
Journal of Clinical Epidemiology - (2016) -
ORIGINAL ARTICLE

Propensity score model overfitting led to inflated variance of estimated
odds ratios

Tibor Schustera,b,c,d,*, Wilfrid Kouokam Lowea,b,e, Robert W. Plattb,f
aCentre for Clinical Epidemiology, Lady Davis Institute for Medical Research, 3755 Chemin de la Côte-Sainte-Catherine, Montr�eal, Qu�ebec H3T 1E2,
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Abstract
Objective: Simulation studies suggest that the ratio of the number of events to the number of estimated parameters in a logistic regres-
sion model should be not less than 10 or 20 to 1 to achieve reliable effect estimates. Applications of propensity score approaches for con-
founding control in practice, however, do often not consider these recommendations.

Study Design and Setting: We conducted extensive Monte Carlo and plasmode simulation studies to investigate the impact of propen-
sity score model overfitting on the performance in estimating conditional and marginal odds ratios using different established propensity
score inference approaches. We assessed estimate accuracy and precision as well as associated type I error and type II error rates in testing
the null hypothesis of no exposure effect.

Results: For all inference approaches considered, our simulation study revealed considerably inflated standard errors of effect estimates
when using overfitted propensity score models. Overfitting did not considerably affect type I error rates for most inference approaches.
However, because of residual confounding, estimation performance and type I error probabilities were unsatisfactory when using propensity
score quintile adjustment.

Conclusion: Overfitting of propensity score models should be avoided to obtain reliable estimates of treatment or exposure effects in
individual studies. � 2016 Elsevier Inc. All rights reserved.
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1. Introduction

Observational studies are frequently used to estimate
treatment or exposure effects in settings where the assign-
ment of subjects into intervention or exposure groups is not
under control of the study investigator. A major shortcoming
of such studies is that treatment preference or the status of
exposure is often linked to individual characteristics that
are not independent of the outcome of interest. Therefore,
comparison groups may differ in their covariate distributions
in ways that will confound the results regarding estimated
treatment or exposure effects on the outcome.

Propensity scores can be used to aggregate information
about the predictive role of covariates on treatment assign-
ment or exposure status. Formally, the propensity score is
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What is new?

Key findings
� Overfitting of propensity score models leads to

inflation of the variance of effect estimates when
applying established conditional and marginal
inference methods that use propensity scores for
confounder adjustment.

What this adds to what was known?

� Consequently, estimate uncertainty obtained in an
individual study can annul alleged unbiasedness
due to confounding control if the number of
exposed or unexposed individuals per propensity
score predictor variable is low.

� Conventional propensity score quintile adjustment
is less effective in confounding control than condi-
tioning on propensity score spline functions or us-
ing inverse probability of treatment (exposure)
weighting.

What is the implication and what should change
now?

� We recommend that specification of propensity
score models should acknowledge widely accepted
guidelines for regression model building to avoid
overfitting.

� We discourage the use of propensity score quintile
adjustment in favor of modeling propensity score
spline functions or using inverse probability of
treatment (exposure) weighting.

the probability of receiving treatment (or experiencing a
certain exposure status) given individual covariate realiza-
tions [1]. There are different ways to use propensity scores
to address confounding such as matching based on the pro-
pensity score, stratification according to propensity score
intervals, ordinary propensity score adjustment in the
context of a multivariable binary logistic regression anal-
ysis, and performing weighted effect estimation (inverse
probability of treatment weighting) in the framework of
marginal structural models [2,3].

Because propensity score modeling is undertaken to
aggregate multivariate covariate information into a single
variable, propensity methods are particularly popular when
estimating treatment or exposure effects on rare outcomes
using data sets with a large number of potential confound-
ing variables. Binary logistic regression is the most com-
mon model used to estimate propensity scores. Previous
simulation studies have shown that the number of events
relative to the number of parameters in the logistic model
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should exceed a ratio between 10 or 20 to 1 to avoid in-
flated standard errors of the parameter estimates [4e6].
Further simulation-based investigations have demonstrated
that this rule may be relaxed in sensitivity analyses to
demonstrate adequate control of confounding [7].

Although there is an ongoing debate and controversy in
the literature about correct propensity score model specifica-
tion, only limited research has been undertaken yet to system-
atically investigate the role of overfitting logistic propensity
score models that are incorporated in different conditional
and marginal inference approaches [8e13]. Available simula-
tion studies on the number of variables included in the pro-
pensity score did not directly consider the ratio of number
of exposed or treated individuals to propensity score predictor
variables and were based on real data without knowledge of
the true effect of treatment on the outcome [14].

In fact, there is a wide-spread perception that the pro-
pensity score is meant to be only descriptive for the data
in hand but not to be generalizable to other data sets
[15]. We investigate within this article whether inaccurate
estimation of the propensity score due to model overfitting
leads to considerable bias or inflated variance of estimated
effect parameters.

The article is structured as follows: in Sections 2 and 3,
we describe the designs of comprehensive Monte Carlo and
plasmode simulation studies that investigate to which
extent overfitting of propensity score models leads to sys-
tematically and randomly erroneous effect estimates. In
Section 4, we report the resulting bias, root mean square er-
ror, as well as type I and type II error rates in testing the
null hypothesis of no treatment effect. Section 5 closes with
the discussion of the results and conclusions.
2. Monte Carlo simulation setup

2.1. General data scenario and inference methods to be
compared

We consider the scenario of a point-exposure study
investigating the effect of a binary treatment E on a dichot-
omous outcome Y. Within this study, a binary logistic
regression model (the propensity score model) is used to es-
timate every study individual’s probability of receiving
treatment given the realizations of a prespecified set of co-
variates X1;.;Xk. The respective propensity score is then
used in different ways to account for potential confounding
when estimating the conditional or marginal odds ratio as
effect parameter. In particular, we consider the following
effect estimation approaches within our study: (A) multi-
variable logistic regression for the binary outcome to esti-
mate the conditional treatment effect (log odds ratio)
under adjustment for the entire set of covariates, (B) multi-
variable logistic regression for the binary outcome to esti-
mate the treatment effect conditioning on binary variables
that indicate an individual’s membership to one of the
quintile-based partitions of the estimated propensity score
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distribution, (C) multivariable logistic regression for the bi-
nary outcome to estimate the conditional treatment effect
under adjustment for the estimated propensity score using
a cubic b-spline transformation, (D) inverse probability of
treatment weighting (IPW) without weight stabilization,
and (E) IPW using weight stabilization by rescaling the in-
dividual weights with the marginal prevalence of an indi-
vidual’s treatment realization [2].

The rationale to include propensity score spline func-
tions in our simulation studies was motivated by recent
methodological developments in the context of regression
modeling using continuous predictor variables such as pro-
pensity scores [16e18]. The authors conclude that PS
spline functions performed best due to their semiparametric
or nonparametric nature which reduces the problem of po-
tential misspecification of the covariate function form.

The use of quintile-based partitions of the propensity
score followed the approach for subclassification as imple-
mented in the original propensity score article [1].
2.2. Factorial design, assumed data distributions, and
parameter configurations

We used a full-factorial simulation setting that
incorporated the following data-generating parameters: the ra-
tio of the number of treated or exposed individuals to the num-
ber of covariates in the propensity score model
r ˛ f5; 10; 15; 20; 25; 30; 40; 50g, the number of vari-
ables included in the propensity score model
k ˛f10; 20; 50g, the marginal prevalence of treatment or
exposure PðE51Þ˛f0:125; 0:25; 0:5g, the marginal preva-
lence of the binary outcome PðY51Þ˛f0:125; 0:25; 0:5g,
and the assumed underlying treatment effects (odds ratios)
OR˛f1:0; 1:25; 1:5g. We note that the underlying treatment
effects are assumed tobe full conditional effects, that is, effects
that result after adjusting for the entire set of covariates
X1;.;Xk. This is important to emphasize because the chosen
effect measure (odds ratio) is not collapsible and may take
different values for different covariate adjustment sets even
in the absence of confounding [19].

Individual covariatevalues xi5ðxi1;.; xikÞT were sampled
from independent standard normal distributions. A binary lo-
gistic model was used to generate the individual probabilities
for receiving treatment PðE51jxiÞ5 expð�b0E � xTi bEÞ�1,
that is, the propensity score model. Subsequently, the
probabilities for the occurrence of the outcome
PðY51jxi;EÞ5 expð�b0Y � xTi bY � E$ln½OR�Þ�1 were
generated. The treatment status variable E and the binary
outcomevariableY were sampled fromBernoulli distributions
which used PðE51jxiÞ and PðY51jxi;EÞ as respective distri-
bution parameters.

The magnitudes of the model coefficients for the covari-
ates in both conditional probability models were set to be
uniform and proportional to the numbers of covariates in
the model. The proportionality constraint was specified to
ensure consistency in terms of the mean predicted values
of the different models. Let bE,j h bE and bY,j h bY denote
the model coefficients (log odds ratios) of the jth covariate
in the treatment model and the outcome model, respec-
tively. The coefficient values bE and bY were set to 0.5
for k 5 10 covariates, 0.25 for k 5 20 covariates, and 0.1
for k 5 50 covariates (bE5bY55=k).

The coefficients bE and bYultimately drive the magnitude
of confounding induced by a covariate. Irrespective of the
signs of the coefficients, larger absolute values of either
parameter will inevitably lead to an increased bias factor
associated with the respective covariate. However, if coeffi-
cient signs are allowed to vary, positive and negative bias
induced by two covariates could lead to a dilution or cancel-
lation of the marginal bias. With increasing number of cova-
riates, such dilutions or cancellations become more likely.
This can make the simulation of data sets with confounding
bias inefficient and cumbersome. Setting both coefficients
to equal values reduced the complexity of the simulation
design and allowed for a straightforward simulation of
desired bias magnitudes for the unadjusted effect estimate.

Because covariates were sampled independently from
standard normal distributions, the variance of the linear pre-
dictor of the respective propensity score model (the logit of
the propensity score) revealed to be s25k$b2E, specifically
2.5, 1.25 and 0.5 for k5 10, 20, and 50. The intercept param-
eters b0E and b0Yof the two logistic models were specified to
reflect the presumed prevalence of treatment and the outcome.
Therefore, the mean of the linear predictor for a propensity
score model was given by m5lnfPðE51Þ=½1� PðE51Þ�g,
specifically �1.95, �1.10, and 0 for the three desired preva-
lence conditions. The density curves for the nine resulting pro-
pensity score distributions are shown in Fig. 1. The chosen
parameterizations led to three different baseline bias scenarios
if no covariate adjustment would be considered: relative bias
magnitudes (bias factors on the odds ratio scale) of approxi-
mately 1.2, 1.5, and 2.
2.3. Simulation repetitions and results processing

Each data simulation scenario was repeatedly generated
1,000 times. For each of the generated data sets, the five
previously described estimation approaches (AeE) were
applied to retrieve the respective conditional or marginal
treatment effect estimates (log odds ratios).

Because the variety of considered treatment prevalence
and covariate settings would occasionally lead to conver-
gence problems in effect estimation, we excluded simulation
runs where at least one estimation approach would generate
an absolute log odds ratio estimate larger than jlnð100Þj. This
was done to avoid distortion of simulation results (i.e., mean
and variance estimates) by unrealistic extreme outliers.

To estimate the empirical bias, we calculated for each
single effect estimate the deviation to the true underlying
effect parameter value (on the log odds ratio scale) and
averaged this deviation over all simulation runs. In the
two inference settings which used inverse probability of



Fig. 1. Density functions of the nine propensity score distributions considered in the Monte Carlo simulation study. OR, odds ratio.
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treatment weighting (D and E), the true underlying mar-
ginal treatment effect was calculated based on two full con-
ditional (including all covariates X) models for the
outcome: one model in which the treatment indicator vari-
able was set to one for a large number of individuals
(n 5 100,000) and one model in which the treatment vari-
able was set to zero for the same number of individuals.
The underlying marginal odds ratio was subsequently
calculated as the ratio of the odds of the mean predicted
probabilities retrieved from these two models.

Additional to the empirical bias, we calculated empirical
standard errors as well as root mean square errors for the
different effect estimates. The estimated type I and type
II error probabilities were calculated based on the propor-
tion of rejections of the null hypothesis of no treatment ef-
fect using a two-sided level of significance of 0.05. Test
statistics for the marginal effect estimates (approaches D
and E) were computed using robust (‘‘sandwich’’) variance
estimates to account for the individual clustering induced
by the weighting.

All analyses were performed using R software (R
version 3.1.3 (2015-03-09)e‘‘Smooth Sidewalk’’) [20].

Simulation runs with nonconvergence warnings re-
ported by the software routine (glm function in R, positive
convergence tolerance set to a value of 1e�06, maximum
number of iterations set to 25) were substituted by conver-
gent runs which were sampled from the same data sce-
nario. Nonconvergence of effect estimates is a result of
either (quasi-)completely data separation or multicolli-
nearity and occurs under specific data configurations
[21,22].
3. Plasmode simulation study

Because simulation studies have limited capacity to
emulate real-world data sets with complex correlation and
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effect structures, we conducted a so-called plasmode simu-
lation study [23].

The plasmode approach resamples from an original data
set without affecting the correlation structure among cova-
riates. Based on the covariate matrix and originally esti-
mated regression coefficients, different prediction models
for exposure and outcome variables can be specified. These
prediction models are then used to generate new exposure
and outcome variables with desired characteristics such as
exposure or outcome prevalence and conditional exposure
effects on the outcome.

We used a publicly available data set on critically ill pa-
tients who whether or not received right heart catheteriza-
tion (rch) during the first 24 hours of care in an intensive
care unit [24]. The data set has been described before and
propensity score models were used in the original data anal-
ysis [25]. A total of 2,184 individuals (38%) received rch
(the exposure of interest) and 3,722 individuals (65%) died
within 30 days (binary outcome of interest). We estimated
the coefficients bE,j and bY,j from the data set using 49 pre-
specified variables (66 estimated parameters in the propen-
sity score model for rch). Modified propensity score models
were then used to generate new exposure variables with
different desired exposure prevalences. Alteration of expo-
sure prevalence was achieved by changing the intercept of
the propensity score model while keeping all other model
coefficients at their original value.

The observed covariates in conjunction with the origi-
nally estimated coefficients and the generated exposure var-
iable were then used as linear predictor in a logistic model
to simulate a new outcome variable. This approach allowed
for an investigation how propensity score overfitting can
affect effect estimates, and related standard errors in set-
tings were (1) covariates are likely not to be independent
and (2) magnitudes and signs of the coefficients bE,j and
bY,j vary.

We investigated the effect of propensity score overfitting
on effect estimates and standard errors by varying the ratio
of rch-treated to covariates from 1:1 to 50:1 with 100
repeated samples per setting.

We have provided detailed R code for the plasmode
simulation study as Supplementary Material/Appendix at
www.jclinepi.com.
4. Results

4.1. Simulation study results

4.1.1. Prevalence of extreme estimation inaccuracy
despite estimate convergence

The proportion of extreme log odds ratio estimates as
defined by jln ORjOlnð100Þ was less than 0.0004 over all
simulation runs. Such estimates occurred although simula-
tion runs with nonconvergence warnings reported by the
software routine were substituted by convergent runs. For
the purpose of sensitivity analysis, we considered two even
more conservative estimate thresholds lnð20Þ and lnð10Þ
for the exclusion of simulation runs. The results did not
measurably differ between the three choices of thresholds.
4.1.2. Estimation accuracy
The distributions of deviations of effect estimates from the

true parameter values, marginal over all simulation settings,
are displayed as boxplots in Fig. 2. The boxplot whiskers de-
pict the respective 0.025 and 0.975 distribution quantiles. The
x-axes represent the ratio (r) of the number of treated or
exposed individuals to the number of covariates in the propen-
sity score model. The panels show the results for the five
different underlying inference approaches (AeE).

The results of the inverse probability weighting ap-
proaches D and E were essentially the same: scaling of
the weights with a constant factor, the prevalence of treat-
ment or exposure received, had not impact on the effect
estimation. We therefore collapsed the results of the infer-
ence approaches D and E in this and the following repre-
sentations to one graph.

The relative bias over all unconditional simulation set-
tings averaged to a factor of 1.5 (bias factor on the odds ratio
scale). Marginally over the nine propensity score distribution
scenarios, all approaches except propensity score quintile
adjustment (approach B) were able to diminish this bias to
a negligible level even for low r values. Propensity score
quintile adjustment yielded an average residual bias of about
5%. The relative bias showed to be only slightly affected by
the true underlying effect size.

Across all estimation approaches, the accuracy in effect
estimation demonstrated to be strongly associated with the
number of treated or exposed individuals per variable
included in the propensity score model. For r values less
or equal to 10, the lower and upper 2.5% percentiles of rela-
tive deviations to the true effect parameter (odds ratio scale)
ranged from 1.75 to 3.5.

Adjustment for a cubic b-spline transformation of the
propensity score (approach C) demonstrated the best esti-
mation performance across all scenarios. For r values of
30 and above, all inference approaches except PS quintile
adjustment, performed similarly well.

A more detailed investigation of the relative accuracy in
effect estimation was performed by separating the results
according to the nine different underlying propensity score
distributions (Appendix Figs. 2AeC at www.jclinepi.com).
The relative performance of the inference approaches AeE
was comparable with the marginal results depicted in
Fig. 2. The prevalence of exposure and the variance of
the linear predictor of the propensity score showed a strong
impact on estimation performance. The inaccuracy in effect
estimation was maximal in settings with prevalence of
exposure closer to 0.5, high linear predictor variance, and
using a conventional multivariable regression model for
the outcome (approach A).

http://www.jclinepi.com/
http://www.jclinepi.com/


Fig. 2. Relative accuracy of estimated odds ratios, marginal over all data simulation configurations (n 5 1,000 repeated samples). The lower and
upper boxplot whiskers represent the 0.025 and 0.975 distribution quantiles. (A) Multivariable logistic regression for the binary outcome including
the binary treatment indicator variable and all confounding variables (correctly specified outcome model). (B) Logistic regression for the binary
outcome including the binary treatment indicator variable and conditioning on propensity score quintiles (correctly specified propensity score
model). (C) Logistic regression for the binary outcome including the binary treatment indicator variable and conditioning on cubic b-spline trans-
formation of the propensity score (correctly specified propensity score model). (D and E) Logistic regression for the binary outcome including the
binary treatment indicator variable and using (stabilized) inverse probability of treatment weights (correctly specified propensity score model).

6 T. Schuster et al. / Journal of Clinical Epidemiology - (2016) -
4.1.3. Empirical root mean square error
The empirically estimated marginal root mean square

errors (RMSEs) for all five effect estimation approaches
are displayed in the first row of Fig. 3. For large values
of r, all methods performed similarly with slightly worse
RMSE values yielded by approach B (propensity score
quintile adjustment). For small values of r, conventional
multivariable covariate adjustment showed the highest
average RMSE values followed by the two inverse proba-
bility weighting approaches (D and E). All marginal
RMSE curves showed a steep slope for the lower range
of r values (r � 20), notably attenuating to more
acceptable levels of estimate imprecision for r values of
30 and above.
Similar RMSE curve patterns were observed with each
of the nine propensity score distribution scenarios
(Appendix Figs. 3AeC at www.jclinepi.com). Naturally,
the average magnitude of the RMSE strongly depended
on the variance of the linear predictor of the propensity
score as well as on the prevalence of treatment. In partic-
ular, data scenarios with higher densities for propensity
score values close to 0.5 showed larger RMSE values and
also steeper slopes of the RMSE curves in dependence on
the r values.

We note that the RMSE is measured on the log odds ra-
tio scale. The exponential transformation of the RMSE,
however, can be directly converted to the relative inaccu-
racy (due to bias and variance) of an estimate to be

http://www.jclinepi.com/


Fig. 3. First row: empirical root mean square error in estimating log odds ratios, marginal over all data simulation configurations (n 5 1,000
repeated samples). Second row: empirical power functions for testing the null hypothesis of no treatment effect, marginal over all data simulation
configurations (n 5 1,000 repeated samples). Underlying treatment effects (odds ratios): 1 (black lines), 1.25 (blue lines), 1.5 (green lines). (A)
Multivariable logistic regression for the binary outcome including the binary treatment indicator variable and all confounding variables (correctly
specified outcome model). (B) Logistic regression for the binary outcome including the binary treatment indicator variable and conditioning on pro-
pensity score quintiles (correctly specified propensity score model). (C) Logistic regression for the binary outcome including the binary treatment
indicator variable and conditioning on cubic b-spline transformation of the propensity score (correctly specified propensity score model). (D and E)
Logistic regression for the binary outcome including the binary treatment indicator variable and using (stabilized) inverse probability of treatment
weights (correctly specified propensity score model). OR, odds ratio. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)
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expected in a single study of a given sample size. RMSE
values of 0.2 and 0.4, for example, translate to relative es-
timate uncertainty of 622% and 649% on the original
odds ratio scale.
4.1.4. Empirical type I and type II error probabilities
The second row in Fig. 3 displays the marginal empirical

type I error rates (black lines) and type II error rates
(colored lines) for the statistical tests of no treatment effect
retrieved from the five evaluated inference approaches. The
dashed red line indicates the desired 5% level of falsewise
rejections of the two-sided null hypothesis.

On average, over all considered data simulation sce-
narios, only propensity score quintile adjustment failed to
maintain the predefined type I error level. This finding is
not surprising considering the previously explored bias
magnitudes in effect estimation associated with this
approach. With increasing sample size for a given covariate
set in the propensity score, the standard error decreases so
that the residual bias is more likely to lead to a rejection of
the null hypothesis of no treatment effect. For this reason, a



Fig. 4. First row: mean log odds ratio based on plasmode simulation using real data on critically ill patients and the effect of right heart catheter-
ization on 30-day hospital mortality (n 5 100 repeated samples for each r value). Second row: mean standard errors for the log odds ratios. (A)
Multivariable logistic regression for the binary outcome including the binary treatment indicator variable and 49 prespecified covariates. (B) Lo-
gistic regression for the binary outcome including the binary treatment indicator variable and conditioning on propensity score quintiles. (C) Lo-
gistic regression for the binary outcome including the binary treatment indicator variable and conditioning on cubic b-spline transformation of
the propensity score. (D and E) Logistic regression for the binary outcome including the binary treatment indicator variable and using unstabi-
lized/stabilized inverse probability of treatment weights.
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slight increment of the empirical type I error probability
can be observed for larger r values.

In terms of statistical power, the inverse probability of
treatment weighting approaches (D and E) performed
slightly worse compared to the remaining inference proced-
ures. Conventional multivariable covariate adjustment
(approach A) and adjustment for a propensity score b-spline
approximation (approach C) performed equally well. The
apparently higher average power functions for the
propensity score quintile adjustment method were expected
because of inherent bias of this estimation procedure.

For the nine propensity score distribution scenarios,
similar discrepancies between the power functions of the
different estimation procedures resulted as compared to
the overall evaluation (Appendix Figs. 3DeF at www.
jclinepi.com). Notably, the relative frequency of false rejec-
tions of the null hypothesis of no treatment effect under
approach B was large (up to 20%) in settings with low

http://www.jclinepi.com/
http://www.jclinepi.com/


9T. Schuster et al. / Journal of Clinical Epidemiology - (2016) -
prevalent treatment and high variance of the linear predic-
tor of the propensity score.
4.2. Plasmode simulation study results

The estimated log odds ratios and standard errors from
the plasmode simulation study are displayed in Fig. 4.
The results are consistent with the results of the conven-
tional simulation study. The effect estimates were not
measurably affected by the ratio of exposed individuals to
covariates in the propensity score model. However, the
standard errors of the effect estimates were monotonously
decreasing with larger numbers of treated individuals per
covariate in the propensity score model. Effect estimates
based on propensity score quintile adjustment (panel B, up-
per graph) were comparable to the other propensity score
inference approaches. For very low r values, unstabilized
inverse probability weighting (panels D) led to extreme
average effect estimates. In general, both inverse probabil-
ity weighting approaches showed stronger relative ineffi-
ciency compared to the other methods than in the
conventional simulation settings.
5. Discussion

In this article, we presented extensive Monte Carlo and
plasmode simulation studies to assess the impact of overfit-
ting propensity score models in common inference ap-
proaches that use propensity scores for estimating
conditional or marginal odds ratios as treatment or expo-
sure effects on binary outcomes. The results of our simula-
tion study suggest that overfitting of propensity score
models can lead to inflated variance of effect estimates
and therefore to estimation inaccuracy in situations where
relatively many covariates are included in the propensity
score model. Our simulation results show that inverse prob-
ability of treatment approaches can be particularly sensitive
to propensity score overfitting. One likely explanation for
this finding are practical (near) violations of the positivity
assumption [26]: overfitting of a logistic regression model
for treatment preference is likely to yield predicted proba-
bilities close to zero or one, which then results in large
weights and unstable variance of the IPW estimator. The
standard sandwich variance estimator does not allow for
the incorporation of the uncertainty in estimating the pro-
pensity score and is typically conservative [27]. This reason
as well as the inefficiency of IPW estimators are explana-
tions for the observation that the IPW approaches in our
simulation study achieved lower power levels than the other
methods.

We showed that the classical method of propensity score
quintile adjustment may lead to considerable residual bias
and therefore to severely inflated type I error rates. In the
plasmode simulation study, however, effect estimates under
propensity score quintile adjustment were comparable to
the other inference approaches.

There are certain limitations to our study. In general,
simulation studies can never capture the whole space of
possible data scenarios as they occur in reality. We explored
the statistical properties of different estimators for treat-
ment or exposure effects on a binary outcome using both
simulated and real-data scenarios. We implemented a vari-
ety of different propensity score distribution scenarios with
different bias magnitudes and considered a wide range of
simulation configurations including diverse treatment ef-
fects, various prevalence values for exposure and outcome,
as well as varying absolute samples sizes.

The observed dependence of effect estimate variance on
relative propensity score model complexity was consistent
for all simulation configurations and all inference ap-
proaches considered. It is very unlikely that this steady
observation is explained by a randomly favorable (or unfa-
vorable) choice of parameter settings being considered in
the simulation study.

In a recent commentary, concern has been raised that se-
lection bias due to exclusion of nonconvergent result can
play a dominant role in bias assessment [28]. Because
our simulation study results did not indicate changing bias
with increasing number of events per covariate, we
conclude that possible bias due to selection is unlikely.

For several reasons, we did not consider matching on the
propensity score as an additional method within our simu-
lation study: effect estimates based on matched samples are
subject to various restrictions introduced by the matching
procedure. Design-related constraints such as caliper defini-
tions, matching with or without replacement, as well as the
ratio of matched cases to controls would make comparisons
of the results with the other procedures complex and diffi-
cult. Similarly, we neither considered doubly robust estima-
tors in our comparisons nor data scenarios that incorporated
missing data issues.

The findings of our simulation study suggest that gener-
ally accepted recommendations on the maximum number
of covariates to be included in a binary regression model
should be applied with the same rigor to propensity score
models that are used for control of confounding. Failure
to do so may lead to undesirable inaccuracy of single study
effect estimates due to inflation of estimate variance.
Supplementary data

Supplementary data related to this article can be found at
http://dx.doi.org/10.1016/j.jclinepi.2016.05.017.
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