis it is common practice to divide the sample in five groups based on the
quintiles of the propensity score (strata). The OVL can be used to quantify the balance within
strata on each of the prognostic factors, which gives a distribution of estimated OVLs. This
information can be summarized in a cross table or in a graph like Figure 5.3.
Figure 5.3: Visualization of estimated overlapping coefficients for 5 normally distributed covariates
within 5 strata of the propensity score, in a simulated data set of n = 400
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The information as presented in this figure (where dark cells indicate low OVLs) can be used
in several ways. First, one will be alerted on covariates or strata in which the balance is comparatively low, which could be improved for instance by including higher-order terms or interactions with other covariates. Second, the average OVL per covariate could be compared
with the crude balance that exists on that covariate in the data set to see what improvement in
balance has been reached by using PS stratification. Third, the information can give an answer
to the important question whether the overall balance is acceptable in order to continue the
analysis and estimate an adjusted treatment effect using the specified PS model. One way to
do this, is to compare the whole distribution of estimated OVLs with a reference distribution of
OVLs. A quite natural reference is the distribution of OVLs under the null hypothesis of similar covariate distributions between treatment groups, which is in fact the expected balance in a
randomized trial. In Table 5.2 in Appendix A only the first decile of this distribution is given
as a reference for various distributions and sample sizes. Fortunately, the OVL distribution is
only slightly dependent on the shape of the covariate distribution. As an example we can use
the data underlying Figure 5.3. The first decile estimated on these data equals 0.83 with an
average number of observations of 40 per group and stratum. When this value is compared to
the closest relevant figure in Table 5.2 (0.82, n = 50, normal distributions), it can be concluded
that the balance after propensity score modeling is approximately comparable with the balance
that would have been found if groups were in fact similar. Although one should strive for even
better balance when possible, it gives at least an indication whether any acceptable balance has
been reached.
A fourth way to use the balance information is to calculate a summary measure for the
distribution of estimated OVLs on a wide range of possible PS models for helping to select a
good PS model, a model with high overlap. To use this overall measure of balance for model
selection there should exist a strong association with bias. In the next paragraph we give the
results of a simulation study in which we investigated the strength of the relationship between
a summary measure of balance and bias in estimating a treatment effect.

OVERLAPPING COEFFICIENT TO SELECT A PS

MODEL

For a variety of PS models a distribution of estimated OVLs can be estimated which gives
information on the amount of balance for that particular model. By relating a summary measure
of this distribution to the amount of bias, we assessed the ability of the OVL to serve as a
model selection tool in PS analysis. We also explored three other methods that could be used
for model selection in PS analysis, but which are hardly used in practical settings. First, we
used the p-values from t-tests, performed on all covariates within strata of the PS to detect a
difference between treated and untreated individuals. Second, we used the method described
in Rosenbaum & Rubin,10 who regressed each of the covariates on treatment alone and on both
treatment and PS, in order to compare both models with the F-statistic from ANOVAs. Third,
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we calculated the c-statistic for any PS model. Although its absolute value among different
data sets is not indicative for the amount of balance, its relative value within data sets could be
used to choose among various PS models.

M ETHODS
We simulated a population of 100, 000 individuals, a dichotomous outcome y, a dichotomous treatment t and 10 normally distributed covariates of which five were prognostic for
the outcome (x1 − x5 ) and five were not (x6 − x10 ). First we simulated the distribution of
the outcome (πy = 0.30) and treatment (πt = 0.50) and their relationship by means of the
odds ratio (ORty = 2.0), making sure that all covariates were perfectly unrelated to treatment and moderately related to outcome (x1 − x5 , ORxy = 1.3) or not related to outcome
(x6 − x10 , ORxy = 1.0). This enabled us to know the true marginal treatment effect without assuming any true outcome model (in the population no confounding). When sampling
from this population, sample-specific confounding will appear which is in general small. To
create stronger confounding in samples, which is common in observational studies, we gave
to individuals different sampling probabilities that are related to treatment and to covariates
x1 , x2 , x4 , x6 and x7 . This resulted in unadjusted treatment effects ORunadj between 1.5 and
4.1 with a mean of 2.55. An adjusted treatment effect was estimated with PS stratification,
dividing the propensity score into five strata. When averaged over simulations, bias was defined as the percentage difference between the average adjusted treatment effect and the true
treatment effect by means of the odds ratio.
To summarize the distribution of OVLs, and similarly the distributions of p-values from
t-tests and ANOVAs, we used the first decile (10%), the first quintile (20%) and the median
of these distributions. Thereby, we calculated for the OVL distribution an unweighted and a
weighted average. The weighted average takes into account the estimated association between
d x y ) and is defined as:
covariate i and outcome y (OR
i
I
J
1 XX [
[
OV Lw =
wi OV Lij
JI

(5.2)

i=1 j=1

[Lij the estimated OVL for
where I is the number of covariates, J the number of strata, OV
covariate i in stratum j and
I

dx y −
wi = 1 + OR
i

1Xd
ORxk y
I

(5.3)

k=1

The weighted average OVL quantifies the idea that it is more important for strong prognostic
factors to be balanced than for covariates that are weakly or not related with outcome.
110

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

5.1 T HE OVERLAPPING COEFFICIENT IN PROPENSITY SCORE METHODS

To evaluate the relationship between bias and measure for balance we created 20 different
PS models within each simulated data set, ranging from only three covariates to all
10 covariates with interactions. The simulations were done with various sample sizes
(n = 400, 800, 1, 200, 1, 600, 2, 000, 4, 000 and 6, 000). Because results between simulations
were fairly similar, a comparatively small number of 100 simulations per sample size was
sufficient for a reliable estimate of the correlation.
For the final conclusion on the strength of the association between the measure for balance
and bias, we used Pearson’s correlation coefficients within simulations and sample sizes. We
also performed an overall analysis on the results, i.e. a linear mixed-effects model (S-Plus
function lme)with bias as the dependent variable, measure for balance as the fixed effect
and simulation number as the random effect (random intercept only). As measure for model
improvement we used Akaike’s Information Criterion (AIC).

R ESULTS
There exists an inverse relationship between the summary measures for the OVL distribution
and the percentage of bias when estimating a treatment effect: the higher the measure for
balance, the smaller the difference between estimated and true effect. The strength of this
relationship is dependent on the chosen summary measure and on sample size. For example,
for n = 400 Pearson’s correlation was R = −0.11, while for n = 6, 000 a correlation of
R = −0.83 was found (see Table 5.1). The unweighted average and the percentile measures
for the OVL showed somewhat smaller correlations (only first quintile shown in Table 5.1
column 2) than the weighted average OVL.
Table 5.1: Average Pearson’s correlations (standard deviation) between bias and various summary measures of balance: weighted average and 1st quintile (p20 ) from OVL distribution, 1st quintile from pvalue distribution from t-tests, 1st quintile from p-value distribution from ANOVAs and the c-statistic,
100 simulations per sample size
n=400
n=800
n=1,200
n=1,600
n=2,000
n=4,000
n=6,000

OVL
weighted average
-0.11 (0.24)
-0.30 (0.29)
-0.38 (0.28)
-0.56 (0.23)
-0.59 (0.20)
-0.81 (0.09)
-0.83 (0.09)

OVL
p20
-0.06 (0.22)
-0.17 (0.31)
-0.28 (0.28)
-0.42 (0.25)
-0.44 (0.24)
-0.68 (0.14)
-0.70 (0.15)

t-tests
p20
-0.28 (0.25)
-0.34 (0.28)
-0.42 (0.26)
-0.55 (0.23)
-0.59 (0.16)
-0.59 (0.18)
-0.58 (0.17)

ANOVAs
p20
-0.28 (0.31)
-0.27 (0.28)
-0.28 (0.33)
-0.40 (0.27)
-0.43 (0.24)
-0.32 (0.22)
-0.42 (0.22)

c-statistic
-0.26 (0.29)
-0.35 (0.25)
-0.39 (0.20)
-0.42 (0.25)
-0.34 (0.20)
-0.37 (0.22)
-0.44 (0.18)

In general, it can be concluded that other measures show higher correlations for sample sizes
below 800 and lower correlations for sample sizes exceeding 1, 600. The correlations for the
summary measure of the p-value distribution from ANOVAs range from −0.27 to −0.43 (first
quintile shown in column 4), whereas the summary measures based on the distribution of
p-values from t-tests are somewhat higher, ranging from −0.28 to −0.59 (first quintile shown
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in column 3). For sample sizes of 400 observations this measure is more predictive for bias
than the OVL measure, while for samples between 800 and 1, 600 the differences between
methods are small. We also performed linear mixed-effects models on the simulation results
and found a similar pattern when the AICs were compared (results not shown).
As an illustration for these results, the relationship between bias and measure for balance
is captured in Figure 5.4 for a random selection of nine samples of 800 and 4, 000. For
samples of 4, 000 observations the predictive power for the weighted OVL (left upper panel)
is larger than for the first quintile of the p-value distribution from t-tests (right upper panel).
For sample sizes of 800 the fit is worse for both methods and slightly better for the p-values
(right lower panel) than for the weighted OVL measure (left lower panel).

Figure 5.4: Association between average percentage of bias and weighted average OVL (left panels)
and first quintile of p-value distribution from t-tests (right panels), within 9 random chosen samples of
n = 4, 000 (upper panels) and n = 800 (lower panels)
0.930
simulnr

0.935

0.940

0.945

0.950

0.0

simulnr

simulnr

15

15

10

10

5

5

simulnr

0

simulnr

Percentage of bias

simulnr

15

10

5

0.2

0.3

0.4

simulnr

simulnr

simulnr

simulnr

simulnr

Percentage of bias

0

0.1

simulnr

15

10

5

0
simulnr

simulnr

0

simulnr

simulnr

15

15

10

10

5

5

0

simulnr

simulnr

0

0.930

0.935

0.940

0.945

0.950

0.930

0.935

0.940

0.945

0.950

0.0

0.1

Weighted average overlapping coefficient as measure for balance (n=4,000)
0.885
simulnr

25

0.895

0.2

0.3

0.4

0.0

0.905

0.05

simulnr

0.1

0.2

0.3

0.4

First quintile of p-values from t-tests as measure for balance (n=4,000)

simulnr

25

20

20

15

15

10

10

5

0.10

0.15

0.20

0.25

0.30

0.35

simulnr

simulnr

simulnr

simulnr

simulnr

simulnr

5

0

0

simulnr

25
20
15
10
5

25

Percentage of bias

simulnr

Percentage of bias

simulnr

20
15
10
5

0
simulnr

25

simulnr

simulnr

0
simulnr

25

20

20

15

15

10

10

5

simulnr

simulnr

5

0

0

0.885

0.895

0.905

0.885

0.895

Weighted average overlapping coefficient as measure for balance (n=800)

112

0.905

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.05

0.10

0.15

0.20

0.25

0.30

0.35

First quintile of p-values from t-tests for balance (n=800)

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

5.1 T HE OVERLAPPING COEFFICIENT IN PROPENSITY SCORE METHODS

D ISCUSSION
In observational studies that use propensity score analysis to estimate the effect of treatment
or any exposure, we propose to focus more on the stage of creating the PS model by using a
measure for balance, the overlapping coefficient. In the first place this measure for balance
can be used to quantify balance in an absolute sense. Second, it can be used to judge whether
the balance created on covariates with propensity score modeling was successful and sufficient
to continue the analysis and estimate an adjusted treatment effect. Third, due to its inverse
association with bias this measure can also be a help for model selection. The weighted average
OVL calculated on the set of available covariates show strongest association with bias for larger
data sets. For smaller data sets the p-values from significance tests and the c-statistic have
higher predictive power for the bias than the OVL measure.
A disadvantage of the OVL is that it is estimated per covariate and per stratum. For small
sample sizes and a large number of covariates this implies a great number of calculations with
a small number of observations per stratum which can make the estimated overlap in densities
unreliable. This effect will be partly diminished because the focus is on the whole distribution
of OVLs. Also when the propensity score is divided in a larger number of strata, although five
is common practice, estimation of OVLs becomes less reliable.
We focussed on the use of the OVL in propensity score stratification. When matching on the
propensity score is chosen as method to estimate treatment effects, one could similarly estimate
OVLs and compare models by using strata before matching takes place. After the matching one
could also estimate OVLs on all covariates between both matched sets, but because this does
not take into account the dependency of the data, it is not recommended.
We presented the results for a true population treatment effect of ORty = 2.0 and an
incidence rate πy = 0.30. The results were fairly robust against small changes in these values
(1.5 < ORty < 3.0 and 0.10 < πy < 0.40). In all situations an increasing predictive power
for the OVL measures was seen with increasing sample size. Compared to the other methods,
the OVL measures performed best with larger data sets.
We summarized the distribution of p-values and OVLs over covariates and strata by using
different methods: first decile, first quintile and median. Because the first quintile was most
predictive, we only gave these figures in Table 5.1.
To know the true treatment effect in simulation studies it is common to first simulate the
covariates, then the treatment variable as a function of the covariates (the propensity score
model) and finally the outcome variable as a function of treatment and covariates (the outcome
model). Our setting on the other hand was less restrictive because we did not need to specify
any model for the outcome nor did we specify any propensity score model. Furthermore,
specification of the outcome model using logistic regression can lead to a divergence in the
type of effect to be estimated19–22 with possibly misleading conclusions when comparison with
propensity score methods is the main objective.7, 23, 24 Finally, using the true propensity score
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model if it were known, is recommended, because a sample-specific propensity score model
generates on average less bias than the true propensity score model.10, 25–27
We propagate that in studies using propensity score methods, more attention should be paid
to creating, measuring and reporting the balance that has been reached by the chosen propensity
score model. The use of the overlapping coefficient could be a great help, also as a tool to select
a PS model among a variety of possible models.

A PPENDIX A: T HE OVL

DISTRIBUTION UNDER THE NULL

Under the null hypothesis that two samples come from populations with similar covariate distributions, we determined the OVL distribution by simulating 1, 000 samples with an equal
number of observations from both populations. In Table 5.2 the first decile (10%) of this OVL
distribution is given.
Table 5.2: First decile of the expected distribution of OVLs when both covariate distributions are similar
for normal, chi-square, uniform, gamma and exponential distributions and various number of observations (ni =number of observations in distribution i)
n1 = n2
25
50
100
200
400
800
1,600
3,200

normal
µ=0, σ=1
0.74
0.82
0.87
0.90
0.93
0.94
0.96
0.97

chi-square
df=2
0.70
0.79
0.85
0.89
0.92
0.94
0.96
0.97

uniform
min=0, max=1
0.78
0.83
0.88
0.91
0.93
0.95
0.96
0.97

gamma
λ=3, µ=1
0.74
0.81
0.86
0.90
0.92
0.94
0.96
0.97

exponential
rate=2
0.71
0.79
0.84
0.89
0.92
0.94
0.96
0.97

When the first decile of the OVL distribution calculated on own data is higher than the
tabulated value, this indicates that the balance is at least as good as could be expected when
both groups are similar. Because the underlying distribution of covariates within strata is
usually unknown, it is convenient that the values in Table 5.2 are quite similar among different
distributions. Note that in this table the number of observations concern the numbers per
treatment group within strata and are assumed to be equal (n1 = n2 ). When the number of
observations is not the same for both groups, the expected OVLs will be lower. Below eight
observations in one of the groups (irrespective of the number of observations in the other
group), the left tail of the OVL distribution quickly reaches low values. This can be seen in
Figure 5.5 for normal distributions. For instance, in case of similarity of groups with sample
sizes of n1 = 4 and n2 = 46 in 10% of the cases an OVL will be found lower than 0.45. With
such a low number of observations estimation of the overlapping coefficient is questionable.
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A PPENDIX B: S-P LUS CODE FOR ESTIMATING THE OVL
Calculating the OVL involves estimation of two density functions evaluated at the same
x-values and then calculating the overlap. The function ovl needs two input vectors of
observations on the covariate for both groups (group0 and group1).We used the S-Plus
built-in function density using the normal density rule bandwidth.nrd.For calculation
of the overlap we used Simpsons rule on a grid of 101. A plot of the two densities and the
overlap is optional (plot=T ).
# S-Plus Function to calculate the non-parametric overlapping coefficient
#
(plus optional figure)
ovl <- function(group0, group1,plot=F){
wd1
<- bandwidth.nrd(group1)
wd0
<- bandwidth.nrd(group0)
from
<- min(group1,group0) - 0.75 * mean(c(wd1,wd0))
to
<- max(group1,group0) + 0.75 * mean(c(wd1,wd0))
d1
<- density(group1, n = 101, width=wd1, from=from, to=to)
d0
<- density(group0, n = 101, width=wd0, from=from, to=to)
dmin
<- pmin(d1$y,d0$y)
ovl
<- ((d1$x[(n<-length(d1$x))]-d1$x[1])/(3*(n-1)))*
(4*sum(dmin[seq(2,n,by=2)])+2*sum(dmin[seq(3,n-1,by=2)])
+dmin[1]+dmin[n])
if(plot){
maxy
<- max(d0$y, d1$y)

E.P. M ARTENS - M ETHODS TO ADJUST FOR CONFOUNDING

115

CHAPTER

5: I MPROVEMENT OF PROPENSITY SCORE METHODS

minx
<- min(d0$x)
plot(d1, type="l", lty=1, ylim=c(0,maxy), ylab="Density",xlab="")
lines(d0, lty=3)
lines(d1$x, dmin, type="h")
text(minx, maxy, " OVL =")
text(minx+0.085*(max(d1$x)-minx), maxy, round(ovl,3))
}
round(ovl,3)
}
# Example
treated
<- rnorm(100,10,3)
untreated
<- rnorm(100,15,5)
ovl(group0=untreated, group1=treated, plot=T)

A PPENDIX C: SAS

CODE FOR ESTIMATING THE

OVL

%macro OVL(group0, group1);
proc univariate data=&group0 noprint;
var var;
output out=res0 n=n0 mean=mean0 var=var0 min=min0 max=max0 q1=var0_q1 q3=var0_q3;
run;
proc univariate data=&group1 noprint;
var var;
output out=res1 n=n1 mean=mean1 var=var1 min=min1 max=max1 q1=var1_q1 q3=var1_q3;
run;
data res;
merge res0 res1;
bandwidth0= 4*1.06 * min(sqrt(var0), (var0_q3 - var0_q1)/1.34) * n0**(-1/5);
bandwidth1= 4*1.06 * min(sqrt(var1), (var1_q3 - var1_q1)/1.34) * n1**(-1/5);
from = min(min0,min1) - 0.75 * mean(bandwidth0,bandwidth1);
to
= max(max0,max1) + 0.75 * mean(bandwidth0,bandwidth1);
call symput(’from’,from);
call symput(’to’,to); run;
PROC KDE data=&group0 ;
univar var (ngrid=101 gridl=&from gridu=&to) /method=SNR out=dens0; run;
PROC KDE data=&group1 ;
univar var ( ngrid=101 gridl=&from gridu=&to) /method=SNR out=dens1; run;
data dens;
merge dens0(rename=(var=var0 value=val0 density=dens0 count=n0))
dens1(rename=(var=var1 value=val1 density=dens1 count=n1)); run;
data ovl;
set
dens nobs=last;
retain two_sums 0 x_first dens_min_first; keep ovl;
dens_min=min(dens0,dens1);
if _n_>=2 AND mod(_n_,2)=0 then two_sums = two_sums + 4 * dens_min;
if _n_>=3 AND mod((_n_-1),2)=0 then two_sums = two_sums + 2 * dens_min;
if _n_=1 then do;
x_first = val0;
dens_min_first = dens_min;
end;
if _n_=last then do;
ovl = ((val0-x_first)/(3*(_n_-1)))*(two_sums + dens_min_first + dens_min);
output;
end; run;
proc print data=ovl; run;
%mend OVL;
%OVL(untreated0, treated1);
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A BSTRACT
Propensity score methods focus on balancing confounders between groups to estimate an adjusted treatment or exposure effect. However, there is a lack of attention in actually measuring,
reporting and using the information on balance, for instance for model selection. We propose
to use a measure for balance in propensity score methods and describe three such measures:
the overlapping coefficient, the Kolmogorov-Smirnov distance and the Lévy metric.
We performed simulation studies to estimate the association between these measures for
balance and the amount of bias. For all three measures we found an inverse relationship with
bias increasing with sample sizes. The simulations further suggest that the predictive power
for the overlapping coefficient was highest: for samples of 800 observations the average Pearson’s correlation was −0.23, while for 2, 000 observations −0.63 was found. Mainly for large
samples the overlapping coefficient can be used as a model selection tool because its value
is predictive for the amount of bias. The mean squared error for these balancing strategies
is quite similar among these methods, for the overlapping coefficient ranging from 0.031 for
n = 2, 000 to 0.197 for n = 400. This is much smaller than when a standard PS model including all covariates is applied (0.076 to 0.302). We conclude that these measures for balance are
useful to report the amount of balance reached in any propensity score analysis and can be a
help in selecting the final propensity score model.
Keywords: Confounding; Propensity scores; Observational studies; Measures for balance;
Overlapping coefficient; Kolmogorov-Smirnov distance; Lévy metric
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I NTRODUCTION
A commonly used statistical method to assess treatment effects in observational studies, is
the method of propensity scores (PS).1, 2 PS methods focus on creating balance on covariates
between treatment groups by first creating a PS model to estimate the conditional probability to
be treated given the covariates (the propensity score). In the second step an adjusted treatment
effect is estimated, using the propensity score as matching variable, as stratification variable,
as continuous covariate or inverse probability weight. In the literature in which PS methods
are applied there is a lack of attention to building the PS model.3–5 Building such a PS model
involves the selection (and transformations) of variables and possibly interactions or higherorder terms to include in the model and a check whether the chosen model creates balance
on the important prognostic covariates. Unlike prediction models the selection of variables
for a PS model (in which treatment is the dependent variable) is more complex: both the
relationship with treatment and outcome has to be taken into account. That means that modelbuilding strategies like stepwise regression are not very useful in deciding whether a certain
PS model is acceptable or not. Any stepwise regression method to build the PS model only
selects on significance of the relationship with treatment, but this does not use information on
the strength of the relationship with outcome. A strong relationship between treatment and
covariates is not necessary for having a good PS model.6, 7 What should be important in PS
models is the balance on prognostic covariates that has been reached by using the chosen PS
model.
When information on balance is given, this is mostly done by performing significance tests
within strata of the covariates to assure that the mean (or proportion) on covariates do not differ
significantly between treatment groups. An early method proposed by Rosenbaum & Rubin to
check the balance per covariate using the F-statistic from analysis of variance (ANOVA) is
not often used.8 More frequently the c-statistic (area under the receiver operating curve) is
reported, but does not give the information needed: also a low value of the c-statistic can
indicate good balance on prognostic factors (for instance in a randomized trial). We propose
to use an overall weighted measure for balance to report the amount of balance reached and to
select the final PS model.
In this paper we describe three measures for balance that can be used in PS methods:
the overlapping coefficient (OVL),9, 10 also known as the proportion of similar responses,11
the Kolmogorov-Smirnov distance (D)12, 13 and the Lévy metric (L).14, 15 In the next section
we will define these measures. In the third section we give the results of a simulation study
in which these measures are compared on their relationship with bias and on their ability in
correctly estimating the treatment effect compared to a standard PS model.
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T HREE MEASURES FOR BALANCE
The objective of PS methods is to create balance on the covariates that confound the relationship between outcome and treatment in observational studies. In randomized experiments
this balance implies that the whole distribution of all covariates is ‘on average’ similar between
treatment groups, not only the mean of the distribution or other summary measures. Whether or
not covariate distributions of treatment groups are similar can best be approached by actually
measuring the balance instead of testing whether the means of both distributions are significantly different. Any departure from similarity on prognostic factors could cause a difference
in the outcome not caused by treatment. We will discuss three possible measures for balance.

N ON - PARAMETRIC OVERLAPPING COEFFICIENT
The overlapping coefficient measures the amount of overlap in two distributions and is an
estimate of that part of the distribution that overlaps with the other distribution. To estimate the
overlapping coefficient we first need to estimate the density of both distributions. Because it is
not reasonable to assume any known theoretical distribution of covariates within subclasses of
the propensity score, we will estimate the densities in a non-parametrical way16, 17 by using
kernel density estimation.18, 19 This can be seen as an alternative for making a histogram of the
Figure 5.6: Illustration of kernel density estimation in a sample of 7 cholesterol levels (2.5, 5, 5.5, 6,
0.20

6.5, 8 and 9) using the normal density function for the kernel and the normal reference rule bandwidth
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data with n observations. A kernel density is the sum of n density functions K, located at
each observation with a chosen bandwidth h. Increasing the bandwidth will make the density
function more smooth. In Figure 5.6 kernel density estimation is illustrated for a small sample
of 7 observations, using the normal density function for the kernel and a bandwidth determined
by the normal reference rule method.18 When for both treatment groups (t = 0 is untreated,
t = 1 is treated) the density functions fˆ(x|t = 0) and fˆ(x|t = 1) are estimated, the OVL
is the proportion of one density that overlaps with the other. Numerically we calculated this
proportion with Simpson’s rule using a 101 grid.16
Z ∞
ª
©
[L =
OV
min fˆ(x|t = 0), fˆ(x|t = 1) dx
(5.4)
−∞

The influence on the OVL estimate of choosing other functions for the kernel, like Epanechnikov’s kernel or fourth-order kernel,20 other bandwidth methods or other grids is quite small.16
Note that in case of perfect overlap of both treatment groups in the population, the expectation
of the OVL in a sample will be less than 1. The variance of the OVL estimator can best be
approximated by bootstrap methods, because even the derived formulas for normal distributions are in general too optimistic.10 In Figure 5.7 the overlapping coefficient is illustrated for a
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Figure 5.7: Illustration of the overlapping coefficient for cholesterol level in two random samples,
treated group drawn from a Gamma distribution (n = 50, µ = 6 and λ = 1) and untreated group from
a normal distribution (n = 50, µ = 7 and σ = 1.5), using kernel density estimation
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ted group of 50 observations drawn from a Gamma distribution with µ = 6 and λ = 1 and an
untreated group of 50 observations drawn from a normal distribution with µ = 7 and σ = 1.5.
The OVL is calculated at 0.48. In Appendix A the S-Plus code for the OVL is given.

KOLMOGOROV-S MIRNOV DISTANCE
The Kolmogorov-Smirnov distance D can be described as the maximum of all vertical distances between two cumulative distribution functions, expressed as relative frequencies. The
minimum distance of 0 will be reached when both distributions are exactly similar. The larger
this measure, the less similar distributions are, with a maximum of 1. This distance is also used
for the difference between an empirical and a known theoretical distribution. The KolmogorovSmirnov distance D between untreated and treated individuals is defined as
¯ª
©¯
D̂ = max ¯F̂ (x|t = 0) − F̂ (x|t = 1)¯

(5.5)

where F̂ (x|t = 0) is the estimated cumulative distribution function for untreated individuals
and F̂ (x|t = 1) for treated individuals. An illustration of D as a measure for balance is given
in Figure 5.8 for the same data as used for Figure 5.7. In Appendix A the S-Plus code for the
Kolmogorov-Smirnov distance is given.
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Figure 5.8: Illustration of the Kolmogorov-Smirnov distance D for cholesterol level in two random
samples, treated group drawn from a Gamma distribution (n = 50, µ = 6 and λ = 1) and untreated
group from a normal distribution (n = 50, µ = 7 and σ = 1.5)
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L ÉVY

METRIC

The Lévy metric L can be considered as a variant on the Kolmogorov-Smirnov distance that
takes into account both horizontal and vertical distances between two cumulative distribution
functions. The Lévy metric L is defined as
¯
ª
©
L̂ = min ² > 0¯F̂ (x − ²|t = 0) − ² ≤ F̂ (x|t = 1) ≤ F̂ (x + ²|t = 0) + ² for all x in R (5.6)
where F̂ (x|t = 0) is the estimated cumulative distribution function for untreated individuals
and F̂ (x|t = 1) for treated individuals. Intuitively this measure can be understood as follows:
if one inscribes squares between the two curves with sides parallel to the coordinate axes, then
the side-length of the largest such square is equal to L. An illustration of L as a measure
for balance is given in Figure 5.9 where the same data have been used as in Figures 5.7 and
5.8. From this figure it becomes clear that this distance measure is sensitive for the unit of
measurement of the covariate. When different covariates are involved one should therefore
use some kind of standardization of the covariates before these measures can be compared. In
Appendix A the S-Plus code for the Lévy metric is given.
Figure 5.9: Illustration of the Lévy metric L for cholesterol level in two random samples, treated group
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BALANCE MEASURES AS MODEL SELECTION TOOLS
In the first place the described measures for balance can be used to quantify and report the
amount of balance reached in any PS analysis, something that is not often done when PS
methods are applied.3–5 Because theory on PS states that within strata of the propensity score
distributions of covariates tend to be similar,8 insight in the actual balance can be given by
reporting this balance per covariate and stratum.
Another way to use the information on balance is when a selection among several PS models has to be made. The best PS model can be defined as the model that estimates a treatment
effect as close as possible to the true treatment effect in the population. In practical settings
this PS model is unknown and a selection of variables and additional terms (for instance interactions and/or quadratic terms) must be made for choosing the final PS model. Standard
variable selection methods like forward or backward regression can not be used for PS models, because first the association between outcome and covariates is not taken into account and
second, balance is the final objective of a PS model and not significance. When balance on
prognostic covariates in one model is better than in the other, the one with the best balance
should be preferred because in theory the estimated treatment effect has been better adjusted
for imbalance of covariates.
In the previous paragraph we generally described three measures that quantify either the
degree of overlap or the distance between cumulative distribution functions. To use these measures for model selection we calculated these for all covariates within strata of the propensity
score, where the strata were based on the quintiles of the PS.8 To get an overall measure for balance for every fitted PS model, we calculated a weighted average of the measures per covariate
and stratum, with weights equal to the strength of the association between covariate and the
outcome (on the log-odds scale). These weights express the idea that balance on strong prognostic factors is more important in estimating an adjusted treatment effect than on factors that
are only weakly related to the outcome. This implies that a high value on the weighted average
overlapping coefficient and low values on the weighted average Kolmogorov-Smirnov distance
and the Lévy metric indicate good balance on prognostic factors. To find out to what degree
this balance is related to bias, we performed a simulation study to compare these measures for
balance on their ability to select PS models.

M ETHODS
For our simulations we used the framework of Austin,21 also extensively described in Austin
et al.22, 23 First nine normally distributed covariates x1 − x9 were simulated of which six were
related to treatment t according to the following logistic model, including four interactions and
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two quadratic terms:
logit(pi,t ) = β0,t + β1 x1 + β2 x2 + β3 x4 + β4 x5 + β5 x7 + β6 x8 +
β7 x2 x4 + β8 x2 x7 + β9 x7 x8 + β10 x4 x5 + β11 x21 + β12 x27 (5.7)
and where treatment was simulated by a Bernouilli distribution with π = pi,t . The outcome y
was simulated by the following logistic model, including covariates x1 − x6 and treatment t,
including four interactions and two quadratic terms:
logit(pi,y ) = α0,y + βt t + α1 x1 + α2 x2 + α3 x3 + α4 x4 + α5 x5 + α6 x6 +
α7 x2 x4 + α8 x3 x5 + α9 x3 x6 + α10 x4 x5 + α11 x21 + α12 x26 (5.8)
Compared to the model of Austin we added four interactions and two quadratic terms to both
the treatment model and the outcome model. The dichotomous outcome was generated by a
Bernouilli distribution with π = pi,y .
From equations 5.7 and 5.8 it can be deduced that:
the true confounding factors were x1 , x2 , x4 , x5 , x2 x4 , x4 x5 and x21 ,
the factors only related to treatment were x7 , x8 , x2 x7 , x7 x8 and x27 ,
the factors only related to outcome were x3 , x6 , x3 x5 , x3 x6 and x26 .
The strength of the associations was:
for β7 , β10 , α7 , α10 equal to log(1.2),
for β1 , β3 , β5 , α1 , α2 , α3 , β8 , β11 , α8 , α11 equal to log(1.4),
for β9 , β12 , α9 , α12 equal to log(1.6)
for β2 , β4 , β6 , α4 , α5 , α6 equal to log(2.0).
To assure that half of the subjects were treated and that an event occurred (y = 1) for approximately 25% of the untreated individuals, β0,t was set to −0.65 and α0,y to −1.8.
An important feature of these simulations is that only a conditional effect βt can be inserted
as the true treatment effect, while with PS methods we aim to estimate a marginal treatment
effect. For the difference between marginal and conditional treatment effects in logistic regression analysis, we refer to the literature.24–28 Because we wanted to restrict the simulations to
a true marginal treatment effect of ORty = 2.0, we had to find the corresponding conditional
effect in this setting. We used the iterative process described in Austin21 to calculate the true
conditional treatment effect βt to be equal to 0.8958, which equals an OR of 2.449. For our
simulations we varied sample size (n = 400, 800, 1, 200, 1, 600 and 2, 000).
From the large number of possible PS models we sampled for every simulated data set at
random 40 models, calculated the PS, stratified on the PS and calculated for the overlapping
coefficient, the Kolmogorov-Smirnov distance and the Lévy metric the weighted average for all
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d ty /ORty − 1, we first used Pearson’s
these PS models. After calculating the relative bias as OR
correlation coefficient within simulations to determine the strength of the association between
the measure for balance and bias. We also performed an overall analysis on the results, i.e. a
linear mixed-effects model (S-Plus function lme)with bias as the dependent variable, measure
for balance as the fixed effect and simulation number as the random effect (random intercept
only). As measure for model improvement we used Akaike’s Information Criterion (AIC).
In the second part we concentrated on the selection of only one PS model, i.e. the model
that gave the best balance according to the measure for balance. We used the mean squared
error because it directly combines average bias and the spread of the estimator, defined as:
S
1X d
(ORty − ORty )2
S

(5.9)

s=1

d ty the estimated treatment effect and ORty the true
where S is the number of simulations, OR
marginal treatment effect which was set in our simulations to 2.0. We compared the mean
squared error among the three measures for balance, but also used three other PS models as a
reference that include:
1. all covariates that are related to either treatment or outcome (x1 − x8 ),
2. all true confounding factors (x1 , x2 , x4 , x5 , interactions x2 x4 , x4 x5 , quadratic term x21 ),
3. all prognostic factors as given in formula 5.8.
The last two PS models are in practical settings unknown and are used in this simulation only as
theoretical models. On the other hand, knowing the true propensity score model is in general
not very interesting: including factors that are only related to treatment can be disadvantageous in practice and an estimated propensity score performs better than the true propensity
score.8, 29–32

R ESULTS
For all sample sizes the average Pearson’s correlation coefficient between the weighted
overlapping coefficient and bias is higher than for the other measures, except for sample sizes
of 400 observations for which neither of the measures is rather predictive for the amount
of bias (Table 5.3). For example, for a sample size of 1, 600 the average correlation for the
weighted OVL was −0.61, for the weighted Kolmogorov-Smirnov distance 0.40 and for the
weighted Lévy metric 0.46. As a comparison we used the c-statistic, for which much smaller
correlations were found (at most −0.27). We also checked the correlations for the method
proposed by Rosenbaum & Rubin using F-statistics from ANOVAs,8 which were quite similar
as for the c-statistic (ranging from −0.07 to −0.23). Apart from averaging correlations among
simulations, we also performed an overall linear mixed-effects model and calculated AICs.
We have chosen to present only the results for the correlations because it gave similar results
and has a more direct interpretation of association than the AIC.
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Table 5.3: Average Pearson’s correlations between bias and various summary measures of balance: weighted average overlapping coefficient, weighted average Kolmogorov-Smirnov distance and
weighted average Lévy metric, the c-statistic, 200 simulations per sample size
overlapping
Kolmogorovcoefficient
Smirnov distance
Lévy metric
c-statistic
n= 400
-0.06
-0.06
-0.04
-0.09
n= 800
-0.23
0.08
0.10
-0.12
n=1,200
-0.39
0.16
0.20
-0.24
n=1,600
-0.61
0.39
0.43
-0.27
n=2,000
-0.63
0.40
0.46
-0.24

In Table 5.4 the results are given when these measures for balance are used to select the model
that has best balance according to that measure (columns 1-3). For the overlapping coefficient
the mean squared error is 0.031 when the number of observations is 2, 000 and 0.197 for a
sample size of 400. The differences between the other two measures for balance are quite
small. When we compare the results of the fixed model strategy of including all covariates,
either related to outcome or treatment (column 4) with the OVL measure, the mean squared
error is considerably larger, ranging from 0.076 to 0.302. This PS model is commonly chosen
when PS methods are adopted in practice.33 The model that contains all confounding factors
(column 5) has a slightly higher mean squared error (around 20%) than for the OVL measure,
while for the fixed model strategy containing all prognostic factors (column 6) is comparable
to the OVL measure. The conclusion is that the measures for balance have lower mean
squared error than a commonly used PS model and are slightly less or comparable to models
that contain the true factors. Because the true confounding and true prognostic factors are
usually unknown in practice, it means that these methods are capable of selecting PS models
that are at least as good as when the true confounding and true prognostic factors were known.
Table 5.4: Mean squared error of different methods: weighted average overlapping coefficient, weighted
average Kolmogorov-Smirnov distance, weighted average Lévy metric, covariates x1 to x8 , all confounding factors, all prognostic factors, 200 simulations per sample size
overlapping KolmogorovLévy
covariates
confounding
prognostic
coefficient
Smirnov
metric
x1 − x8
factors
factors
n= 400
0.197
0.200
0.228
0.302
0.208
0.187
n= 800
0.076
0.085
0.083
0.161
0.103
0.089
n=1,200
0.047
0.061
0.058
0.119
0.065
0.057
n=1,600
0.035
0.038
0.038
0.094
0.051
0.045
n=2,000
0.031
0.035
0.034
0.076
0.036
0.032

When the PS model has been chosen by the c-statistic or the F-statistic approach the mean
squared error was approximately 30% larger (ranging from 0.05 to 0.25).
Another frequently adopted approach to adjust for confounding that is not based on PS
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modeling is a multivariable logistic regression analysis. For a model that included treatment
and all prognostic factors, the mean squared error ranged from 0.099 for n = 2, 000 to 0.470
for n = 400, which is considerably larger than when PS methods are applied. This should be no
surprise, because with logistic regression analysis the conditional treatment effect (=exp(βt ) =
2.449) is estimated, which is in general not the effect of interest and an overestimation of the
marginal treatment effect.24–28

D ISCUSSION
In observational studies that use propensity score analysis to estimate the effect of treatment
or any exposure, we propose to focus more on the stage of creating the PS model by directly
quantifying the amount of balance. Examples of such measures are the overlapping coefficient,
the Kolmogorov-Smirnov distance and the Lévy metric. These measures can be used to
report the amount of balance and can be useful for selecting the final PS model. For all three
measures we showed an inverse association with bias, which was strongest for the weighted
average overlapping coefficient. This association was stronger for larger than for smaller
samples, for the overlapping coefficient R = −0.06 for n=400 and R = −0.63 for n = 2, 000.
Selecting the PS model with the overlapping coefficient seems to be most effective, because
the mean squared error for this method was in general smallest (ranging from 0.031 to 0.197).
The differences with the Kolmogorov-Smirnov distance and the Lévy metric were only minor.
The PS model that contained all covariates had a considerable larger mean squared error,
while the PS model that contained all true, but usually unknown, confounding factors had
somewhat larger mean squared error.
The use of these measures should not replace the common sense of epidemiologists who
should select, observe and measure those covariates that are potentially confounding factors.
When faced with a choice of functional form or possible interactions, it can be worthwhile
to use one of these measures to select the final PS model in order to have best balance and
probably least bias.
Some remarks can be made about the choice among the three presented measures. First, it
seems that the Lévy metric and the Kolmogorov-Smirnov distance give quite similar results,
which makes the latter to be preferred because no standardization is needed. The choice
between the overlapping coefficient and the Kolmogorov-Smirnov distance is more difficult
to make. The overlapping coefficient has a clearer interpretation and performed best in these
simulations. On the other hand, for its calculation a bandwidth and a kernel has to be chosen
which may influence the estimated value.
A disadvantage of the proposed methods is that these measures must be estimated per
covariate and per stratum. For small sample sizes and a large number of covariates this implies
a great number of calculations with a small number of observations per stratum which can
make the estimated overlap in densities unreliable. Previously we showed that estimation of
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the overlapping coefficient is not valid when there are less than 8 observations in one of the
distributions.34
We focused on the use of the OVL in propensity score stratification. When matching on
the propensity score is chosen as method to estimate treatment effects, one could similarly
calculate OVLs and compare models by using strata before matching takes place. After the
matching one could also calculate OVLs on all covariates between both matched sets, but
because this does not take into account the dependency of the data, it is not recommended.
We propagate that in studies using propensity score methods, more attention should be
paid to creating, measuring and reporting the balance that has been reached by the chosen
propensity score model. The use of the overlapping coefficient and the Kolmogorov-Smirnov
distance could be a great help, also as a tool to select a PS model among a variety of possible
models.
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A PPENDIX A: S-P LUS CODE FOR OVERLAPPING COEFFICIENT,
KOLMOGOROV-S MIRNOV DISTANCE AND L ÉVY METRIC
OVERLAPPING COEFFICIENT
Calculating the OVL involves estimation of two density functions evaluated at the same
x-values and then calculating the overlap. The function ovl needs two input vectors of
observations on the covariate for both groups (group0 and group1).We used the S-Plus
built-in function density using the normal density rule bandwidth.nrd.For calculation
of the overlap we used Simpsons rule on a grid of 101. A plot of the two densities and the
overlap is optional (plot=T ).
# S-Plus Function to calculate the non-parametric overlapping coefficient
#
(plus optional figure)
ovl <- function(group0, group1,plot=F){
wd1
<- bandwidth.nrd(group1)
wd0
<- bandwidth.nrd(group0)
from
<- min(group1,group0) - 0.75 * mean(c(wd1,wd0))
to
<- max(group1,group0) + 0.75 * mean(c(wd1,wd0))
d1
<- density(group1, n = 101, width=wd1, from=from, to=to)
d0
<- density(group0, n = 101, width=wd0, from=from, to=to)
dmin
<- pmin(d1$y,d0$y)
ovl
<- ((d1$x[(n<-length(d1$x))]-d1$x[1])/(3*(n-1)))*
(4*sum(dmin[seq(2,n,by=2)])+2*sum(dmin[seq(3,n-1,by=2)])
+dmin[1]+dmin[n])
if(plot){
maxy
<- max(d0$y, d1$y)
minx
<- min(d0$x)
plot(d1, type="l", lty=1, ylim=c(0,maxy), ylab="Density",xlab="")
lines(d0, lty=3)
lines(d1$x, dmin, type="h")
text(minx, maxy, " OVL =")
text(minx+0.085*(max(d1$x)-minx), maxy, round(ovl,3))
}
round(ovl,3)
}
# Example
treated
<- rnorm(100,10,3)
untreated
<- rnorm(100,15,5)
ovl(group0=untreated, group1=treated, plot=T)
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KOLMOGOROV-S MIRNOV DISTANCE
Within S-Plus the Kolmogorov-Smirnov distance can be simply extracted from the object
generated by the function ks.gof by ks.gof(group0,group1)$stat.A function
that optionally plots the two cumulative densities is given below (plot=T ).
# S-Plus function to calculate the Kolmogorov-Smirnov distance using
# function ‘ks2’ from within function ‘ks.gof’ (plus optional figure)
ksdist <- function(group0, group1, plot=F){
n0
<- length(group0)
n1
<- length(group1)
total
<- sort(unique(c(group0, group1)))
ma0
<- match(group0, total)
ma1
<- match(group1, total)
F0
<- cumsum(tabulate(ma0, length(total)))/n0
F1
<- cumsum(tabulate(ma1, length(total)))/n1
diff
<- abs(F0-F1)
ks
<- max(diff)
if(plot){
x.ks
<- order(ks-diff)[1]
plot(F1, type="l", lty=1, ylab="Cumulative density", xlab="")
lines(F0, lty=3)
lines(c(x.ks, x.ks), c(F0[x.ks],F1[x.ks]), lty=2)
text(0.08*(n0+n1), 1, "K-S distance =")
text(0.20*(n0+n1), 1, ks)
}
ks
}
# Example
treated
<- rnorm(100,10,3)
untreated
<- rnorm(100,15,5)
ksdist(group0=untreated, group1=treated, plot=T)
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METRIC

The Lévy metric can be calculated using the next two functions mecdf and Levy.
# S-Plus functions to calculate the L\’evy metric
mecdf <- function(group0,group1) {
n0
<- length(group0)
n1
<- length(group1)
total
<- sort(unique(c(group0, group1)))
ma0
<- match(group0, total)
ma1
<- match(group1, total)
F0
<- cumsum(tabulate(ma0, length(total)))/n0
F1
<- cumsum(tabulate(ma1, length(total)))/n1
min
<- min(F1-F0)
max
<- max(F1-F0)
m
<- c(min,max)
return(m)
}
Levy <- function(u,v){
f <- function(s,u,v){
t <- mecdf(u,v-s)+s
return(t[1])
}
g <- function(s,u,v){
t <- mecdf(u,v+s)-s
return(t[2])
}
a <- min(c(u,v))
b <- max(c(u,v))
c <- b-a
z1 <- uniroot(f,low=-c,up=c,tol=0.00000001,u=u,v=v)
z2 <- uniroot(g,low=-c,up=c,tol=0.00000001,u=u,v=v)
z <- max(z1$root,z2$root)
return(z)
}
# Example
treated
<- rnorm(100,10,3)
untreated
<- rnorm(100,15,5)
# mecdf(untreated,treated)
Levy(group0=untreated, group1=treated)
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H ISTORICAL PERSPECTIVE
Statistical concepts and methods have been strongly developed in the last century with major
contributions of Francis Galton, Karl Pearson, Ronald Fisher and Jerzy Neyman at the end of
the 19th and the beginning of the 20th century. For instance the concept of the correlation coefficient can be traced back to Karl Pearson,1 whereas regression analysis goes back to Francis
Galton2 and George Yule.3 The introduction of two other important regression methods can be
contributed to David Cox: logistic regression analysis in 19584 and the proportional hazards
model in 1972.5 All these regression-based techniques are still extensively used in many research areas for the prediction and explanation of various phenomena.
When the main objective is to estimate a single treatment effect, as is common in medical
and pharmaceutical research, the randomized experiment is the gold standard. Very influential
on the design of such experiments was the work of Fisher, who is in general credited for the
invention of randomized experiment in 1925.6, 7 The concept of random assignment of treatments goes back to Neyman,8, 9 but even in 1885 randomization was used by Charles Peirce.10
When an experiment is not possible or when subjects are not randomly assigned to treatments, it can still be the main objective to estimate a single treatment effect or exposure and to
adjust for the confounding influence of other factors that are prognostic for the outcome. It is
common practice to use the earlier mentioned conventional regression-based methods for this
purpose, but alternative methods have specifically been developed to adjust for confounding.
Two of these methods are investigated in more detail in this thesis: the method of propensity scores and instrumental variables. The first is a relatively recent method, developed by
Rosenbaum & Rubin in 1983.11 It has its fundament in matching on a continuous variable
in the work of Rubin12, 13 and Cochran & Rubin.14 The other main topic of this thesis is the
method of instrumental variables. The related problem of solving the identification problem
in simultaneous equation models goes back to Philip Wright in 1928,15, 16 whereas the term
instrumental variable first appeared in work of Reiersøl in 1945.17, 18 The first appearance in
medical research was probably in 1989 by Permutt and Hebel.19
The development and the improvement of methods to adjust for confounding are important,
because results from observational studies can only be used to inform clinical practice if the
effect estimates of treatment are valid. In the last decade an increasing use of propensity scores
in medical studies can be noticed, but still there are questions on how these methods are best
applied in different settings. Although instrumental variables as an adjustment method is less
known and in general less applicable, the same is true for this method: how and when to
apply this method. Therefore, the aim of this thesis was to assess the strengths and limitations of alternative adjustment methods (Chapter 2), to compare these methods to conventional
regression-based methods (Chapter 3), to demonstrate less straightforward applications (Chapter 4) and to further develop these alternative methods (Chapter 5).
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W HY TO USE ALTERNATIVE ADJUSTMENT METHODS ?
To adjust for confounding in non-randomized studies the factor of interest and all possible
confounders are usually included in a regression model. Alternatively one can use methods
of propensity scores and instrumental variables to adjust for confounding. Contrary to linear,
logistic or Cox proportional hazards regression, these methods have been developed with a randomized controlled trial in mind, which is the preferred research design to estimate intended
treatment effects. Propensity score methods and instrumental variables have one variable of
main interest (the treatment or exposure variable) and are primarily concerned with similarity of treatment groups. This is not true for regression-based methods in which all variables,
confounders and treatment variable, have technically the same place in the outcome model. Although methods of propensity scores and instrumental variables can also use regression methods to finally estimate treatment effects, the philosophy is quite distinct from directly estimating
adjusted treatment effects with a linear, logistic or Cox proportional hazards regression model.

P ERFECT SIMILARITY
Important questions in medical research are whether a certain drug is effective to prevent or
cure a specific disease and whether exposure to some environmental factor influences health.
Such questions are primarily directed to find an average causal effect of a factor of interest, the
treatment or exposure variable. One hypothetical way to answer such questions is to observe all
individuals of a certain sample in two different states at the same moment. For instance, observe
the cholesterol level when a patient is treated by a drug and compare it to its level when the
same patient is not treated by this drug over the same time period. The direct causal effect of
treatment for all individuals will then be exactly known because all other possible explanations
except treatment did not change. Unfortunately it is physically impossible to measure the
same person at the same time in two different states, treated and untreated, or exposed and not
exposed. This problem could be solved by using two exactly identical individuals in order to
observe this pair at the same time, one as treated and the other as untreated. For experiments
with animals two identical (e.g. genetically) subjects could be used to be assigned to two
different treatments. However, for humans this is virtually impossible, even when we restrict
similarity to only those factors that are prognostic for the outcome.

AVERAGE SIMILARITY ON

GROUP LEVEL

To make a valid assessment of an average treatment effect it is too restrictive to demand that
individuals should be similar between both treatment groups. It should be sufficient for assessing an average treatment effect to reach on average similarity on group level. This can be
achieved by a procedure known as randomization, a term contributed to Fisher.6, 20 Two groups
of patients are on average similar on all characteristics if the assignment to these groups was
completely at random, or in other words, if all individuals had the same probability to be in
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one of the treatment groups. Nowadays this procedure is the scientific standard for medical research of interventions. This procedure assumes that the researcher has control over treatments
or exposures in order to let the toss of a coin decide which of the treatments are given to the
individuals.

N O CONTROL

OVER TREATMENTS OR EXPOSURES

Unfortunately it is not always possible for researchers to have control over treatments, exposures or, more general, the factor of interest. This means that when observing a certain
population many other factors can be explanations for the average difference in outcome between treatment groups, because treatment groups do not differ only by treatment. To adjust
for factors that differ between treatment groups and at the same time are prognostic for the
outcome, a distinction can be made by three possible approaches. The first is a regressionbased approach in which all confounders and the treatment are included in the same model.
The second is to create similarity of treatment groups within subcategories based on the confounders (propensity score methods) and the third is to identify groups that are similar with
regard to confounders, but differ with regard to treatment (method of instrumental variables).
These approaches are further explained in the next paragraphs.

R EGRESSION - BASED APPROACH
A first approach is based on the simple general principle ‘if you can’t beat them, join them’. If
you can not get rid of competing, alternative explanations beforehand by controlling treatments
or exposures, then combine them in a joint model with the factor of interest in order to adjust
for their confounding influence on the treatment effect estimate. Such statistical models are for
instance linear regression analysis, logistic regression analysis and Cox proportional hazards
regression. Although one is primarily interested in the treatment or exposure effect, such models simultaneously estimate an adjusted treatment effect as well as all individual effects of the
potential confounders in the model.

C REATE SIMILARITY OF GROUPS
A second approach of handling the problem of confounding is based on the idea that the undesirable differences between treatment groups are due to different probabilities of belonging to
one of the treatment groups. If all factors that both influence treatment and outcome are known,
these probabilities (the true propensity scores) can be determined. For individuals or groups of
individuals who have the same probability to be treated, it is as if the toss of a coin has decided
who was actually treated and who was not. In practice, all true confounders are unknown and
the propensity scores have to be estimated with only observed confounders. This implies that
the propensity score does not replace a randomized experiment because adjustment for unobserved factors is not possible. Using the estimated propensity score to create subgroups or
pairs of subjects, the original comparison between all treated and all untreated subjects is now
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replaced by a comparison within those subgroups or pairs. Although regression-based methods are also frequently used in propensity score methods, it is different from the first approach
because in a propensity score model confounders are not directly related to the outcome.

U SE RELATED ‘ TREATMENT

GROUPS ’

A third approach is based on the idea that if we can not directly relate treatment or exposure to
outcome without facing the influence of other factors, we create or identify a slightly different
‘treatment’ variable that has not been influenced by other factors and is related to the original
treatment of interest. For example, the original exposure to smoking can not be controlled
by the researcher, but the related variable ‘encourage to stop smoking’ can be controlled by
randomization before collecting the data on smoking.19 In this situation the method of instrumental variables can be used, where the ‘alternative treatment variable’ is called the instrument
or instrumental variable. For treatments with only two classes, this is similar to saying that it
is not necessary for the treated group to contain only treated individuals and for the untreated
group to contain only untreated individuals in order to compare these groups. The amount of
‘noise’ or better, the association between the original and alternative treatment groups, should
be known in order to use this method for validly assessing treatment effects. Application of this
method is not limited to situations in which a suitable instrumental variable has to be created
by the researcher (as in the previous example of encouragement to stop smoking), but also in
situations where a variable is available in the data and can be used as instrumental variable.
Examples of such variables are the distance to a hospital that performed cardiac catheterizations21 and the physician-specific prescribing preference to certain drugs.22
When the assumptions of this method are fulfilled it has the potential to adjust for all confounders, whether observed or not. This clearly distinguishes this approach from the other two
in which it is only possible to adjust for observed confounders.

S TRENGTHS AND LIMITATIONS OF ADJUSTMENT METHODS
The first approach in which the factor of interest and all possible confounders are included in a
regression model, is still the standard in observational studies, while the methods of propensity
scores and instrumental variables can be considered as alternative methods to adjust for confounding. Whenever a conventional regression-based technique can be adopted, the method
of propensity scores is also applicable. This is not the case for instrumental variable methods,
because at least one suitable instrumental variable is needed. An important strength of both
alternative methods is that these are developed with a randomized controlled experiment in
mind. That means that before relating treatment to outcome, these methods direct their attention towards the relationship between treatment and potential confounders. An advantage of
regression-based methods is that also the effects of other factors on the outcome can be estimated instead of just the effect of treatment. However, when the focus is to estimate a valid
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treatment effect, the effect estimates of other factors are usually not of interest.
A specific advantage of propensity score methods is its transparency on the similarity of
treatment groups, which informs the user whether the method was successful in creating this
similarity. Another advantage is the larger number of confounders that can be adjusted for in
the analysis compared to regression-based methods, because only the factor of interest and the
propensity score are used in the final outcome model.
In Section 3.1 and 3.2 we pointed at another, frequently overlooked advantage of propensity
scores when dealing with a dichotomous outcome. With such data it is common to use logistic
regression (or Cox proportional hazards regression with survival data) and express treatment
effects as odds ratios (or hazard ratios). The important advantage of propensity scores is that
the treatment effect estimator is closer to the true average treatment effect than in logistic or
Cox proportional hazards regression. The reason is that in a multivariable logistic regression or
Cox proportional hazards regression analysis the effect of treatment, averaged over for instance
men and women, is not equal to the treatment effect for the whole population, even when the
proportion of men is similar in both treatment groups. The difference is systematic and can
lead to a serious overestimation of the average treatment effect, especially when the number of
prognostic factors is more than 5, the treatment effect is larger than an odds ratio of 1.25 (or
smaller than 0.8) or the incidence proportion is between 0.05 and 0.95.
The most important advantage of instrumental variable methods is that it adjusts for all possible confounders, whether observed or not. In fact, this is a similar objective as in randomized
experiments, but is in observational studies rather ambitious. In situations where little information on confounding factors is available, instrumental variables might be considered. The price
to pay are the strong assumptions for an instrumental variable to be valid, which means that 1.
the instrumental variable should have no direct causal effect on the outcome, 2. its categories
are similar with respect to other characteristics of individuals (for instance by randomization),
and 3. there exists a relationship between the instrumental variable and the original treatment
variable that should not be weak. While it is difficult to test whether the two first assumptions
are fulfilled, the third assumption implies also that a strong instrument is wanted. In Section
3.3 we showed that in cases of strong confounding (for instance confounding by indication), a
strong valid instrumental variable can not be found because of its inherently strong relationship
with the confounders. One should either rely on a weak instrument or one is likely to violate
the first assumption. This limitation is inherent to this method.

I MPROVEMENT OF PROPENSITY SCORE METHODS
In applying the method of propensity scores (Section 4.1) we recognized that in the methodological literature and in applications the step of creating and checking the balance between
treatment groups has not been given much attention. Often no effort has been made to improve
a certain propensity score model in order to reach a better balance on prognostic factors and
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consequently a better estimate of the treatment effect. Therefore, we focused in Chapter 5 on
the similarity or balance on confounders between treatment groups. In Section 5.1 and 5.2 we
introduced different ways to measure the amount of balance in propensity score methods to
inform the reader about the quality of the model and to help the researcher to choose among a
number of possible propensity score models. One of these measures is the overlapping coefficient, which suits the objective of propensity scores: it directly measures the overlap in two
distributions and that is exactly what this method tries to achieve. The better the overlap of
covariate distributions within strata of the propensity score, the better the balance on those distributions. When compared to a reference distribution of expected values of the overlapping
coefficient, we showed that this measure can be used to assess whether sufficient balance on
covariates has been reached by propensity score modelling. In simulation studies we showed
that there exists an inverse relationship between the weighted average overlapping coefficient
(the balance) and the bias that remains after adjustment. For larger data sets this relationship
is stronger than for other commonly used methods to check the balance. Compared to simple
propensity score models a better reduction of the mean squared error can be reached when the
overlapping coefficient is used to improve the propensity score model. We also studied some
alternative ways of measuring balance (Section 5.2), i.e. the Kolmogorov-Smirnov distance
and the Lévy metric, of which the first has, in the chosen setting, similar characteristics as the
overlapping coefficient.

I MPLICATIONS AND FUTURE RESEARCH
This work is relevant to researchers in medical sciences and many other disciplines who face
the problem of confounding. We showed the advantages, limitations and applications of two
alternative methods to support researchers who want to apply these methods. For the method
of instrumental variables we focused on the strength of the correlation between the instrumental variable and treatment: this correlation ought to be strong, but has a maximum which can
be a problem for using this method in case of strong confounding. For propensity scores we
pointed at a general overlooked advantage of the method compared to logistic regression analysis and Cox proportional hazards regression: it gives in general treatment effect estimates that
are closer to the true average treatment effect.
In this thesis there are several leads for future research. One intriguing question is the effect
of the simulation procedure on the results. In Section 3.2 and 5.1 a method was used in which
the average marginal effect was known in advance and where weights were used to create confounding. In Section 5.2 the average marginal effect was calculated using the a model-based
procedure described by Austin.23 More research is needed to compare both simulation procedures in order to assess its influence on the results.
A limitation of our work is that we mainly used stratification on the propensity score although
also matching, covariate adjustment or inverse probability weighting are also possible ways
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to use the propensity score. This choice was partly based on the literature and on the study
in Section 4.1, but there are still no convincing and conclusive research results that indicate
which method is to be preferred. Conceptually stratification or matching is preferred, but more
research is needed to investigate the situations in which these methods are favored.
Another limitation is the fixed number of five strata that were mostly used in this thesis
for stratification on the propensity score. In Section 4.1 also 7 and 10 strata were explored,
but the information is still insufficient for general remarks on the use of the number of strata.
Obviously, the number of strata should be dependent on the number of observations, but guidelines are not available for determining the optimal number of strata. In Chapter 3 and 5 we
conformed ourselves to the convention of using five strata.
In our work we recognized another ‘problem’ when propensity score methods are evaluated with simulated data. This is the situation in which there are no or only a few treated or
untreated subjects in one of the strata. Such situations are difficult to handle in simulation studies because then results apply only to a subgroup of the original population. Comparison with
another method that estimates a treatment effect for the whole population, will be difficult. In
real data sets those situations are common when strong confounding is present and more research is needed to provide guidelines in case strata are ‘empty’ for one the groups.
In Sections 5.1 and 5.2 we mainly concentrated on continuous covariates, although the
overlapping coefficient also can be calculated for dichotomous covariates. How the overlapping coefficient will behave in case of a mixture of continuous and dichotomous covariates,
could be subject for further research.
For the method of instrumental variables we recognized that application in survival analysis is scarce (Section 4.2). We concentrated on differences in survival probabilities and did
not estimate the more common hazard ratio using instrumental variables. More research and
more medical research examples are needed concerning instrumental variables in general and
the use with survival analysis in particular.
Except for Section 2.1 in which many methods are reviewed, we only focused on propensity
scores and instrumental variables as methods to adjust for confounding. The most important
reasons for this choice are that these methods are increasingly used in the medical literature in
the last decade and that there are several questions to be answered when applying these methods. This choice does not mean that other possible methods are not interesting or not applicable. We mention for example sensitivity analyses, propensity score calibration, G-estimation,
propensity score methods when treatment is time dependent and the application of propensity
score methods in case-control studies.
Another subject that is not covered by this thesis is a simulation study in which methods of
propensity scores and instrumental variables are compared. This is an interesting challenge for
future research, although practical situations in which both methods are applicable are limited.
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C ONCLUSION
In conclusion, propensity scores to adjust for confounding have several advantages compared
to conventional regression-based techniques. One of these is that the estimated treatment effect
is closer to the true average treatment effect, mainly when there are numerous confounders, the
treatment effect is substantial and incidence proportions are not too low. Therefore, this method
should be considered more often when adjustment for confounding is needed. When propensity scores are considered, more attention should be given to the building of the propensity
score model, based on a measure of balance such as the overlapping coefficient. For instrumental variables, researchers should be more aware of the possibility of using this method to
adjust for confounding, while awareness of its limitations is equally important. Future research
should be directed to further assess in different situations how propensity scores perform and to
formulate concrete recommendations on when and how to apply this method. With respect to
instrumental variables, it would be helpful when good examples of applications come available
as researchers realize that randomization could be used in non-randomized settings. Also simulation studies that show the valid treatment effect estimates that can be reached, are important
for future development and application of this method.
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I NTRODUCTION
A study in which the subjects are randomly assigned to the factor of interest, for instance a
certain drug treatment, is called a randomized controlled trial and is generally accepted as the
best way to assess the effect of such treatment. Studies that lack such random assignment but
also aim at estimating the effect of a treatment (or exposure) are called observational studies.
The evidence in assessing treatment effects from observational studies will be in general less
convincing than from well conducted randomized experiments because prognostic factors are
in general not equally distributed across treatment groups. Despite this deficit, observational
studies can certainly be valuable for assessing the effect of treatments, for instance the longterm effects of drugs already proven effective in short-term randomized studies or the effects
for patients that were excluded from randomized studies. Therefore, the focus of observational studies should lie on the adjustment of the treatment effect for the disturbing influence
of confounding factors. There are different methods available that seek to adjust for such confounding.

A N OVERVIEW OF METHODS
As is discussed in Chapter 2, these methods consist mainly of methods that concentrate on the
design of the study and analytical methods that estimate an adjusted treatment effect. Restriction to a certain subpopulation and specific designs like case-crossover and case-time-control
designs are examples of adjustment methods in the design phase of the research. Traditional
analytical methods include firstly standard methods like stratification and matching, but also
multivariable statistical methods such as (logistic) regression and Cox proportional hazards
regression. In these methods, measured covariates are added to a model with ‘treatment’ as
explaining factor, in order to estimate a treatment effect that is adjusted for the confounding
influence of the added covariates. That means that no specific effort has been made to directly
correct the inequalities of covariate distributions between treatment groups. A method that
do focus on the balance of covariates between treatment groups, is the method of propensity
scores. First, a propensity score model is created to estimate the conditional probability of
being treated given the covariates. In the second step an adjusted treatment effect is estimated,
using the propensity score as matching variable, as stratification variable, as continuous covariate or inverse probability weight.
In all these techniques, an important limitation is that adjustment can only be achieved
for measured covariates, so that no correction takes place for other possibly important, unmeasured covariates. A method not limited by these shortcomings is a technique known as
instrumental variables. In this approach, the focus is on finding a variable (the instrument) that
is related to treatment, and is related to outcome only because of its relation to treatment. This
technique can achieve the same effect as randomization in bypassing the usual way in which
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physicians allocate treatment according to prognosis, but its rather strong assumptions limit
its use in practice. Related techniques are two-stage least squares and the grouped-treatment
approach, sharing the same limitations.
Except for this general overview of methods this thesis is limited to the methods of propensity scores and instrumental variables. We discussed strengths and limitations, special applications and improvements of propensity score methods.

S TRENGTHS AND LIMITATIONS OF ADJUSTMENT METHODS
I MPORTANT

ADVANTAGE OF PROPENSITY SCORES

In Section 3.1 and Section 3.2 of Chapter 3 we compared the use of logistic regression analysis and propensity score methods. In medical research both methods are applied to estimate an adjusted treatment effect from observational studies. Although in the literature the
effect estimates of both methods are classified as ‘similar’ and ‘not substantially different’, we
stressed that differences are systematic and can be substantial. With respect to the objective
to adjust for the imbalance of covariate distributions between treatment groups, we illustrated
that the estimate of propensity score methods is in general closer to the true treatment effect
of interest than the estimate of logistic regression analysis. The advantage can be substantial,
especially when the number of prognostic factors is more than 5, the treatment effect is larger
than an odds ratio of 1.25 (or smaller than 0.8) or the incidence proportion is between 0.05
and 0.95. This implies that there is an advantage of propensity score methods over logistic
regression models that is frequently overlooked by analysts in the literature.
This overestimation of treatment effects in logistic regression analysis is due to the use
of the odds ratio as measure for treatment effect. The same is true for the hazard ratio, used
in for instance Cox proportional hazards regression, but do not apply to other less frequently
used effect measures like the risk difference. The advantage of propensity scores is that the
odds ratio can still be used, but that the overestimation of the true average treatment effect is
smaller, independent of whether stratification, matching or covariate adjustment is used. This
advantage will disappear when propensity score methods are combined with further adjustment
for confounding by entering some or all covariates separately in the model.
We conclude that propensity scores are in general better suited to estimate an average treatment effect than logistic regression analysis (by means of the odds ratio) and Cox proportional
hazards regression (by means of the hazard ratio).

L IMITATION

OF INSTRUMENTAL VARIABLES

In Section 3.3 we focused on the method of instrumental variables for its ability to adjust for
confounding in non-randomized studies. An important strength of this method is its potential ability to adjust for all confounders, whether observed or not. Its weakness lies in the
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main assumption, which states that the instrumental variable should influence the outcome neither directly, nor indirectly by its relationship with other variables than the treatment variable.
Whether this assumption is valid can be argued only theoretically, and cannot be tested empirically.
We further focused on the correlation between the instrumental variable and the treatment
(or exposure). When this correlation is very small, this method will lead to an increased standard error of the estimate, a considerable bias when sample size is small and a bias even in large
samples when the main assumption is only slightly violated. Furthermore, we demonstrated
the existence of an upper bound on the correlation between the instrumental variable and the
exposure. This upper bound is not a practical limitation when confounding is small or moderate because the maximum strength of the instrumental variable is still very high. When, on the
other hand, considerable confounding by indication exists, the maximum correlation between
any potential instrumental variable and the exposure will be quite low, resulting possibly in a
fairly weak instrument in order to fulfill the main assumption. Because of a trade-off between
violation of this main assumption and the strength of the instrumental variable, the presence
of considerable confounding and a strong instrument will probably indicate a violation of the
main assumption and thus a biased estimate.
We conclude that the method of instrumental variables can be useful in case of moderate
confounding, but is less useful when strong confounding (by indication) exists, because strong
instruments can not be found and assumptions will be easily violated.

A PPLICATION OF ADJUSTMENT METHODS
Propensity score methods and to a lesser extent methods that use an instrumental variable, are
increasingly applied in the medical literature. In Chapter 4 we applied both adjustment methods
on survival data.

P ROPENSITY

SCORES AND SURVIVAL DATA

In Section 4.1 we showed the application of propensity score methods in a study on the effect
of treating hypertension for prevention of stroke. We also compared three propensity score
methods for their ability to adjust for confounding and compared the results with the traditional
Cox proportional hazards regression. The number of events in our data set was low, which gives
an advantage to propensity score methods for its ability to handle more covariates.
From literature reviews it is known that in most propensity score applications covariate
adjustment is used (which is not recommended), the selection of the propensity score model
is routinely performed by entering all covariates and attention for and reporting of the attained
balance are in general insufficient. We showed some methods to check and report the balance,
but recognized that there is no uniform method that is used in practice. Finally we included a
non-confounder and concluded that the treatment effect was less sensitive for stratifying on the
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propensity score than for Cox proportional hazards regression. This confirms the results found
in Section 3.2.
We conclude that application of propensity score methods is worthwhile when survival data
are involved, but more attention should be given to the model building and balance checking
phases.

I NSTRUMENTAL

VARIABLES AND SURVIVAL DATA

Although the application of instrumental variable methods finds its way into medical literature
as an adjustment method for unobserved confounding in observational studies and in randomized studies with all-or-none compliance, it is hardly applied in case of censored survival data.
In Section 4.2 we applied this method by using the difference in survival probabilities as the
treatment effect of interest. We used a data set in which the survival times are compared between patients with type-1 diabetes that had a kidney transplantation alone with those who had
a combined kidney-pancreas transplantation. A direct comparison of these treatment methods,
as has been given by the as-treated estimate, can be considered as clearly biased because of
selection processes. The initially reported intention-to-treat estimate rather compares treatment policies between hospitals and is substantially smaller than when instrumental variables
is used. This indicates that the intention-to-treat effect dilutes the differences between both
treatment methods. The standard errors with the method of instrumental variables were also
larger.
As is inherent to instrumental variable methods the effect estimate is quite sensitive to the
underlying assumptions. An additional weakness of instrumental variables application with
survival data is the number of events, which can be quite low when rare events are studied. Furthermore, when time passes, the estimation of the survival curve will be less reliable because
the risk set is reduced, which is an even larger problem when an instrumental variable is used.
We conclude that instrumental variable methods can be considered when survival data are
involved, but its application involves considerable attention to its main assumptions. Standard
errors of the estimates should be reported, mainly when the number of events is low, and can
be quite high at the end of the survival curve.

I MPROVEMENT OF PROPENSITY SCORE METHODS
As was apparent from literature reviews and from the application of the method in Section
4.1, there is need for information how to apply propensity score methods, mainly when it
concerns the building of the propensity score model and the check for balance on covariates.
In Chapter 5 we focused on measures for balance in order to have a uniform measure for
balance for reporting purposes and to be able to select objectively the propensity score model
that balances covariates between treatment groups.
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T HE OVERLAPPING COEFFICIENT
In Section 5.1 we proposed the use of the overlapping coefficient, an existing measure for the
overlap between two distributions. This measure can be used within strata of the propensity
score to indicate the balance that has been reached on covariates by applying a propensity score
model. The measure can be compared with an expected value to have an idea about the quality
of the correction by means of the propensity score. This information is of crucial importance in
order to interpret the reported adjusted treatment effect. Often only statements like “the treatment effect has been adjusted for x1 , x2 , x3 , ...” can be found in the literature and information
on the extent of adjustment is missing. This measure can also be a help for model selection, because we showed its inverse association with bias in a simulation study. The weighted average
overlapping coefficient calculated on the set of available covariates show strongest association
with bias for larger data sets. For smaller data sets the p-values from significance tests and the
c-statistic have higher predictive power for the bias than the overlapping coefficient.
We conclude that the use of the overlapping coefficient can be useful in propensity score
methods. For smaller sample sizes the method does not seem to work well because of the
difficulties in estimating the densities and therefore the overlap.

M ORE MEASURES FOR BALANCE
A direct quantification of the amount of balance in propensity score methods is an attractive
property of the overlapping coefficient. In Section 5.2 we also looked for some other measures
that could possibly be used as measures for balance and to indicate the importance of the stage
of creating the propensity score model. In a simulation study (which had a different setup than
in Section 5.1) we compared the overlapping coefficient with the Kolmogorov-Smirnov distance
and the Lévy metric. For all three measures we showed an inverse association with bias, which
was strongest for the weighted average overlapping coefficient. In general this association was
stronger for larger than for smaller samples. For the overlapping coefficient de correlation was
R = −0.06 for n=400 and R = −0.63 for n = 2, 000. Selecting the propensity score model
with the overlapping coefficient seems to be most effective, because the mean squared error
for this method was in general smallest (ranging from 0.031 to 0.197). The differences with
the Kolmogorov-Smirnov distance and the Lévy metric were only minor. A propensity score
model that contained all covariates had a considerable larger mean squared error, while the
propensity score model that contained all true, but usually unknown, confounding factors had
somewhat larger mean squared error.
We conclude that the use of the presented measures be useful in propensity score methods.
We prefer the overlapping coefficient because of its easy interpretation and the slightly smaller
mean squared error when estimating a treatment effect. Although estimation of the overlapping coefficient is more difficult for smaller sample sizes, the choice of model by using the
overlapping coefficient will give better results than when simply all covariates are used in the
propensity score model (in practice often seen).
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In conclusion, propensity scores to adjust for confounding have several advantages compared
to conventional regression-based techniques. An important advantage is that propensity score
methods give treatment effects that are in general closer to the true average treatment effect
than logistic or Cox proportional hazards regression analysis. Therefore, this method should
be considered more often when adjustment for confounding is needed. Thereby, more attention
should be paid to the way how the propensity score model is built and to measuring and reporting the amount of balance on covariates, for instance by using the overlapping coefficient.
The method of instrumental variables is much less common in epidemiological research. It
should attract more the attention of researchers for its ability to completely adjust for confounding. At the same time its limitations will prevent a general application of the method. Good
examples of instrumental variables applications in the medical literature will help to show its
merits.
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I NLEIDING
Als je geı̈nteresseerd bent in de vraag welke van twee behandelingen of geneesmiddelen het
beste werkt, zijn er grofweg twee manieren om dat te onderzoeken: experimenteel en observationeel. Bij een experiment heeft de onderzoeker controle over wie welke behandeling krijgt.
Vaak zal de onderzoeker dat door het toeval laten bepalen (randomiseren), zodat er gemiddeld
genomen geen andere factoren van invloed zijn op de relatie tussen behandeling en uitkomst.
Dit houdt in dat de behandelingsgroepen gemiddeld genomen ’gelijk’ zijn en dus een directe
relatie kan worden gelegd tussen behandeling en uitkomst. Deze manier van onderzoek is over
het algemeen geaccepteerd als de beste methode om het effect van een behandeling of geneesmiddel vast te stellen.
Bij een observationele studie heeft de onderzoeker geen invloed op het toewijzen van behandelingen aan de personen in het onderzoek. Het directe gevolg hiervan is dat de behandelingsgroepen niet alleen ’behandeling’ als verschil hebben, maar ook op andere kenmerken
zullen verschillen. Hierdoor is het veel lastiger om het directe effect van de behandeling te
bepalen, met name als deze kenmerken ook invloed hebben op de uitkomst (prognostische factoren). Bijvoorbeeld: behandeling A wordt vaker aan jongeren gegeven en behandeling B wat
vaker aan ouderen. Als blijkt dat behandeling A over het geheel beter werkt, hoeft dat niet
alleen aan de behandeling te liggen, maar kan dat ook komen doordat jongeren over het algemeen gezonder zijn dan ouderen. In zo’n geval is het effect van de behandeling op de uitkomst
verstrengeld of verward met het effect van leeftijd op de uitkomst. De Engelse term hiervoor
is confounding.
Ondanks de verstrengeling of verwarring met mogelijke andere factoren, kunnen observationele studies van grote waarde zijn om het effect van een behandeling te schatten, zeker
als experimentele studies niet mogelijk zijn. Dit is bijvoorbeeld bij de lange-termijneffecten
van medicijnen of bij patiënten die bij de experimentele studies zijn uitgesloten van deelname.
Als observationele studies inderdaad gebruikt worden om het effect van een behandeling te
schatten, zal de belangrijkste aandacht moeten uitgaan naar het ontwarren van behandelingseffect en effecten van verstorende factoren. Hiervoor zijn verschillende correctie- of ontwarringsmethoden beschikbaar die in Hoofdstuk 2 zijn besproken. Twee daarvan zijn in de andere
hoofdstukken nader aan de orde geweest.

E EN OVERZICHT VAN CORRECTIEMETHODEN
Deze correctiemethoden kunnen in twee groepen worden verdeeld: methoden waarbij voorafgaand aan de studie wordt gecorrigeerd en methoden die corrigeren nadat de data is verzameld.
Restrictie en specifieke onderzoeksdesigns zoals case-crossover en case-time-control designs
zijn voorbeelden van correctiemethoden voorafgaand aan de studie. Tot de traditionele (analytische) methoden die achteraf corrigeren behoren naast standaardmethoden als stratificatie
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en matching, ook de multivariabele statistische methoden logistische regressie en Cox proportional hazards regressie. Bij deze methoden worden geobserveerde variabelen toegevoegd aan
een model met alleen behandeling als verklarende factor, met als doel het geschatte behandelingseffect te corrigeren voor de verstorende invloed van de toegevoegde variabelen (covariaten). Dit betekent dat hierbij geen speciale aandacht wordt besteed aan de ongelijke verdelingen van covariaten tussen behandelingsgroepen. Een methode die zich wel richt op de balans
in covariaten tussen behandelingsgroepen is de methode van propensity scores. Eerst wordt een
propensity score model gemaakt om de conditionele kans te schatten dat een individu tot de
behandelde groep behoort (t.o.v. onbehandelde groep), gegeven een set covariaten. Vervolgens
wordt dan een gecorrigeerd behandelingseffect geschat waarbij de propensity score wordt gebruikt als matchingvariabele, stratificatievariabele, covariaat of als gewicht (inverse probability
weight).
Bij al deze methoden is een belangrijke beperking dat correctie alleen plaatsvindt voor variabelen die ook daadwerkelijk zijn gemeten en dat voor andere belangrijke ongemeten covariaten niet kan worden gecorrigeerd. Een methode die deze beperking niet kent, is de methode
van instrumentele variabelen. Bij deze methode ligt het accent op het vinden van een variabele
(het instrument) die samenhangt met de variabele ‘behandeling’ en die alleen aan de uitkomstvariabele gerelateerd is via de samenhang met ‘behandeling’. Deze methode kan hetzelfde
effect bereiken als het randomiseren in een experiment, maar de sterke aannames beperken het
gebruik in de praktijk. Gerelateerde methoden met een soortgelijke beperking zijn two-stage
least squares and grouped-treatment approach.
In de rest van de hoofdstukken hebben we ons beperkt tot de methoden van propensity
scores en instrumentele variabelen. Hiervan hebben we de sterke en zwakke punten en speciale toepassingen besproken en hebben een balansmaat voorgesteld bij gebruik van propensity
score methoden.

S TERKE EN ZWAKKE PUNTEN VAN CORRECTIEMETHODEN
B ELANGRIJK

VOORDEEL VAN PROPENSITY SCORES

In Paragraaf 3.1 en Paragraaf 3.2 van Hoofdstuk 3 is het gebruik van logistische regressieanalyse vergeleken met propensity score methoden. In medisch onderzoek worden beide methoden toegepast om een gecorrigeerd behandelingseffect te schatten in observationele studies.
Hoewel de effectschattingen van beide methoden in de literatuur als ‘vergelijkbaar’ en ‘niet
echt verschillend’ worden bestempeld, is in deze paragrafen aangetoond dat de verschillen systematisch zijn en wel substantieel verschillend kunnen zijn. Met betrekking tot het doel om
voor ongelijkheid in de verdelingen van covariaten te corrigeren, is laten zien dat het geschatte
behandelingseffect bij propensity score methoden over het algemeen dichter bij het werkelijke
te schatten effect ligt dan bij logistische regressie-analyse. Het verschil kan groot zijn, vooral
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als het aantal prognostische factoren groter is dan 5, het behandelingseffect groter is dan een
odds ratio van 1.25 (of kleiner dan 0.8) of als de incidentie groter is dan 5%. Dit betekent dat er
een voordeel is van propensity score methoden vergeleken met logistische regressiemodellen,
hetgeen door onderzoekers en in de literatuur vaak over het hoofd wordt gezien.
Deze overschatting van het behandelingseffect in logistische regressie-analyse komt door
het gebruik van de odds ratio als effectmaat. Hetzelfde geldt voor de hazard ratio zoals deze
bijvoorbeeld gebruikt wordt in Cox proportional hazards regresie; het geldt niet voor minder
vaak gebruikte effectmaten zoals het risicoverschil. Het voordeel van propensity score methoden is dus dat de odds ratio kan worden gebruikt zonder dat daarbij het werkelijke gemiddelde
behandelingseffect ernstig wordt overschat, zoals bij logistische regressie het geval kan zijn.
Deze bevinding is onafhankelijk van de manier waarop de propensity score wordt gebruikt
(voor stratificatie, voor matching of als covariaat). Dit voordeel verdwijnt echter als naast correctie via de propensity score ook nog extra gecorrigeerd wordt door covariaten apart in het
uitkomstmodel op te nemen.
We concluderen dat de methode van propensity scores over het algemeen beter geschikt
is om een gemiddeld behandelingseffect te schatten dan logistische regressie-analyse en Cox
proportional hazards regressie.

B EPERKING VAN DE METHODE

VAN INSTRUMENTELE VARIABELEN

In Paragraaf 3.3 is gekeken naar de mogelijkheden om via de methode van instrumentele variabelen te corrigeren voor vertekening in niet-gerandomiseerde studies. Het sterke punt van
deze methode is de potentie om voor alle verstorende invloeden te corrigeren, zowel geobserveerde als niet-geobserveerde. Het zwakke punt van deze methode ligt in de belangrijkste
voorwaarde die er op neerkomt dat de instrumentele variabele geen directe invloed mag hebben
op de uitkomstvariabele, en ook geen indirecte invloed via de relatie met andere variabelen behalve behandeling. Of aan deze voorwaarde is voldaan kan in de praktijk alleen theoretisch
worden beoordeeld en kan niet empirisch getest worden.
Verder is ingegaan op de correlatie tussen de instrumentele variabele en behandeling (of
blootstelling). Als deze correlatie erg klein is, zal de methode niet alleen tot een grote standaardfout van de effectschatting leiden, maar ook tot een aanzienlijke onzuiverheid van de
schatter bij kleine steekproeven; ook bij grote steekproeven zal een dergelijke onzuiverheid
optreden als niet volledig aan de belangrijkste voorwaarde is voldaan.
Daarnaast is een bovengrens aangetoond van de correlatie tussen de instrumentele variabele
en de behandeling (of blootstelling). Deze bovengrens is echter geen praktische belemmering
als er geringe of matige vertekening bestaat, omdat deze bovengrens behoorlijk hoog ligt. Als
de mate van vertekening wel groot is, bijvoorbeeld in geval van vertekening door indicatie, dan
zal de maximale correlatie tussen de potentiële instrumentele variabele en de behandeling erg
laag zijn, hetgeen resulteert in een erg zwakke instrumentele variabele. Omdat er een wisselwerking is tussen het voldoen aan de voorwaarde en de sterkte van de instrumentele variabele,
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zal het bestaan van sterke vertekening naast een sterk instrument zeer waarschijnlijk leiden
tot schending van deze veronderstelling en een onzuivere schatting van het behandelingseffect
geven.
We concluderen dat de methode van instrumentele variabelen bruikbaar kan zijn bij matige
vertekening, maar dat deze methode minder bruikbaar is bij sterke vertekening (bijv. door indicatie) omdat sterke instrumenten niet gevonden kunnen worden en voorwaarden gemakkelijk
worden geschonden.

T OEPASSING VAN CORRECTIEMETHODEN
Propensity score methoden en in mindere mate instrumentele variabele methoden, worden in
toenemende mate toegepast in de medische literatuur. In Hoofdstuk 4 zijn beide methoden
toegepast op overlevingsdata.

P ROPENSITY

SCORES EN OVERLEVINGSDATA

In Paragraaf 4.1 is de methode van propensity scores toegepast op een studie naar het effect
van het behandelen van hypertensie voor het voorkomen van een hersenberoerte. Wat betreft
de mogelijkheid om voor vertekening te corrigeren, zijn drie propensity score methoden met
elkaar vergeleken en vergeleken met de traditionele Cox proportional hazards regressie. Het
aantal personen met een hersenberoerte in onze dataset was gering hetgeen een voordeel is voor
propensity score methoden omdat dan meer covariaten kunnen worden opgenomen in vergelijking met standaard regressiemethoden.
Uit de literatuur is bekend dat bij de meeste propensity score toepassingen de propensity
score als covariaat wordt gebruikt (is niet aanbevolen), dat de selectie van het propensity score
model routinematig wordt gedaan door alle covariaten in het model te stoppen en dat aandacht
voor en het rapporteren van de bereikte balans over het algemeen onvoldoende is. We hebben
enkele methoden laten zien om inzicht te krijgen in de balans en om deze te rapporteren. Het
blijkt dat er geen uniforme manier is om dat te doen in de praktijk. Tot slot hebben we een
variabele toegevoegd die niet met de behandeling samenhangt waaruit geconcludeerd kan worden dat het geschatte behandelingseffect kleiner is bij stratificatie op de propensity score dan
bij Cox proportional hazards regressie. Dit bevestigt de resultaten in Paragraaf 3.2.
We kunnen concluderen dat propensity score methoden bruikbaar zijn in combinatie met
overlevingsdata, maar dat er meer aandacht moet zijn voor het maken van het propensity score
model en voor het checken en rapporteren van de balans.

I NSTRUMENTELE VARIABELEN EN OVERLEVINGSDATA
Hoewel toepassingen van instrumentele variabelen langzaamaan wat vaker in de medische literatuur verschijnen als methoden om voor vertekening te corrigeren, wordt deze methode
nauwelijks toegepast bij gecensureerde overlevingsdata. In Paragraaf 4.2 is deze methode
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toegepast met als behandelingseffect het verschil in overlevingskansen. Hiervoor hebben we
gegevens gebruikt van type-1 diabetespatiënten die zijn verzameld om het verschil in overleving te bepalen tussen patiënten die alleen een niertransplantatie hebben ondergaan en patiënten
bij wie daarnaast ook een alvleesklier is getransplanteerd. Als deze twee groepen patiënten direct met elkaar zouden worden vergeleken (as-treated of zoals-behandeld), zal het werkelijke
verschil tussen beide behandelingen verkeerd worden geschat vanwege vertekening, ofwel omdat bij het bepalen van het type transplantatie selectieprocessen een rol spelen. Als daarentegen
de oorspronkelijk gerapporteerde methode gebruikt zou worden om het behandelingseffect te
schatten (intention-to-treat of zoals-bedoeld), dan worden in feite niet de behandelingen zelf
vergeleken maar het beleid van ziekenhuizen om in principe de ene dan wel de andere methode
te kiezen. Er is dan geen vertekening, maar het werkelijke verschil tussen de typen operaties
wordt onderschat. Een derde mogelijkheid is de methode van instrumentele variabelen. Hiermee wordt het werkelijke effect van het tegelijkertijd transplanteren van de alvleesklier geschat,
waarbij gecorrigeerd wordt voor vertekening. Het blijkt dan dat het effect veel groter is dan bij
de methode van intention-to-treat, zij het dat de onbetrouwbaarheid van de schatting ook groter
is.
Een nadeel van het gebruik van deze methode is de gevoeligheid van de effectschatting
voor de onderliggende veronderstellingen. Een ander nadeel is dat bij weinig waarnemingen of
bij een gering aantal gebeurtenissen de overlevingscurve die via de methode van instrumentele
variabelen is geschat onbetrouwbaarder is dan bij andere schattingsmethoden. Dit geldt dan
voornamelijk aan het einde van de curve, als er nog maar weinig personen tot de risicoset behoren.
We concluderen dat de methode van instrumentele variabelen ook gebruikt kan worden in
geval van overlevingsdata. Aandacht voor de voorwaarden die ten grondslag liggen aan deze
methode, is van groot belang. Standaardfouten van de schattingen moeten worden vermeld en
kunnen erg groot zijn aan het einde van de overlevingscurve, zeker als het aantal gebeurtenissen
gering is.

V ERBETERING VAN PROPENSITY SCORE METHODEN
Zoals uit de literatuur en uit de toepassing in Paragraaf 4.1 is gebleken, is er behoefte aan
informatie over hoe de methode van propensity scores precies moet worden toegepast, met
name als het gaat om het maken van het propensity score model en het checken van de balans.
In Hoofdstuk 5 zijn we nader ingegaan op balansmaten die kunnen helpen om uniformiteit te
creëren bij het rapporteren van de balans die is bereikt en die kunnen helpen bij het selecteren
van de variabelen voor het propensity score model om zo groot mogelijke gelijkheid op
covariaten tussen behandelingsgroepen te verkrijgen.
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D E OVERLAPPINGSCO ËFFICI ËNT
In Paragraaf 5.1 is voorgesteld om de overlappingscoëfficiënt te gebruiken bij propensity score
toepassingen. Dit is een bestaande maat om de overlap tussen twee verdelingen te schatten.
Als de propensity score in strata is verdeeld, kan met deze maat aangegeven worden hoe binnen deze strata de overlap is op de covariaten tussen beide behandelingsgroepen. Verder kan
deze maat vergeleken worden met een waarde die men zou kunnen verwachten in geval van
perfecte overlap in de populatie om zo de kwaliteit van de correctie voor vertekening te beoordelen. Deze informatie is van cruciaal belang om het gerapporteerde behandelingseffect
te kunnen interpreteren. Vaak genoeg wordt alleen vermeld dat er gecorrigeerd is voor een
set covariaten zonder daarbij te vermelden in welke mate dat ook daardwerkelijk gelukt is.
Deze overlappingscoëfficiënt kan ook gebruikt worden om uit de vele mogelijke modellen een
model te selecteren met een acceptabele balans; met een simulatiestudie hebben we namelijk
aangetoond dat er een relatie is tussen deze maat en de zuiverheid van de effectschatter. De
gewogen gemiddelde overlappingscoëfficiënt die berekend is op een set van beschikbare covariaten heeft de sterkste samenhang met de zuiverheid van de schatter in grotere datasets.
Voor kleinere datasets hebben andere maten zoals de p-waarden uit significantietesten of de
c-statistic een betere voorspellende kracht dan de overlappingscoëfficiënt.
We concluderen dat het gebruik van de overlappingscoëfficiënt nuttig kan zijn bij het toepassen van propensity score methoden. Bij kleinere steekproeven lijkt de methode minder goed
te werken omdat dan het schatten van de overlap moeilijker is.

M EER BALANSMATEN
Een prettige eigenschap van de overlappingscoëfficiënt is dat het een directe maat is voor de
overlap tussen twee verdelingen en daarmeee de balans in een propensity score toepassing.
In Paragraaf 5.2 hebben we ook naar andere maten gekeken om deze balans vast te stellen.
In een simulatiestudie (die anders is qua opzet dan in Paragraaf 5.1) hebben we de overlappingscoëfficiënt vergeleken met de Kolmogorov-Smirnov afstand en de Lévy metriek. Bij alle
drie was een relatie aantoonbaar met de zuiverheid van de schatter; deze was het sterkste voor
de gewogen overlappingscoëfficiënt en was sterker voor grotere steekproeven. Voor de overlappingscoëfficiënt was de samenhang R = −0.06 bij 400 waarnemingen en R = −0.63
bij 2000 waarnemingen. Een propensity score model selecteren met behulp van de overlappingscoëfficiënt lijkt het meest effectief te zijn, omdat de gemiddelde gekwadrateerde fout
voor deze methode over het algemeen het kleinst was (variërend van 0.031 tot 0.197). De verschillen met de twee andere balansmaten waren echter niet groot. Een standaard propensity
score model dat alle covariaten bevat, had een veel grotere gemiddelde gekwadrateerde fout.
Ook als het propensity score model gekozen wordt met alle werkelijke (en in de praktijk altijd
onbekende) verstorende factoren, dan was de gemiddelde gekwadrateerde fout groter.
We concluderen dat het gebruik van een van de gepresenteerde maten nuttig is bij het
toepassen van propensity score methoden. Voorkeur gaat uit naar de overlappingscoëfficiënt
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vanwege de directe interpretatie en de geringere gemiddelde gekwadrateerde fout bij het schatten van het behandelingseffect. Ondanks dat het schatten lastiger is bij kleinere steekproeven,
levert de modelkeuze via de overlappingscoëfficiënt betere resultaten op dan de in de praktijk
vaak gebruikte keuze voor het model met alle covariaten.

T OT SLOT
Propensity score methoden hebben verschillende voordelen ten opzichte van traditionele
regressiemethoden als het gaat om het corrigeren voor vertekening (confounding). Een
belangrijk voordeel is dat propensity score methoden behandelingseffecten geven die over het
algemeen dichter bij de werkelijke gemiddelde behandelingseffecten liggen dan logistische
of Cox proportional hazards regressie. Daarom zou deze methode vaker moeten worden
toegepast als het gaat om correctie voor vertekening. Daarbij komt wel dat er meer aandacht
voor het maken van het propensity score model moet zijn en voor het meten en rapporteren van
de bereikte balans op covariaten, bijvoorbeeld door het gebruik van de overlappingscoëfficiënt.
De methode van instrumentele variabelen wordt veel minder toegepast in epidemiologisch
onderzoek. Het zou wel meer aandacht verdienen omdat het een goede mogelijkheid is
om volledig voor vertekening te corrigeren. Tegelijkertijd zullen de beperkingen van deze
methode zeer algemeen gebruik ervan in de weg staan. Goede voorbeelden van toepassingen
in de medische literatuur zullen ertoe bijdragen dat de methode op juiste waarde wordt geschat.
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