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Abstract The central role of the propensity score analysis (PSA) in observational studies is
for causal inference; as such, PSA is often used for making causal claims in research
articles. However, there are still some issues for researchers to consider when making
claims of causality using PSA results. This summary first briefly reviews PSA, followed by
discussions of its effectiveness and limitations. Finally, a guideline of how to address these
concerns is also provided for researchers to make appropriate causal claims using PSA
results in their research articles.
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Propensity score analysis (PSA) developed by Rosenbaum and Rubin (1983) has become a
popular approach in estimating treatment effects for observational studies. Rosenbaum and
Rubin (1983) highlighted that the central role of PSA in observational studies is for causal
inference regarding treatment effects. PSA aims at increasing the validity of causal
inference from observational studies through balancing the distributions of the observed
covariates between the treatment and comparison groups (Rubin 1997). As such, PSA has
been widely applied in the fields of education and other social and behavioral sciences. A
Web of Science (Thomson Corporation 2009) search using “propensity score” as a topic
keyword found that the frequency of using PSA in published studies has exponentially
increased from January 1983 to July 2009 (see Fig. 1). Among these publications, many
empirical studies were concluded with claims of causality for treatment effects; however,
the perspective statements with causal claims can be fraught with pitfalls because the
research findings from PSA results may rely on unwarranted effects of bias correction
(Rubin 1997). With this concern, this summary will discuss some issues for researchers to
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Fig. 1 Number of articles in a Web of Science search for articles published from January 1983 to July 2009
by publication year using “propensity score” as a topic keyword

consider when they tend to make claims of causality using PSA results in their perspective
statements. In the following sections, specifically, the concept of PSA will be briefly
reviewed, followed by discussions of the effectiveness and limitations of PSA and
suggestions for researchers to make appropriate causal claims using PSA in their research
articles.

A Primer of Propensity Score Analysis

The concept and effectiveness of PSA are discussed at length in the literature (e.g., Abadie
and Imbens 2006; Dehejia and Wahba 2002; Gu and Rosenbaum 1993; Heckman et al.
1998; Hill and Reiter 2006; Hirano et al. 2003; McCandless et al. 2008; Rosenbaum 1987;
Rubin and Thomas 1996). Here, only a primer of PSA is introduced. Rosenbaum and Rubin
(1983) described that PSA is a method to use balancing scores, namely the propensity
score, to compare groups so that direct comparisons of the observational data are more
meaningful with the groups balanced on the covariates (Gu and Rosenbaum 1993;
Rosenbaum and Rubin 1983; Weitzen et al. 2004). A propensity score is the conditional
probability e(x)=Pr(Z=1 | X=x) of receiving the treatment given covariates x. In other
words, a propensity score used to reduce the selection bias through balancing groups based
on the observed covariates is the probability of a unit (e.g., student, classroom, and school)
being assigned to a particular condition in a study given a set of observed covariates (e.g.,
age, gender, ethnicity, socioeconomic status, or prior performance scores). Propensity score
methods allow adjustment for multiple covariates simultaneously in order to balance
comparison groups for estimating treatment effects (Gu and Rosenbaum 1993; Rubin
1997). PSA commonly has four basic steps: (a) identifying and measuring as many
covariates as possible based on the theory and prior research, (b) estimating propensity
scores using a logistic regression or linear discriminant analysis as suggested by
Rosenbaum and Rubin (1984, 1985), (c) matching each of the cases in the treatment
group with one or more in the comparison group based on the propensity score or
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stratifying the study sample using the propensity score, and (d) conducting the intended
analysis on the matched sample or with propensity score adjustment. Researchers can use
introductory articles (e.g., Caliendo and Kopeinig 2008; Hahs-Vaughn and Onwuegbuzie
2006; Guo et al. 2006; Rosenbaum and Rubin 1983) for further details of the above
procedures. The following section will focus on the discussion of the Effectiveness and
Limitations of PSA in practice.

Effectiveness and Limitations of PSA

After Rosenbaum and Rubin’s (1983) seminal work on PSA, many studies about the
rationale and effectiveness of PSA flooded the literature. Glynn et al. (2006) concluded that
researchers have established reasons in favor of using PSA. In terms of the effectiveness of
PSA, Gu and Rosenbaum (1993) found that propensity score matching usually out-
performed other matching techniques because it balanced on many covariates simulta-
neously, which potentially approximated the balance achieved through randomization.
Therefore, PSA is regarded as an effective strategy from alternative designs (Glynn et al.
2006) and an optimal tool for causal questions with large datasets as well (Rubin 1997).

The effectiveness of PSA is also echoed by Heckman et al. (1998), who indicated that
propensity scores are robust to choice-based sampling. Furthermore, PSA also can be used
to identify interactions between propensity of treatment and treatment effects on outcomes
(Kurth ef al. 2006). In sum, the effectiveness of PSA can be summarized as “if the
conditional independence is assumed between the treatment assignment and potential
outcomes given the observed covariates (strongly ignorable treatment assignment), it is
possible to obtain unbiased estimates of treatment effects for causal inferences” (Imai and
Van Dyk 2004, p. 854).

While embracing PSA as an effective methodological remedy to the unavoidable flaws
from observational studies, methodologists, statisticians, and researchers also discerned the
limitations of the popular method for improving the validity of claims on causality from
observational data. Guo et al. (2006) stated that PSA could not provide ultimate answers to
causal questions or treatment effects. Based on the literature (Guo et al. 2006; Rubin 1997;
Rosenbaum and Rubin 1983), major limitations of using PSA are threefold. First,
propensity scores cannot adjust for the “hidden bias” from unobserved covariates (Joffe
and Rosenbaum 1999; Rosenbaum and Rubin 1983; Rubin 1997). Propensity scores can
only be obtained from the observed covariates, but there could be other unknown
confounders to influence the treatment effect. Therefore, the accuracy and precision of
estimates from logistic models or discriminate analysis used for either adjusting estimates
of the effects or predicting outcomes could be seriously affected by missing predictors or
confounders (Greenland 1989; Hosmer and Lemeshow 2000; Rothman and Greenland
1998; Weitzen et al. 2004). Second, propensity scores may only work well with large
samples (Rubin 1997) because there could be very little overlap between the treatment and
comparison groups with respect to the distribution of the propensity scores in a small
sample. This may result in a large proportion of lost cases due to the lack of matching,
which consequently only leaves a few cases for analysis (Weitzen et al. 2004). Third,
propensity scores consider only the covariates that are related to the treatment assignment
but not the outcome. This is in contrast to the analysis of a covariate, which is associated
with both the outcome and the treatment assignment (Rubin 1997; Rubin and Thomas
1996). In this case, the inclusion of irrelevant covariates usually reduces the efficiency of
balancing on the relevant covariates (Rubin 1997).
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Given the aforementioned limitations, there have been some doubts of the
interpretations on the results from PSA concerning its scientific validity in causal
claims. The often serious concerns of the potential selection bias in observational
studies, however, suggest that it is still desirable to use PSA if a reduction in bias can
be achieved (Stiirmer et al. 2006). As such, researchers should be responsible to provide
sufficient empirical evidence for controlling the limitations, addressing the unsolved
issues, and interpreting their research findings from PSA appropriately. The next section
will discuss how researchers can address the above concerns when making causal claims
using PSA.

Strategies for Making Appropriate Causal Claims with Results of PSA

As discussed, the use of propensity scores is not guaranteed to reduce bias due to evident
limitations. However, the use of PSA is recommended in observational studies for treatment
effects conditionally because it effectively adjusts the existing bias if the concerns are well
addressed, which therefore, improves the validity of estimations (Glynn et al. 2006). The
related literature suggests various strategies for the correct use of PSA in empirical
investigations for the study of causal effects.

To deal with “hidden bias”, Rubin (1997) recommended performing sensitivity analysis
(Caliendo and Kopeinig 2008; Lechner 2001; Rosenbaum and Rubin 1983) and testing
different sets of conditioning variables to address the limitations of the lack of balancing
unobserved variables (Guo et al. 2006; Michalopoulos et al. 2004). Researchers should be
aware that it is essential to test the robustness of results to departures from the identifying
assumption; and if the sensitivity of estimated effects was found with respect to a failure of
the unconfoundedness assumption, researchers should either consider adopting alternative
identifying assumptions or combine propensity score matching procedures with other
evaluation approaches (Caliendo and Kopeinig 2008). However, if the quality of matching
is reasonable, researchers can use PSA in estimating the treatment effects (Caliendo and
Kopeinig 2008). In this case, it can be appropriate for researchers to make causal claims for
the treatment effects.

With regards to the third issue, the efficiency of estimating or calculating propensity
scores with inclusion of covariates associated with treatment assignment but not outcomes,
Rubin and Thomas (1996) again suggested that it may not be a substantial issue in practice
if modest or large datasets are used in the analysis. However, researchers are responsible in
making legitimate judgments (Rubin and Thomas 1996; Weitzen et al. 2004) in selecting
covariates so that the use of PSA is more efficient and the analysis results are more accurate
for causal claims.

There are a few other caveats that also need to be considered when making causal claims
using PSA. First, to appropriately claim the treatment effect, the researcher should be
responsible to include information on variable selection. Otherwise, it is difficult to assess
whether all potential and available confounders are adjusted for the appropriateness of
using PSA (Weitzen et al. 2004). Variable selection is an important procedure which is
often ignored by researchers (Brookhart et al. 2006; Greenland 2007; Weitzen et al. 2004).
The appropriate way to select covariates to be included in PSA is to identify the related
confounding variables from theory to existing literature (Brookhart et al. 2006; Greenland
2007). PSA performs better when the researcher includes as many theoretically important
covariates as possible in the analysis, and therefore, if any theoretically identified covariate
cannot be included in PSA because it is immeasurable, researchers should address the
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concern for any causal claims related to the treatment effects (Dehejia and Wahba 2002;
Hirano et al. 2003).

Another caveat is that model selections regarding the methods used for obtaining and
matching propensity scores are essential in PSA. Researchers should fully understand the
role of the recommended criteria for logistic regression in the estimation of useful
propensity scores (Cepeda et al. 2003) and the effectiveness of various matching methods
in order to select the most efficient strategy for bias reduction.

Finally, PSA like any other statistical methods should not be mechanically regarded as a
preferable and sole method to control for confounding variables in observational studies but
rather as a promising addition (Stiirmer et al. 2006). Therefore, we should not expect PSA
to provide definitive answers to causal questions of treatment effects. As Rubin (1997)
commented, “In observational studies, confidence in causal conclusion must be built by
seeing how consistent the obtained answers are with other evidence...” (p. 762). Guo ef al.
(2006) also emphasized that researchers using PSA with observational data “should be
cautious about these limitations and make efforts to warrant that interpretation of study
results does not go beyond the limits of data and their analytical methods” (p. 380).

In conclusion, for observational studies using PSA to improve the validity of causal
inference, researchers need to address the above issues and justify their evidence before
reaching any conclusive causal claims or prescriptive statements of their research articles.
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