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SUMMARY
Purpose To document which established criteria for logistic regression modeling researchers consider when using propensity scores in observational studies.
Methods We performed a systematic review searching Medline and Science Citation to identify observational studies published in 2001 that addressed clinical questions using propensity score methods to adjust for treatment assignment. We abstracted
aspects of propensity score model development (e.g. variable selection criteria, continuous variables included in correct functional
form, interaction inclusion criteria), model discrimination and goodness of fit for 47 studies meeting inclusion criteria.
Results We found few studies reporting on the propensity score model development or evaluation of model fit.
Conclusions Reporting of aspects related to propensity score model development is limited and raises questions about the
value of these principles in developing propensity scores from which unbiased treatment effects are estimated. Copyright #
2004 John Wiley & Sons, Ltd.
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BACKGROUND
Propensity score methods
Structural marginal models are a group of statistical
methods used in observational studies to reduce bias
due to confounding caused by non-random treatment
assignment.1 One technique within this broad class
of methods is the propensity score. Although
Rosenbaum and Rubin originally proposed the propensity score method in 1983,2 it has only recently
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gained popularity in epidemiologic research.3 The
propensity score is the conditional probability of
being assigned to a treatment group, given a set of pretreatment characteristics. The propensity score is a
balancing score, such that the conditional distribution
of the pretreatment characteristics given the propensity score is the same for the treated and untreated
groups.2 The propensity score is most commonly estimated in an observational study from patient and other
background characteristics using a multivariable
logistic regression model.4
Propensity model and logistic regression in
epidemiologic research
Logistic regression modeling has become one of the
most popular methods used to describe data, in
Received 12 February 2003
Revised 4 August 2003
Accepted 23 September 2003

842

s. weitzen ET AL.

general as well as for estimating propensity scores.
However, even though these procedures are easy to
use and interpret, scientists should not ignore important statistical properties and limitations of multivariable logistic regression models.5 Indeed, in recent
literature, established criteria for logistic model development and assessment have been recommended.5–7
The propensity score is estimated from a multivariable
logistic regression model. It is inherently a prediction
model, used to estimate the probability of treatment
selection given a set of observed confounders. The
ultimate goal of the propensity score model is to ensure balance between the treatment groups on these
confounders.8 It is unclear which steps in developing
a logistic model are necessary to ensure that balance
between treatment groups is achieved.5,7
Study purpose
The purpose of this study is to systematically review
the current literature in which the propensity score is
used and to document the extent to which standards
for developing logistic regression models are considered and evaluated in the propensity score’s development. Although the role of the propensity score differs
compared to the role of prediction models or models
used to describe the relationship between exposure
and outcome, it is unclear which, if any of the principles for logistic model development and assessment are necessary when using the propensity score
method.
METHODS
Selection of articles for review
Studies in which the propensity score was used were
identified through Medline and Science Citation. Initially, a keyword search was performed, identifying
studies which included ‘propensity score(s)’, ‘propensity analysis’ or ‘propensity matching’ in the abstract
or title, identifying 55 unduplicated references. In
addition, we searched for articles that cited one of
the critical propensity score methods articles,2–4,9–11
identifying an additional 68 unduplicated references.
The search was conducted on 23 August 2002 and
limited to include studies published in 2001. There
were no articles published in languages other than
English. We excluded articles unrelated to medical
research (20), methodological and statistical articles
(30), studies that did not include analysis of data
(11), meeting abstracts (1), review articles (1), editorials (7) and letters (2).
Copyright # 2004 John Wiley & Sons, Ltd.

Information abstraction
To our knowledge, there are no established or recommended criteria for propensity score model development. In its absence, we used the steps for logistic
model development and assessment recommended
in the literature.5–7 From each study, we abstracted
information regarding eight aspects of the propensity
score model development and assessment, as well as
information on how the propensity score was used.
This method of data collection may be imperfect
since the information published is often limited by the
editorial policies of journals. Therefore, each element
of propensity score model development and assessment may have been by the authors but not reported
in the published study.
The following sections provide a brief description
and rationale of each element of model development and assessment we chose to include in our data
collection.
Methods for variable selection
When building statistical models, the clinically relevant variables need to be considered. Once data are
collected on the variables that are measured and considered important to the study, there are several methods
used to decide which variables to include or exclude
from the model. These methods include evaluating
the univariate relationship between the variable and
outcome to be modeled and making decisions based
on statistical tests or using an algorithmic method,
such as backward elimination, forward selection or
stepwise selection, each of which relies on statistical
tests for inclusion criteria. Some researchers choose to
include all measured variables in a non-parsimonious
model, which might affect the precision of the predicted probability. If an important variable is either unmeasured or not considered in the study hypothesis
and therefore, not included in the model, then the predicted probability derived from the model could be
inaccurate.4,5,7,12 Therefore, it is important for readers
to understand how variables were selected into the
propensity score model.
Sufficient events per variable (EPV). We were interested in the number of EPV in the propensity
score model. An event is defined as an observation
in the less frequent of the two exposure groups, since
the ‘outcome’ in this instance is being exposed or
unexposed. The rule of thumb is that a logistic
model can support 10 EPV before the precision
and accuracy of the predicted probabilities may be
compromised.5,13,14
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Continuous variable conformity with linear gradient.
If continuous variables were included in the propensity
score model, then we sought information on whether
the functional relationship of this variable and the exposure being modeled was considered. Often the functional form of a continuous variable is assumed to be
linear when in fact a different functional form exists.
The accuracy of the estimated propensity score could
be compromised if estimated from a model with a
misspecified variable or variables.7,12,15
Interactions. When the propensity score model
included interactions between model variables, we
looked for criteria for their inclusion. Adding an inappropriate interaction term could alter the estimated
propensity score, possibly introducing bias to the estimate.7 In theory, it might be important to consider the
exclusion of an important interaction in the propensity
score model, but this would be difficult to evaluate
from published studies.
Collinearity. We looked for evidence of the assessment and correction for collinearity between variables
in the propensity score. Collinearity occurs when two
or more confounders and/or the exposure variable in
the model are highly correlated with each other.5 This
indicates that they are likely to be measuring the same
phenomenon. Some statisticians assert that in the presence of collinearity, the coefficients and standard
errors for the correlated variables will be unrealistically large.7 If this is true, inclusion of collinear variables in a propensity score model could result in both
bias and imprecision of the estimated probabilities.
However, others indicate that including collinear variables in the same model only affects the precision of
the estimated coefficients.8 If this is the case, then
collinearity would not be an issue in the development
of the propensity score model.
Assessment of model fit. After selecting a final logistic
regression model, it is important to evaluate how well
the model describes the data. Goodness of fit tests
assess whether the distances between the observed
(treatment—yes or no) and the predicted outcome
from the model (propensity score) are small and
unsystematic (i.e. among patients with propensity
scores between 0.30 and 0.40, one would expect to
see approximately 35% of those patients actually in
the treatment group when the model’s goodness of
fit was adequate).7,8,16 If the model does not accurately describe the data then estimated probabilities
or propensity scores, generated from the model may
be inaccurate. If using propensity scores estimated
Copyright # 2004 John Wiley & Sons, Ltd.
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from a poorly fit model do not create balance between
the treatment groups, this could lead to biased estimates of treatment effect. Therefore, some indication
that model fit was assessed might be important to the
interpretation of the results.5,7,17 However, this has yet
to be demonstrated empirically.
Discrimination of model. Model discrimination is
defined as how well the predicted probabilities
derived from the model classify patients into their
actual treatment group. It is a measure of predictive
accuracy. This is often measured by evaluating the
area under the Receiver Operator Curve (ROC) or cstatistic. This measures a different concept than the
goodness of fit of the model.7
Balance achieved. The goal of the propensity score is
to create balance on the potential confounders
included in the propensity score model between treatment groups.2–4,11 Balance is often assessed by examining the differences in distributions of confounders
between treatment groups, either after creating a
matched sample or when stratifying the full sample
based on the propensity score. We looked for evidence
of this assessment in the articles, such as graphs or
tables displaying the distribution of confounders for
the treatment groups, either after matching or among
propensity score strata. We also considered any statements indicating that balance between the groups was
achieved before applying the propensity score to
adjust treatment effect estimates.
Adjustment method. Finally, we collected information
on how the propensity score was used to adjust treatment effect estimates. The potential methods
included: (1) creating a matched sample of exposed
and unexposed patients who had equal or similar propensity scores; (2) stratifying patients on their propensity score and estimating within strata treatment
effects or (3) including the propensity score (as either
a predicted probability, linear transformation or as a
four design variables based on quintiles of the propensity score) with the exposure variable as covariates in
a multivariable model of the outcome.2,4
RESULTS
Our key word search yielded 30 articles that employed
the propensity score in the study of a health or medical
related question. Twenty-one additional articles
were found through a citation search of the significant methods articles written about the propensity
score.2 – 4,9 – 11 After further review, four studies were
Pharmacoepidemiology and Drug Safety, 2004; 13: 841–853
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excluded: one used the same data set and identical propensity score as a study by the same authors18 which
was included; two studies did not include any description of the propensity score used, each stating that
details were described elsewhere (in articles published
prior to 2001);19,20 and one study estimated the propensity score with a polytomous logistic regression
model.21 The final study sample consisted of 47
articles.
Description of studies using the propensity score
Of the 47 articles reviewed, 30 (64%) were related to
cardiovascular disease. Among the other 17 studies, 6
were relevant to cancer research;22–27 3 were in the
area of mental illness;28–30 2 were related to postnatal
outcomes in infants;31,32 2 in diabetes research;33,34
and the other 4 included studies examining arthritis,35
survival of transplant recipients,36 antibiotic use,37
and sinusitis.38
In Table 1, we list references, brief descriptions of
exposures (or treatments) and outcomes under study,
and the numbers of patients in each exposure
group. The majority of studies were focused on
quantifying the effect of a particular treatment on
reducing the rate of mortality and morbidity (e.g. the
use of hormone replacement therapy (HRT) among
women who had a recent myocardial infarction (MI) on
reducing the risk of stroke39). In several studies,
treatments were examined for potential adverse effects
(e.g. the use of selective serotonin reuptake inhibitors
(SSRIs) on increasing the risk of developing heart
valve regurgitation40). In a few studies, the authors
used the propensity score to control for differences in
exposure to a harmful substance (e.g. cigarette
smoking41) or prognostic factor (e.g. bundle branch
block42). Exposures listed in Table 1 were included as
dependent variables in the propensity score models
described by these studies.
Propensity score model development
In Table 2, the elements of the propensity score model
development for each manuscript are listed including
the variable selection method; the number of variables
included in the model; the EPV (computed by dividing the number of patients in the smallest exposure
group by the number of variables in the model);
whether the functional form of any continuous variables was evaluated; the inclusion criteria for any interactions included in the model and whether authors
mentioned assessment and correction of collinearity
between model variables.
Copyright # 2004 John Wiley & Sons, Ltd.

Variable selection method. In 24 of the 47 articles
reviewed, information was not provided on what
method was used to select variables to include in the
propensity score. Among the remaining 23 articles,
non-parsimonious models were used in six studies.
Seven articles included information on significance
testing at the univariate level, as the method by which
they identified variables for the propensity score
model. Algorithmic methods such as backward, forward or stepwise selection to select variables into
the model were used in four studies. Four articles indicated a priori selection of variables as criteria for
inclusion. In one article, the variables were selected
for the propensity score based on goodness of fit tests
of the model.35
EPV. Out of the 47 studies, 13 did not include information on the number of variables in the propensity
score model. While eight of these studies had large
sample sizes in both exposure groups, five had small
numbers of patients in one or both of the treatment
groups, therefore probably having fewer than 10
EPV in the propensity score. Among the 34 studies
from which we could determine the number of variables included in the model, there were five in which
the EPV was less than 10.
Functional form of continuous variables. In nearly all
the studies reviewed, the scales of variables included in
the propensity score model were not explicit. Of the
three in which it was clear that continuous variables
were used, only one mentioned that these variables’
functional form was evaluated with respect to the
exposure being modeled.
Interaction inclusion criteria. In most of the studies
reviewed (30 out of 47), it was unclear whether interactions between variables were incorporated into the
propensity score model. In 12 articles, the propensity
score description clearly indicated that no interaction
terms were included. Among the five articles in which
it was clearly stated that interactions were in the propensity model, p values of the coefficients were used
as criteria in three articles. Aronow et al.43 used
improvement in the discrimination of the propensity
score model as criteria for interaction inclusion, while
Shlipak et al.44 considered improvement in the resulting balance between treatment groups for whether or
not to include an interaction term.
Collinearity. None of the studies reported that collinearity between variables in the propensity score
Pharmacoepidemiology and Drug Safety, 2004; 13: 841–853
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Table 1. Study description
Reference

Exposure*

Outcome**

Angeja39
Aronow43
Ascione61
Beuth23
Carmeli37
Cen62
Dammann31
Earle22
Ellis63
Feng64
Ferrara34
Foody41
Gillinov49
Grossi46
Gum59
Hayashi65
Hesse42
Ioannidis66
Kachele28
Keating24
Kimmel67
Margolis33
Mast40
Mehta S47
Mehta R68
Mitra25
Mukamal69
Normand70
Novaro71
O’Day27
Osswald72
Peterson73
Piccirillo38
Popiela26
Rathore48
Rumsfield74
Schnuelle36
Sernyak29
Serynak30
Shlipak44
Shlipak75
Stenestrand45
Suero76
Tu77
Van Marter32
Welch78
Wiles35

HRT use
Lipid lowering therapy
On pump during CABG
Tx w/Oral enzyme
Ceftriaxone vs. ampicillin.
Biologic vs. mechanical valve
Hypocarbia in 24 hours post birth
Chemo for advanced lung CA
Beta-blockers
Atrial fibrillation
HRT use
Smoking status
Mitral valve replace vs. repair
Mitral valve reconstruct vs. replace
Daily aspirin use
ACE inhibitor
Bundle branch block
BITA vs. SITA
Short vs. long term tx-eating disorders
Physician discussion of options
Coronary stent
Platelet relasate treatment
SSRI use
PCI
Increased left ventricular mass index
Intensive breast CA screening program
Alcohol consumption prior to MI
Angiography
Statins
High dose tamoxifen for melanoma
Complete vs. incomplete revascularization
Heparin
1st vs. 2nd line antibiotics for sinusitis
Oral enzyme treatment for colon CA
Reperfusion therapy
Multiple exposures
Catcholamine in organ donors
Neuroleptic use for PTSD
Clozapine tmt for schizophrenics
ACE inhibitors and beta-blockers
HRT use
Statins
Chronic total occlusion
MD pt. Volume
Antenatal glucocortoid tmt
Normal ECG (in MI pts)
DMARDs and/or steroids

Stroke
180 day mortality
Acute renal failure
Symptoms of breast CA
Isolation of pathogen
10 year survival
Echolucency
1 year survival
Creatine kinase levels
Prothrombic state
HBA1 levels
All cause mortality
Post surgery survival
30 day mortality
All cause mortality
Change in hematocrit
All cause mortality
In hospital mortality
Cure
Breast conserving therapy
In hospital mortality
Healed wound
Valvular heart disease
Adverse events
In hospital mortality
Stage of disease at diagnosis
All cause mortality
3 year survival
Change in aortic valve area
Response to treatment
180 day mortality
30 day mortality
Response to treatment
Symptoms of colon CA
30 day mortality
7 months status
Survival of recipient
Improvement in symptoms
Completed suicides
1 year survival
In hospital mortality
1 year survival
In hospital mortality
30 day mortality
Lung disease in babies
In hospital mortality
Disability from arthritis

Total
exposed{

Total
unexposed**

7353
3653
51
239
1308
495
182
2012
2926
47
3852
2187
85
152
2310
329
340
867
353
412
10 690
6252
292
2658
115
58
321
17 304
54
35
133
5576
17 329
587
171
NR
1562{
67
1415
9108
7353
5528
2007
27 494
743
30 759
183

107 371
17 156
202
410
2445
644
617
4220
3274
3515
11 583z
2166
397
71
3864
1884
6733
830
324
380§
6121
20 347
5145
9904
358
3022
896
20 484
120
45
726
1441
11 773
597
1783
NR
127
715
44 502
5872
107 371
14 071
25 620
70 700
711
222 875
201

ACE, angiotensin converting enzyme; BITA, bilateral internal thoracic artery revascularization; CA, cancer; CABG, coronary artery bypass
graft; DMARDs, disease-modifying antirheumatic drugs; ECG, electrocardiograph; HRT, hormone replacement therapy; MD, Physician; MI,
myocardial infarction; NR, not reported; PCI, percutaneous coronary intervention; PTSD, post traumatic stress disorder; SITA, single internal
thoracic artery revascularization; SSRI, selective serotonin reuptake inhibitor.
*Used as dependent variable in propensity score.
**Study outcome (not included in propensity score).
{
Sample used in development of propensity score.
z
Current versus never smokers.
§
Data for MA only (smaller of two separate samples).
{
Total of single and combined use groups.

Copyright # 2004 John Wiley & Sons, Ltd.
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Table 2. Propensity Score Development
Reference

Selection method*

Number of
variables

Angeja
Aronow
Ascione
Beuth
Carmeli
Cen
Dammann
Earle
Ellis
Feng
Ferrara
Foody
Gillinov
Grossi
Gum
Hayashi
Hesse
Ioannidis
Kachele
Keating
Kimmel
Margolis
Mast
Mehta S
Mehta R
Mitra
Mukamal
Normand
Novaro
O’Day
Osswald
Peterson
Piccirillo
Popeila
Rathore
Rumsfield
Schnuelle
Sernyak
Sernyak
Shlipak
Shlipak
Stenestrand
Suero
Tu
Van Marter
Welch
Wiles

NR
p values
NR
NR
Algorithm
p values
p values
NR
p values
NR
NR
Non-parsimonious
NR
p values
Non-parsimonious
NR
NR
Algorithm
NR
NR
NR
A priori
Algorithmic
NR
Algorithmic
A priori
NR
Non-parsimonious
NR
A priori
Non-parsimonious
Non-parsimonious
p values
NR
NR
NR
NR
NR
NR
Non-parsimonious
NR
Algorithmic
NR
A priori
A priori/p values
NR
Goodness of fit

NR
19
NR
16
12
7
14
NR
10
6
7
28
NR
30
34
10
30
17
32
23
18
14
7
NR
21
29
18
102
3
8
NR
33
4
8
NR
NR
5
17
NR
NR
NR
42
7
11
NR
NR
17

EPV**
NR
3653/19 ¼ 192
NR
239/16 ¼ 15
1308/12 ¼ 109
495/7¼70
182/14 ¼ 13
NR
2926/10 ¼ 29
47/6 ¼ 8
3852/7 ¼ 550
2166/28 ¼ 77
NR
71/30 ¼ 2
2310/34 ¼ 68
329/10 ¼ 33
340/30 ¼ 11
830/17 ¼ 49
324/32 ¼ 10
380/23 ¼ 17
6121/18 ¼ 340
6252/14 ¼ 447
292/7 ¼ 42
NR
115/21 ¼ 5
58/29 ¼ 2
321/18 ¼ 18
17 304/102 ¼ 170
54/3 ¼ 18
35/8 ¼ 4
NR
1441/33 ¼ 44
11 773/4 ¼ 2943
587/8 ¼ 73
NR
NR
127/5 ¼ 25
1415/17 ¼ 83
NR
NR
NR
5528/42 ¼ 132
2007/7 ¼ 287
27 494/11 ¼ 2500
NR
NR
183/17 ¼ 11

Functional
form{
NR
Yes
NR
NR
NR
NR
None
NR
None
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR

z

Interactions

NR
Discrimination
NR
NR
None
None
None
NR
NR
NR
NR
p values
p values
NR
NR
None
NR
None
None
NR
NR
NR
None
NR
p values
NR
NR
NR
None
None
NR
NR
None
NR
NR
NR
None
NR
NR
Balance
NR
NR
NR
NR
NR
NR
None

Collinearity
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR

NR, not reported.
*A priori, inclusion determined from previous research; algorithmic, forward, backward or stepwise selection method; goodness of fit,
included variables that improved model goodness of fit; non-parsimonious, included all available variables; NR, not reported; p values, univariate statistical testing.
**EPV, events per variable, total in smallest exposure group/number of variables (rounded to nearest integer); NR, unable to compute EPV.
{
Functional form, none; no continuous variables included in the model; NR, not reported; Yes, evidence that continuous variables evaluated for
functional
relationship with exposure.
z
Interactions, inclusion criteria for interactions; balance, included interactions when improved balance between exposure groups on confounders; discrimination, included interactions when improved model discrimination, None, no interactions included; NR, not reported; p values,
statistical significance.

Copyright # 2004 John Wiley & Sons, Ltd.
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model was checked before estimating the probability
of assignment to an exposure group.
Adequacy of propensity score model
Table 3 indicates which articles included evaluation of
the adequacy of the propensity score model to describe the data.
Goodness of fit. Only 6 of the 47 studies considered
the goodness of fit of the propensity model. In four
of the six studies, goodness of fit was evaluated with
the Hosmer–Lemeshow goodness of fit statistic and
the authors provided the statistic and/or p value. Poor
fit of the propensity score model was reported in two
studies. Stenestrand and Wallentin45 still used the estimates from this model to adjust treatment effects.
However, Grossi et al., after finding their propensity
score model poorly fit the data, decided not to use
the propensity score to adjust their estimates.46 Mehta
et al.47 used split sample validation to evaluate the fit
of the propensity score model. Rathore et al. reported
that ‘the propensity model demonstrated appropriate. . .calibration’,48 p.517 but did not specify what
methods they used.
Discrimination. Discriminatory ability of the propensity
score model was reported in 18 of 47 studies. C-statistics
or area under the ROC curve ranged from 0.52,38 suggesting the model had no discriminatory ability, to
0.9249 indicating almost perfect discrimination.7
Balance on variables. Nearly half (22 out of 47) of the
studies included no information regarding whether the
propensity score created balance between exposure
groups on the characteristics considered in the propensity model. In one article, when balance was not
achieved in three of five quintiles based on the propensity scores, patients in those quintiles were excluded
from further analyses.43
DISCUSSION
In the past few years, the propensity score method has
become a more common method used for confounder
adjustment in observational studies.3 Our intention
was to document how propensity score models were
developed and assessed from the available information in published studies. The purpose of this study
was to illustrate the relative uncertainty of researchers
as to what steps in the model development process are
important to the propensity score, and not to judge the
quality of the studies based on the standard logistic regression model criteria.
Copyright # 2004 John Wiley & Sons, Ltd.
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There are at least two purposes of logistic regression
modeling in medical research in addition to developing
propensity scores: predicting the outcome of an individual or group of individuals using their own values of
the predictor variables, and quantifying the effect of an
exposure on an outcome while simultaneously controlling for the influences of confounding variables.5
Extensive research has been done on the effects of
poorly developed and poorly fit logistic models when
used for these purposes.
The accuracy and precision of estimates from logistic models used for either adjusting estimates of effect
or predicting outcomes could be seriously affected by
missing predictors or confounders, variable selection
that relies solely on statistical significance,7,13,50 misspecified continuous variables,7,15 and inappropriate inclusion or exclusion of important interaction terms.7,13,50
Models used to predict outcomes may be additionally
influenced by inclusion of unimportant predictors,
ignoring the inclusion of highly collinear variables and
poor model fit.5,7,8,51
The propensity score model serves a different
purpose than predictive and adjusted effect estimate
models. As such, the extent to which some or all of the
criteria are important to the purpose of the
propensity score, that is balance between the treatment
groups on confounders, is unknown. While the
propensity score is a predicted probability resulting
from the developed model, its main purpose is to
control for multiple confounders simultaneously. To
our knowledge, there is only one study, by Drake,12
which examines the sensitivity of treatment effect
estimates derived from propensity score models.
Drake’s analyses are limited to potential biases due
to omitted confounders and misspecified continuous
variables.
For the most part, we found that there is very little
information regarding the development and validation
of the propensity score models provided in published
studies that employ propensity score methods to adjust
treatment effect estimates. Over half the studies did not
include information on variable selection, therefore
making it difficult to assess whether all potential and
available confounders were adjusted for using this tool.
Several studies employed statistical significance testing
or algorithmic methods to select variables into the
propensity score model, even though these methods are
discouraged for the evaluation of confounding.7,13,50
When using the propensity score to adjust for
confounders, assessment of balance between the
treatment groups should be carefully considered
when selecting variables into the propensity score
model. 2,11,52
Pharmacoepidemiology and Drug Safety, 2004; 13: 841–853
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Table 3. Adequacy of propensity score model
Reference
Angeja
Aronow
Ascione
Beuth
Carmeli
Cen
Dammann
Earle
Ellis
Feng
Ferrara
Foody
Gillinov
Grossi
Gum
Hayashi
Hesse
Ioannidis
Kachele
Keating
Kimmel
Margolis
Mast
Mehta S
Mehta R
Mitra
Mukamal
Normand
Novaro
O’Day
Osswald
Peterson
Piccirillo
Popiela
Rathore
Rumsfield
Schnuelle
Sernyak
Sernyak
Shlipak
Shlipak
Stenestrand
Suero
Tu
Van Marter
Welch
Wiles

Goodness of fit

Discrimination

Balance check

NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
Yes
NR
NR
NR
NR
NR
NR
Yes
NR
NR
Yes
NR
NR
NR
NR
NR
NR
NR
NR
NR
NR
Yes
NR
NR
NR
NR
NR
NR
Yes
NR
NR
NR
NR
Yes

NR
c-stat ¼ 0.87
NR
NR
c-stat ¼ 0.80
NR
NR
NR
c-stat ¼ 0.62
NR
NR
c-stat ¼ 0.76
c-stat ¼ 0.92
NR
c-stat ¼ 0.83
NR
c-stat ¼ 0.76
NR
NR
NR
NR
c-stat ¼ 0.90
c-stat ¼ 0.82
NR
NR
NR
c-stat ¼ 0.82
c-stat ¼ 0.84
NR
NR
c-stat ¼ 0.81
c-stat ¼ 0.69
c-stat ¼ 0.52
NR
NR
NR
NR
NR
NR
NR
NR
c-stat ¼ 0.81
NR
c-stat ¼ 0.56
NR
c-stat ¼ 0.82
c-stat ¼ 0.86

NR
Yes
NR
NR
Yes
NR
NR
Yes
NR
Yes
NR
Yes
NR
NR
Yes
Yes
NR
NR
Yes
NR
NR
Yes
NR
NR
Yes
Yes
NR
Yes
NR
Yes
Yes
Yes
Yes
Yes
Yes
NR
NR
Yes
NR
Yes
NR
NR
Yes
NR
NR
Yes
Yes

Method for estimate adjustment*
Model covariate
Model covariate
Stratified analysis
Model covariate
Model covariate
Model covariate
Model covariate
Stratified analysis
Model covariate
Matching
Model covariate
Model covariate
Model covariate
NR
Matching
Matching
Model covariate
Model covariate
Model covariate
Stratified analysis
Stratified/model covariate
Stratified analysis
Stratified analysis
Model covariate
Stratified/model covariate
Stratified/model covariate
Model covariate
Matching
Model covariate
Stratified analysis
Model covariate
Model covariate
Stratified analysis
Matching
Model covariate
NR
Model covariate
Matching
Model covariate
Stratified analysis
Model covariate
Model covariate
Matching
Stratified analysis
Model covariate
Model covariate
Stratified/model covariate

*How propensity score was subsequently used to adjust effect estimates; matching, created matched sample; model covariate, propensity score
used as variable in multivariable model; stratified analysis, sample divided into quintiles based on propensity score and stratum specific estimates computed; stratified/model covariate, sample divided into quintiles and design variables for quintile membership included in multivariable model as covariates.

Other elements of model development, such as insuring that continuous variables were entered in the
appropriate functional form, providing clear criteria
for inclusion of interactions, and checking variables
for potential collinearity, were generally not menCopyright # 2004 John Wiley & Sons, Ltd.

tioned in these studies. If it is reported that balance
between treatment groups was achieved by using the
propensity score, then this information may not be important to the interpretation of the results. Collinearity
may not be relevant at all, as long as the inclusion of
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collinear variables does not inflate the estimated regression coefficients in the propensity score.7,8
In the following paragraphs, we discuss the potential
impact of propensity scores measured with error, either
by having too few EPV or poor model fit. Among
the 34 studies that provided the number of variables
included in the propensity score model, 5 had too few
EPV to support the estimation of the propensity score.
In a recent study, Cepeda et al. when the outcome is
rare, and there are many confounders, fitting a logistic
model with few EPV can lead to biased estimates of
the treatment effect.53 The authors concluded that the
propensity score could be useful in these situations
since it is a composite of all confounders, thereby reducing the number of covariates that need to be adjusted for in the second stage model. However, they did not
examine the effect of modeling a rare exposure as a
function of many confounders in the propensity score
model.
Simulation studies imply that too few EPV in a
logistic model can inflate the estimated regression
coefficients, and potentially result in biased propensity
scores.14 If the regression coefficients are inflated in the
propensity score model, then the propensity score may
be estimated with error. Since the coefficients used to
estimate the propensity score are the same regardless of
individuals’ treatment assignment, any measurement
error in the propensity score estimate is nondifferential with respect to treatment assignment.
Likewise, since the study outcome is not considered
in the estimation of the propensity score, errors in the
propensity score estimates are unrelated to individuals’
observed outcomes as well.
Only 6 of the 47 studies included any indication that
the model fit was evaluated prior to using the estimated
score to adjust the treatment effect. In general, poor
model fit is a function of problems related to model
development, such as continuous variable misspecification, inappropriate interaction terms or omitted
confounders or interactions.7,54 Each of these flaws in
the model could lead to errors in propensity score
estimates.12 However, available goodness of fit tests
have relatively low power to detect such problems in
logistic regressions models, and may not be useful for
assessing the propensity score model.7,8,54,55
Again, both few EPV and lack of model fit could
lead to propensity scores estimated with error. We
speculate the measurement error in the propensity score
is non-differential with respect to treatment assignment. However, if balance between treatment groups is
achieved within propensity score strata, then biased
estimates of the propensity score may be irrelevant.52
Additionally, the extent to which error biases estimates
Copyright # 2004 John Wiley & Sons, Ltd.
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of treatment effect may be a function of how the propensity score is used to control for confounding (e.g.
matching, stratification or model covariate). If the
propensity score is used as a matching variable, error in
its measurement has no effect on the estimates of treatment effect derived from the study. This is true as long
as the individuals retain their appropriate rank by
propensity score, because treated patients should be
matched with the same untreated patients as they would
when using a perfectly estimated propensity score.
Therefore, treatment effect estimates adjusted by this
method are robust with respect to propensity scores
measured with error. Similarly, adjustment for confounding using a stratified analysis will also be robust
with respect to propensity scores measured with error
as long as the strata are defined using percentile
cut-points.
The same may not be true for treatment effects estimated when the propensity score is used as a continuous
covariate in a regression model. Over half the studies
that we reviewed used this approach. D’Agostino
states that overfitting the model from which the propensity score is derived is not a concern.4 This is in
conflict with epidemiologic studies demonstrating
that adjustment for confounders measured with error
as continuous variables, in this case, the propensity
score, lead to biased estimates of effect due to residual
confounding.56–58
Lastly, the c-statistic is an indication of the discriminatory power of the model, and how well the propensity
score classified the patient into the observed treatment
groups. In theory, a c-statistic of 0.50 indicates poor
model discrimination, and therefore using the model to
classify patients into groups is as good as flipping a
coin. On the other hand, a c-statistic of 0.90 indicates
excellent discrimination, meaning that 90% of the
time the propensity score of a treated individual was
higher when compared to the propensity score of an
untreated individual.7 In other words, there could be
very little overlap between the treatment groups with
respect to the distribution of the propensity score.*
When this occurs, if the propensity score is used to
match individuals who are receiving treatment to untreated individuals, there may be a large proportion
of patients that would be lost from the sample due to
the lack of an appropriate match. In fact, this was the
case in a study by Gum et al.59 The c-statistic for
the propensity score was 0.83, indicating good

*

Unpublished research by Robert Obenchain, presented at Fourth
Annual Workshop on Pharmaceutical Outcomes Research, Newport,
RI, 18 October 2002.
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discrimination. The original study cohort included
2310 ‘treated individuals’ and 3846 ‘untreated individuals’. The results from the propensity-matched
analysis were based on 1351 pairs of treated and
untreated patients, losing more than half the study
population. As is often the case with clinical trials,
when we eliminate a large portion of our sample
because they do not meet inclusion criteria (i.e.
heterogeneous with respect to patient characteristics),
we potentially sacrifice the generalizability of the
results for better internal validity of our study.
A propensity score with a high c-statistic could also
be detrimental to a stratified analysis based on the
score. In this case, there could potentially be none or
very few untreated individuals in the highest strata, as
well as none or very few of the treated individuals in
the lowest strata, and therefore treatment effects cannot be estimated in these strata. In fact, that occurred
in at least one study included in this report. Gillinov
et al. comparing mitral valve repair (treatment) versus
replacement (control), developed a propensity score
model with a c-statistic of 0.92.49 When stratifying
the sample based on the propensity score, strata 3, 4
and 5 had fewer than five patients (total n ¼ 97) who
received mitral valve replacement, making it difficult,
if not impossible to estimate the effect of repair versus
replacement on post-surgical survival using stratified
analysis. Excellent discrimination of the propensity
score model could lead to little or no overlap of the
estimated propensity score between the treatment
groups. As a covariate used in the second stage regression model, this problem is difficult to detect before
fitting the model, especially if not evaluated by stratifying the sample and examining the number of treated
and untreated individuals in each subgroup. Many
software packages will allow the model to be fit, but
the coefficient estimates and corresponding standard
errors will be biased, and it is likely that confounding
by the propensity score will not be completely controlled for in the model from which the treatment effect is
estimated. Therefore, the estimates of treatment effect
could be biased when using a propensity score estimated from a model with very good or excellent discrimination.7 When using a highly discriminating
propensity score to create a matched sample, there
would be very few exposed and unexposed individuals
that could actually be matched by this method, leaving few individuals in the study sample. Therefore, it
appears that a propensity score model that produces
estimates that accurately classify individuals into their
treatment groups may be undesirable for the purposes
of using the propensity score to adjust for factors related to treatment assignment. However, from this
Copyright # 2004 John Wiley & Sons, Ltd.

study, it appears that propensity scores with large
c-statistics are still being used to adjust treatment effect estimates.
Finally, the key purpose of the propensity score
is generate probabilities of treatment assignment
conditional on a set of variables that are both
related to treatment and the outcome. Additionally
every individual’s probability of receiving treatment
based on this model must be greater than zero.60 The
distributions of these confounders should be fairly
equal between the treatment groups within strata of
the propensity score in order to establish that
propensity score will provide adequate control for
these confounders when estimating the effect of
treatment on the outcome.2,4,52,60 However, nearly
half the studies reviewed did not report that the
propensity score balanced the treatment groups.
These omissions may be attributable to space
limitations for publication. Nevertheless, almost a
third of these studies reported a c-statistic which
would seem to be of less importance for the
interpretation of the results.
There are several potential limitations of this study.
As in most systematic reviews of the literature, it is
difficult to evaluate what analyses were performed versus what was reported in the published article. Therefore, it is possible that much of the model development
and assessment was performed by the researchers but
not explicitly described in their articles. Another potential limitation of this study was the possible inability
to obtain the entire population of studies that used the
propensity score method with our search strategy.
However, by expanding our search to articles that cited
the key propensity score methods articles, we greatly
reduced the likelihood of missing many published
studies.
From this review of the literature, it is clear that
the reporting of propensity score model development
and model fit is variable. This may indicate that researchers are uncertain as to which criteria for logistic regression modeling used to generate predictions
or for estimating adjusted treatment effect estimates
are important with respect to estimating a propensity score. To our knowledge, there are no published
guidelines or recommendations on what considerations are important to estimating unbiased propensity scores and ensuring balance is achieved
between the treatment groups when using this
method. Empirical studies need to be conducted in
order to fully understand the role of each of the
previously recommended criteria for logistic regression modeling in the estimation of useful propensity
scores.
Pharmacoepidemiology and Drug Safety, 2004; 13: 841–853
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