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Propensity score (PS) methods have proliferated in recent years in observa-
tional studies in general and in observational comparative effectiveness 
research (CER) in particular. PS methods are an important set of tools for esti-
mating treatment effects in observational studies, enabling adjustment for 
measured confounders in an easy-to-understand and transparent way. This 
article demonstrates how PS methods have been used to address specific CER 
questions from 2001 through to 2012 by identifying six impactful studies from 
this period. This article also discusses areas for improvement, including data 
infrastructure, and a unified set of guidelines in terms of PS implementation 
and reporting, which will boost confidence in evidence generated through 
observational CER using PS methods. 
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Defined as the “…research evaluating and comparing health outcomes and clinical 
effectiveness, risks and benefits of two or more medical treatments, services and 
items,” the Patient Protection and Affordable Care Act (ACA) of 2010 formalized 
comparative effectiveness research (CER) to be an important step in the US federal 
government’s efforts to improve the quality of healthcare [101]. The term CER encom-
passes both comparative effectiveness and safety research, and although CER was 
being conducted in different forms in the fields of epidemiology, health economics 
and outcomes research and health services research even before the ACA, what the 
law did was to explicitly recognize that CER can be used to determine the most effec-
tive and/or safe intervention from among the existing alternatives in the real-world 
clinical practice setting [1].

Randomized controlled trials (RCTs) have the strongest research design for assess-
ing treatment effects because the treatment groups are balanced on both observed 
and unobserved covariates. This addresses the bias problem (e.g., confounding by 
indication or channeling bias or selection bias, among others) that is common in 
real-world observational studies and is introduced by unobserved covariates that 
are correlated with both the treatment variable and outcomes. While RCT designs 
are the gold standard for evaluating comparative ‘efficacy’ of two or more medical 
interventions, there are several reasons why RCTs may not be suitable for generating 
robust evidence of comparative ‘effectiveness’. Deriving effectiveness from RCTs may 
not be straightforward due to a potential lack of external validity of the RCTs – the 
controlled setting of an RCT often may not occur in real-life [2]. Furthermore, due to 
their often restrictive enrollment criteria, patients included in RCTs are not generally 
representative of real-world clinical practice patients [2]. 
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As a result, ‘pragmatic’ randomized trials for 
conducting CER have been proposed in order 
to address the issues of generalizability of tradi-
tional RCTs [3,4]. However, it may not be feasible 
even to conduct pragmatic RCTs for all of the 
CER questions. RCTs are time consuming and 
expensive to design and conduct, particularly 
for comparing the long-term effectiveness or 
safety of interventions wherein patients have to 
be followed for an extended period of time or 
for RCTs involving rare outcomes that require 
sample sizes of hundreds and thousands of 
patients [2]. On the other hand, observational 
study designs often offer the advantages of rela-
tively quick and inexpensive analyses of real-
world data on large number of patients that are 
frequently available from existing databases with 
longitudinal follow-up over several years. As a 
result of the pressing need for CER evidence, in 
combination with improving data availability 
and richness, it is very likely that the demand 
for evidence from observational studies will con-
tinue to grow, despite their inherent limitation of 
different biases that these studies might induce.

The contribution of observational studies to 
the field of medicine is substantial [5,6]. Well-
designed observational studies controlling for 
selection or other biases have been found to yield 
similar results as RCTs [7–11]. At the same time, 
many of the previous findings based on observa-
tional studies have been contradicted by RCTs, 
thus raising questions about the credibility of 
observational studies (e.g., the protective effects 
of hormone therapy on myocardial infarction 
[MI] and b-carotene on lung cancer, among 
others) [12,13]. Many of the divergent findings 
between RCTs and observational studies were 
attributed to the differences in enrolled patient 
populations and the specific methods used to 
account for inherent biases in observational 
studies [5,12,13]. Thus, it is crucial that appropri-
ate statistical methods be used to analyze such 
data, without which drawing reliable statistical 
conclusions from observational studies can be 
hindered. 

Propensity score (PS) methods have emerged 
as an important set of techniques in the statis-
tical and analytic toolkit for studies involving 
observational data. The use of PS methods in 
observational studies (regardless of their focus 
on CER) published in the medical literature has 
proliferated in recent years. A total of 4835 cita-
tions were identified for the search term “pro-
pensity scor*” between the calendar years 1987 

and 2012 in PubMed. The number of citations 
increased exponentially over the last decade, 
from 42 in 2002 to 1118 in 2013 [102]. Further-
more, numerous systematic reviews of PS-based 
studies have been published; however, the major-
ity of these studies have focused on highlighting 
methodological issues in the applications of PS 
methods in published studies [7,10,14–18]. 

This review has three goals. First, to examine 
the trends in PS methods-based observational 
CER studies published in high-impact-factor 
journals (used as a proxy for identifying studies 
of high quality and impact). Second, to provide 
an overview of selected highly cited applications 
of PS methods with a focus on the key policy, 
clinical or research implications emerging from 
the results of these observational CER studies. 
The aim is to present a few examples in order to 
highlight the role that PS methods has played 
in evaluating and informing several important 
CER questions. Third, we conclude with sugges-
tions for improvements to boost confidence in 
evidence generated through observational CER 
using PS methods. 

Brief overview of PS methods & their 
advantages over traditional regression 
models
A PS is the conditional probability of receiving 
the treatment/intervention under study given the 
observed characteristics. PS methods facilitate 
balance in the distribution of observed covari-
ates between the treatment and comparison 
groups. Under the assumption that treatment 
assignment depends only on observed charac-
teristics (‘selection on observables’ assumption), 
Rosenbaum and Rubin showed that balancing 
on the PS is equivalent to balancing on the back-
ground covariates [19]. Estimated PSs can be used 
in many ways to achieve balance between the 
treatment and control cohorts, including match-
ing [19,20], stratification [19,21,22], covariate adjust-
ment [19,21,23] and inverse PS adjustment [24,25]. 
Additionally, extensions of the above methods 
are also available, including doubly robust 
estimation techniques [26] and multidimen-
sional PS techniques [27], which, among other 
things, enable the integration and automation 
of PS-based confounder adjustment modeling by 
incorporating the effect of time-varying covari-
ates. There are many aspects to implementing PS 
methods, including assessment of the goodness-
of-fit of the model used to estimate PSs, as well 
as assessment of the balance between covariates 
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and multivariate adjustment following the appli-
cation of PS methods in order to account for 
residual bias [21,23,28–32]. Note that the goodness-
of-fit of the PS model needs to be discussed in 
the context of how well it balances the observed 
covariates because it is the latter that reflects the 
success of the PS method [2,29,30]. As with con-
ventional multivariate methods that adjust for 
only measured confounders, PS methods also 
account for only measured confounders. Several 
studies have found similar estimates of treatment 
effects between PS-based and conventional 
regression-based studies [17,18]. However, there 
are certain advantages of using PS methods over 
conventional multivariate regression methods: 

 ■ While assessing the outcomes between two 
matched cohorts, it is rather straightforward to 
draw inferences from the matched  analyses [19];

 ■ Conventional regression methods do not 
ensure that the groups being compared have a 
common support (overlapping covariate dis-
tributions). Treatment effect estimates 
obtained from conventional regression meth-
ods outside of the range of common support 
are not generally valid, except under strong 
assumptions [16]. Matching is particularly 
good for addressing the common support 
issue. Stratification also helps in this regard, 
although in the extremes of the strata, there 
may still be observations that lie outside the 
bounds of common support;

 ■ In situations with rare outcomes with multiple 
confounders [16,33,34], PS methods offer a clear 
advantage over traditional regression methods; 

 ■ When key covariates are missing or omitted, 
which is a common problem in observational 
database analyses, both PS and common prog-
nostic models (e.g., regression methods) yield 
similar results, but the potential bias due to a 
misspecified response model can be much 
larger than the bias that can be introduced by 
similar misspecification in PS model [35]; 

 ■ In CER, while comparing the effectiveness of 
two drugs, for example, confounding by indi-
cation is a significant threat to validity; how-
ever, unlike conventional regression models, 
PS methods circumvent this limitation either 
by explicitly modeling the indications for use 
or nonuse of the drugs under study or by 
ensuring that the postmatch distribution of 
the PS between treated and control subjects 

has common overlap, so that patients in the 
nonoverlapping areas are those with a very 
high or very low indication for the drug usage 
[16]. In addition, as Glynn et al. showed, the 
heterogeneity of treatment effects by the 
strength of indication can also be discovered 
using a PS stratification method, which is not 
feasible when using conventional  methods [16];

 ■ An important prerequisite for the widespread 
translation of observational CER results is the 
robustness of the findings to specific study 
designs (i.e., the outcomes of the study must 
not vary by the specific study design that is 
adopted). Such objectivity in observational 
CER can be achieved by PS methods, which 
can help construct the intervention and con-
trol cohorts with a similar distribution of base-
line characteristics without having access to 
data on study outcomes [36,37];

 ■ PS methods afford the application of regres-
sion calibration approaches in order to correct 
for measurement errors in certain observed 
covariates [16,38]. For example, it may be pos-
sible to collect more detailed/complete infor-
mation on a subpopulation of the main study 
population, which enables the estimation of 
the ‘gold standard’ PS, which can then be used 
to correct for the measurement error in the 
main study [38,39]. 

Literature search & study selection strategy
 ■ Criteria for selection of studies to examine 

trends in PS methods use in observational CER 
studies
Potential studies were identified in Scopus, 
a multidisciplinary citation index covering 
20,000 peer-reviewed journals in biomedicine 
and health, science, technology and the arts 
and humanities from 1995 to the present [103]. 
All available fields were searched for the phrase 
“propensity scor*”. The * truncation symbol 
indicates any string of text is acceptable such as 
‘score’, ‘scores’ and ‘scoring’, among others. This 
searching approach within Scopus was sensitive 
in finding all the studies that had the phrase 
“propensity scor*” within their texts; however, 
it lost specificity by including articles that might 
have the phrase only in the reference section, but 
did not use this methodology itself. To account 
for this limitation, specific full-text exclusionary 
criteria were designed in order to appropriately 
exclude articles that only had “propensity scor*” 
appear in the reference section. These criteria 
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were also designed to exclude studies using PS 
methods, but not in the context of CER.

The search was limited to the years 2001 
through to 2012. Within each year, the jour-
nals searched were restricted to the top five gen-
eral and internal medicine journals publishing 
original research. Ranking of journals was based 
on impact factors for the general and internal 
medicine category in each year’s journal citation 
reports [104]. 

 ■ Criteria for selection of studies for review
All articles meeting the Scopus search criteria 
(described above) were categorized into the follow-
ing 2-year groupings: 2001–2002, 2003–2004, 
2005–2006, 2007–2008, 2009–2010 and 2011–
2012. Since impact factors for journal articles may 
be higher the earlier the article was published, we 
wanted to ensure that we picked impactful studies 
from each of the above 2-year periods. Full texts 
were obtained for the five articles within each 
2-year grouping having the highest number of 
citations in Scopus. These 30 articles then under-
went a full-text review. Articles needed to meet 
the following criteria from the full-text review to 
be considered in the analysis:

 ■ Propensity analysis involves comparison of at 
least two distinct nonplacebo pharmaceutical 
drugs, medical/surgical procedures or medical 
devices. If ‘standard of care’ as a nonplacebo 
comparator is used in the study, it must be 
explicitly described. Placebo as a comparator 
is ruled out since CER is expected to provide 
comparative evidence between alternative 
treatment options that will be most relevant to 
the decision-maker in the real-world setting [1]; 

 ■ Treatments or interventions must be distinct, 
but not simply being differing intensities of 
the same intervention;

 ■ Must be original work. Review articles, theo-
retical articles or papers on PS methods other 
than their applications and editorials were 
excluded.

The review of the full-text articles was con-
ducted by two of the authors. Complete agreement 
between the two reviewers was required for final 
inclusion of an article. Discordance on study inclu-
sion was discussed by the reviewers until arriving at 
a consensus. Initial review resulted in 80% agree-
ment on the articles to be included for analysis. For 
the discordant articles, consensus was reached fol-
lowing minimal discussion between the reviewers. 

Trends in the applications of PS methods in 
observational CER studies 
Our initial search using the Scopus criteria 
“propensity scor*” returned 273 CER articles 
in the top five general and internal medicine 
journals between 2001 and 2012. Figure 1 shows 
the number of CER articles that used PS meth-
ods between the time period from 2001 to 2012 
for the five journals in question. The graph indi-
cates an upward trend in the publications of PS-
based studies in the top five general and internal 
medicine journals in the last 3 years. 

Overview of selected studies
Details regarding the 30 articles selected for 
a full-text review, which included the top five 
articles in each 2-year period in terms of num-
ber of citations, are provided in Supplemen-
tary Table 1 (see online at www.futuremedicine.
com/doi/suppl/10.2217/cer.13.89). These arti-
cles came from the following journals: Annals 
of Internal Medicine (n = 3), The Journal of the 
American Medical Association (n = 15), The 
Lancet (n = 2) and The New England Journal of 
Medicine (n = 10). Supplementary Table 2 docu-
ments which of the three inclusion criteria were 
satisfied by the 30 articles that were eligible for 
full-text review. Upon applying the full-text 
review criteria, six out of the 30 articles were 
considered eligible for inclusion in our study, 
which came from the following journals: The 
Lancet (n = 1), The Journal of the American 
Medical Association (n = 2) and The New Eng-
land Journal of Medicine (n = 3) [40–45]. Three 
of the six studies focused on comparative safety 
outcomes, whereas the other three focused on 
comparative effectiveness outcomes. The fol-
lowing sections provide a brief overview of each 
of these six studies. 

 ■ Study 1: Wang et al. (2005)
In 2008, the US FDA issued a public advisory 
to patients and providers on the potential safety 
concerns associated with conventional antipsy-
chotics prescribed to the elderly for dementia-
related psychosis, and also required manufactur-
ers to add a boxed warning regarding the mor-
tality risk for this class of drugs [105]. Although 
the FDA cited two different observational stud-
ies in this advisory [46,47], the study by Wang 
et al. arrived at similar conclusions 3 years earlier 
regarding the comparable risk profile of both 
conventional and atypical antipsychotic medica-
tions [40]. Their study used a propensity-matched 
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sample of elderly patients with a drug insurance 
benefit from the state of Pennsylvania between 
1994 and 2003, and found that conventional 
antipsychotic medications have similar risks as 
those of atypical antipsychotic medications [40]. 
This study used PS-adjusted Cox proportional 
hazard models to confirm the findings from 
 traditional multivariate regression models [40].

The results of this study highlight how obser-
vational CER using PS methods was able to pro-
vide very early evidence of the comparative safety 
of medications in elderly patients with dementia-
related psychosis – a vulnerable patient group 
that is most often excluded from traditional 
RCTs. Upon further confirmatory evidence, the 
findings of this study had direct implications for 
the generation of an FDA advisory. 

 ■ Study 2: Lagerqvist et al. (2007)
The study by Lagerqvist et al. sets out to evaluate 
the hypothesis that drug-eluting stents (DESs) 
were associated with a higher rate of long-term 
adverse outcomes (deaths and MI) compared 
with bare-metal stents (BMSs) [41]. Using 
national registry data from Sweden, their study 
found that DESs were associated with a higher 
risk of death and a higher risk of the composite 
outcome of death or MI (Table 1) [41]. They used 
the estimated PS as a covariate in the multivariate 
adjustment through Cox modeling [19,41].

The results of this study provided supporting 
evidence for the need for a large RCT in order 
to further validate these findings. RCT evidence 
that has accumulated since the publication of 
this study has suggested the existence of a com-
parable safety and effectiveness profile between 
DESs and BMSs [48].

 ■ Study 3: Eisenstein et al. (2007)
At approximately the time that Eisenstein et al. 
undertook their study [42], some new evidence 
suggested that a shorter regimen of clopidogrel 
therapy was associated with a higher incidence 
of deaths and/or MI in patients undergoing per-
cutaneous coronary intervention with DESs and 
BMSs [49,50]. This observational study of patients 
receiving DESs or BMSs from a single institu-
tion, which used inverse PS-weighted methods 
[19,24,51,52], along with multivariate Cox regres-
sion, showed that extended clopidogrel use in 
DES patients was associated with a reduced risk 
of death and the composite of death or MI.

The results of this observational CER study 
highlighted to the clinical community that 

clopidogrel use appeared to have benefited 
patients undergoing DES treatment; however, 
the duration of its use needs to be confirmed 
through a large RCT.

 ■ Study 4: O’Donoghue et al. (2009)
Using PS methods, O’Donoghue et al. found 
that concomitant use of proton pump inhibi-
tors (PPIs) was not suggestive of attenuating 
the effects of clopidogrel versus prasugrel [43]. 
Although the data for their study came from 
two separate RCTs – PRINCIPLE-TIMI 44 
[53] and TRITON-TIMI 38 [54] – PPI use was 
at the physician’s discretion, which necessitated 
the adjustment of patient baseline characteris-
tics through PS methods. In the PRINCIPLE-
TIMI 44 trial, the primary outcome of the 
inhibition of platelet aggregation was assessed 
between percutaneous coronary intervention 
patients receiving clopidogrel or prasugrel with 
and without PPIs [53]. In the TRITON-TIMI 38 
trial, acute coronary syndrome patients were 
randomized to receive clopidogrel and prasug-
rel, of which 33% of the patients were on PPIs 
at the time of randomization, where the primary 
outcome of interest was the composite of car-
diovascular death, MI or stroke (Table 1) [54]. 
O’Donoghue et al. used PS with stratification, 
in which multivariate adjustment through Cox 
regression was conducted within each of the 
11 strata, and the final treatment effect of PPIs 
on the outcome was derived by averaging across 
the strata treatment effects [43]. 

This study was a novel application of data col-
lected in clinical trials in order to answer a CER 
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Table 1. Summary of the selected studies reviewed in this article.

Study (year) Comparative 
effectiveness 
or safety study

Medical 
specialty

Data source Treatment Comparator Outcome

Wang et al. 
(2005)

Comparative 
safety 

Psychiatry Pennsylvania 
Pharmaceutical
Assistance Contract 
for the Elderly, a large 
state prescription-
benefits program for 
the elderly in the USA 
(1994–2003)

Conventional 
antipsychotic 
medication

Atypical 
antipsychotic 
medication

Death in the following 
time intervals:
≤180 days, <40 days, 
40–79 days,  
80–180 days

Lagerqvist 
et al. (2007) 

Comparative 
safety 

Cardiology Swedish Coronary
Angiography and 
Angioplasty Registry 
(2003–2004)

DESs BMSs Primary: composite of 
death or MI
Secondary: death, MI, 
revascularization
and restenosis

Eisenstein 
et al. (2007) 

Comparative 
effectiveness

Cardiology Database of 
patients receiving 
intracoronary stents 
at Duke Heart Center, 
NC, USA (January 
2000–July 2005)

Clopidogrel use 
in DES and 
BMS patients

No 
clopidogrel 
use in DES 
and BMS 
patients

Death, nonfatal MI or a 
composite of death or MI

O’Donoghue 
et al. (2009) 

Comparative 
effectiveness

Cardiology The data came 
from two RCTs: 
PRINCIPLE–TIMI 44 
[53] and TRITON–TIMI 
38 [54]

Prasugrel- versus 
clopidogrel-
receiving 
patients with 
PPIs

Prasugrel- 
and 
clopidogrel-
receiving 
patients 
without PPIs

Inhibition of platelet 
aggregation (PRINCIPLE–
TIMI 44)
Composite of CV 
death, MI or stroke 
(TRITON–TIMI 38)

BMS: Bare-metal stent; CER: Comparative effectiveness research; CV: Cardiovascular; DES: Drug-eluting stent; GEE: Generalized estimating equation; HR: Hazard 
ratio; MI: Myocardial infarction; MIRP: Minimally invasive radical prostatectomy; PPI: Proton pump inhibitor; PS: Propensity score; RCT: Randomized controlled trial; 
RRP: Retropubic radical prostatectomy.
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Table 1. Summary of the selected studies reviewed in this article (cont.).

Estimated treatment effect Specific PS method used Downstream impact Ref.

The estimated HR for each of the four 
time periods were:
≤180 days: HR: 1.37 (95% CI: 1.27–1.49)
<40 days: HR: 1.56 (95% CI: 1.37–1.78)
40–79 days: HR: 1.37 (95% CI: 1.19–1.59)
80–180 days: HR: 1.27 (95% CI: 1.14–1.41)

Cox proportional hazard model 
was used
In confirmatory analysis, Cox models 
were used in the deciles of the PS [19], 
which did not change the results based 
on conventional Cox models

The backdrop of the paper was the 
US FDA advisory on the potential 
risks of mortality associated with 
atypical antipsychotic medications [89]. 
However, the mortality risk associated 
with conventional antipsychotics was 
not known at that time. This paper 
provided the early evidence of the 
risks associated with conventional 
antipsychotic medications. In 2008, 
3 years after the publication of 
this paper, the FDA announced 
similar warnings for conventional 
antipsychotics as well [105] 

[40]

Between 6 months and 3 years: 
adjusted relative risk for death for DES 
compared with BMS cohort was 1.32 
(95% CI: 1.11–1.57)
At 3 years, adjusted relative risk of 
death was 1.18 (95% CI: 1.04–1.35)

Cox regression adjustment with 
estimated PS included as a covariate [19]

The study suggested large RCTs 
were required to confirm the safety 
outcomes between DES and BMS 
cohorts. Recently accumulated RCT 
evidence suggests comparable safety 
and effectiveness profiles between 
DESs and BMSs [49]

[41]

DES cohort at 24 months, which was 
event free for the first 6 months:
death rate: 2.0 vs 5.3% (difference: 
-3.3%; 95% CI: -6.3 to -0.3%; p = 0.03); 
death or MI: 3.1 vs 7.2% (difference: 
-4.1%; 95% CI: -7.6 to -0.6%; p = 0.02); 
no difference for BMS cohort
A similar beneficial effect of clopidogrel 
continued for the DES cohort that 
was event free at 12 months, but no 
difference was observed for the parallel 
BMS cohort

Inverse weighting with PS and Cox 
proportional hazard regression was 
carried out [19,51]

Clopidogrel use appeared to benefit 
the patients undergoing DES treatment; 
however, the duration of its use needs 
to be confirmed through a large RCT 

[42]

Mean inhibition of platelet aggregation: 
clopidogrel cohort: 23.2 ± 19.5% vs 
35.2 ± 20.9% (p = 0.02);  
prasugrel cohort: 69.6 ± 13.5% vs 
76.7 ± 12.4% (p = 0.054);
primary end point: clopidogrel: HR: 0.94 
(95% CI: 0.80–1.11) 
Prasugrel: HR: 1.00 (95% CI: 0.84–1.20)

PS stratification with Cox regression was 
fitted within each stratum and the final 
treatment effect was estimated as the 
weighted stratum mean

PPIs do not appear to attenuate the 
antiplatelet effect of clopidogrel. This 
study demonstrated how clinical trial 
data may be used to answer a CER 
question given that the treatment 
strategy under evaluation was not 
randomized, and it also highlighted the 
potential for future consideration of 
such data for CER research

[43]

BMS: Bare-metal stent; CER: Comparative effectiveness research; CV: Cardiovascular; DES: Drug-eluting stent; GEE: Generalized estimating equation; HR: Hazard 
ratio; MI: Myocardial infarction; MIRP: Minimally invasive radical prostatectomy; PPI: Proton pump inhibitor; PS: Propensity score; RCT: Randomized controlled trial; 
RRP: Retropubic radical prostatectomy.
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question, given that the treatment strategy under 
evaluation was not randomized, and it high-
lighted the potential for the future  consideration 
of such data for CER research. 

 ■ Study 5: Hu et al. (2009)
The study from Hu et al., which assessed out-
comes following minimally invasive radical 
prostatectomy (MIRP) versus open retropubic 
radical prostatectomy (RRP), was a case in 
point that illustrates the necessity of relying on 
observational CER due to lack of RCTs [44]. 

The authors used weighted PS methods to bal-
ance observed patient characteristics followed 
by generalized estimating equation modeling in 
order to account for potential surgeon clustering 
[22,55–57]. The primary finding of the study was 
that, compared with RRP, MIRP was associated 
with a shorter length of inpatient stay and fewer 
respiratory and miscellaneous surgical compli-
cations and strictures, but was also associated 
with higher rates of genitourinary complica-
tions, incontinence and erectile dysfunction 
(Table 1) [44]. 

Table 1. Summary of the selected studies reviewed in this article (cont.).

Study (year) Comparative 
effectiveness 
or safety study

Medical 
specialty

Data source Treatment Comparator Outcome

Hu et al. 
(2009)

Comparative 
effectiveness

Urology/
general 
prostate 
disease

US Surveillance, 
Epidemiology and 
End Results (SEER)–
Medicare-linked data 
from 2003 through to 
2007

MIRP Open RRP The following 
postoperative outcomes 
were analyzed:
30-day complications,
anastomotic stricture 
at 31–365 days, 
incontinence, erectile 
dysfunction and
use of additional cancer 
therapies

Ray et al. 
(2012)

Comparative 
safety

Cardiology Tennessee Medicaid 
Program Data 
(1992–2006)

Azithromycin No 
antibiotics,
amoxicillin,
ciprofloxacin 
or
levofloxacin

CV death or all-cause 
death

BMS: Bare-metal stent; CER: Comparative effectiveness research; CV: Cardiovascular; DES: Drug-eluting stent; GEE: Generalized estimating equation; HR: Hazard 
ratio; MI: Myocardial infarction; MIRP: Minimally invasive radical prostatectomy; PPI: Proton pump inhibitor; PS: Propensity score; RCT: Randomized controlled trial; 
RRP: Retropubic radical prostatectomy.
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This study highlighted the notion that, 
contrary to the well-publicized perception of 
MIRP being a complication-free approach, 
patients undergoing MIRP were more likely 
to have genitourinary complications, inconti-
nence and erectile dysfunction than their RRP 
counterparts.

 ■ Study 6: Ray et al. (2012)
Using Tennessee Medicaid program data, 
Ray et al. studied the association between 

azithromycin use and death (cardiovascular 
and all-cause) compared with no antibiotics, 
amoxicillin, ciprofloxacin and levofloxacin [45]. 
The unit of their analysis was the course of the 
antibiotic therapy; each azithromycin prescrip-
tion was frequency-matched to four controls 
using PS based on 153 covariates [45,58]. Their 
PS-based analyses demonstrated that azithromy-
cin was associated with an increased risk of car-
diovascular and all-cause death compared with 
the no antibiotics cohort and the amoxicillin 

Table 1. Summary of the selected studies reviewed in this article (cont.).

Estimated treatment effect Specific PS method used Downstream impact Ref.

Complications:
respiratory complications: 4.3 vs 6.6% 
(p = 0.004);
miscellaneous surgical complications: 
4.3 vs 5.6% (p = 0.03);
genitourinary complications: 4.7 vs 2.1% 
(p = 0.001);
anastomotic stricture: 5.8 vs 14.0% 
(p < 0.001);
diagnoses of incontinence: 15.9 vs 12.2 
per 100 person-years (p = 0.02);
erectile dysfunction: 26.8 vs 19.2 per 
100 person-years (p = 0.009);
additional cancer therapies did not 
differ by surgical procedure: 8.2 vs 6.9 
per 100 person-years (p = 0.35)

Inverse PS weighting [55] followed 
by GEE use to account for surgeon 
clustering [57]

Given that there is no head-to-head 
trial in this area, an observational 
study such as this was potentially the 
second-best option. The study clearly 
shows that while MIRP has some 
advantages with regards to some 
of the complications, it is not better 
than RRP in many other respects, 
including genitourinary complications, 
incontinence and erectile dysfunction. 
Thus, contrary to the well-publicized 
perception that MIRP is associated with 
lower postoperative complications, 
this study documents that patients 
undergoing MIRP were more likely 
to have genitourinary complications, 
incontinence and erectile dysfunction 
than their RRP counterparts

[44]

Azithromycin vs no antibiotics:
CV death: HR: 2.88 (95% CI: 1.79–4.63; 
p < 0.001);
all-cause death: HR: 1.85 (95% CI: 
1.25–2.75; p = 0.002); 
azithromycin vs amoxicillin:
CV death: HR: 2.49 (95% CI: 1.38–4.50; 
p = 0.002)
all-cause death: HR: 2.02 (95% CI: 
1.24–3.30; p = 0.005)

Pairwise comparison of the treated and 
control cohorts conducted using PS 
methods
For the azithromycin vs no antibiotic 
cohort, PS matching was conducted
For the azithromycin vs amoxicillin 
comparison, the distribution of 
outcomes for amoxicillin was weighted 
by inverse PS weighting in order to 
standardize the distribution to that of 
azithromycin [31]

Overlap of the distribution of PS was 
checked between the intervention 
and the control cohort. In sensitivity 
analyses, the results were confirmed 
through stratified analyses by PS deciles
Cox regression models were applied to 
estimate the HRs 

Resulted in safety warning from the 
FDA on the use of azithromycin [106]

[45]

BMS: Bare-metal stent; CER: Comparative effectiveness research; CV: Cardiovascular; DES: Drug-eluting stent; GEE: Generalized estimating equation; HR: Hazard 
ratio; MI: Myocardial infarction; MIRP: Minimally invasive radical prostatectomy; PPI: Proton pump inhibitor; PS: Propensity score; RCT: Randomized controlled trial; 
RRP: Retropubic radical prostatectomy.
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cohort (see Table 1 for the specific PS methods 
used) [45]. Following their publication of these 
results, the FDA issued a safety warning that 
azithromycin may be associated with a risk of 
potentially fatal heart rhythms compared with 
no drug use, amoxicillin or levofloxacin, and 
consequently the drug labels were updated in 
order to reflect this increased risk [45,106].

This study is an excellent example of a PS-
based observational CER study that had direct 
policy implications and potential implications 
for clinical practice in terms of how azithromycin 
may be prescribed compared with  amoxicillin or 
levofloxacin. 

Discussion
This article has found evidence of a growing 
use of PS-based observational CER studies over 
the past decade in five high-impact general and 
internal medicine journals. One explanation for 
the expanding use of PS methods in the medi-
cal literature is its intuitive appeal, particularly 
its ability to balance comparison groups on the 
basis of observed covariates, which seemingly 
mimics the design of a randomized trial in an 
observational study [16,19,21,56,59]. PS methods 
also help to make study analyses more transpar-
ent (and seemingly simple), often leading to the 
presentation of results in a manner that is simi-
lar to randomized trials. However, it is worth 
noting that a detailed assessment of whether PS 
methods have been applied correctly was beyond 
scope of this review, and as such, details on the 
measured covariates adjusted through PS meth-
ods, and the potential effect of residual bias due 
to unmeasured covariates, were not discussed. 
Our review of the highest-cited articles in high-
impact journals over the past decade also high-
lights the potential for PS-based observational 
CER studies to have important clinical, policy 
and research implications. What is noteworthy 
was that the identified studies were equal in 
terms of the numbers of comparative safety and 
comparative effectiveness studies. 

There are two clear recommendations for 
the future observational CER studies using 
PS methods that emerge from our review. As 
already noted, PS methods comprise of a collec-
tion of different methods [16,19–21,29]. Different 
PS methods may yield different treatment effect 
estimates [15,60], potentially leading to different 
inferences or policy implications. This is why 
it is important to conduct sensitivity analyses 
and provide a range of the estimated treatment 

effects across different methods [15,20,60,61]. 
For example, PS matching with or without 
replacement may generate different treatment 
effect estimates, and so does radius matching 
with different radii [20]. However, given that 
different PS methods are not nested, a formal 
comparison of whether the treatment effect esti-
mates are statistically different or not may not 
be straightforward, and might require resort-
ing to bootstrap simulations [62]. In a series of 
recent articles using Monte Carlo simulations, 
Austin and colleagues have shown how differ-
ent PS methods perform relatively better than 
others for estimating specific measures, such as 
marginal odds ratios, relative risks and hazard 
ratios [60,63–68]. These papers, however, do not 
provide general guidance to a CER practitio-
ner in choosing the appropriate PS method for 
the specific data situation in hand. Neverthe-
less, in order to ensure that the CER results are 
robust to the specific PS methods used, simple 
sensitivity analyses may comprise of tabulating 
the treatment effect estimates from different 
PS methods, which would then provide a range 
for the treatment effects for different PS meth-
ods. Bootstrap methods can then be used to 
assess whether the estimates are different from 
each other. 

Previous systematic reviews suggest that the 
implementation and reporting of PS methods in 
clinical studies have not been well documented 
[14,17,32]. Our review of the six studies in this 
article also bears testimony to the above two 
issues. Even these highly cited studies published 
in high-impact journals, which is presumably 
a proxy for the quality of the papers, used a 
specific PS method (e.g., matching [45], strati-
fication [40,43], covariate adjustment [41] and 
inverse probability weighting [42,44]); however, it 
is unclear whether and how the reported results 
would have changed if those studies had used 
alternative PS methods. Another important 
aspect of PS implementation is assessing the 
extent to which comparative effectiveness results 
derived from PS methods such as matching are 
robust to the presence of potential unmea-
sured confounders through sensitivity analyses 
[69–71]. However, this important aspect of PS 
implementation has been largely ignored in the 
literature, including the six papers reviewed in 
our study. This may have been due to a lack 
of available software in order to conduct such 
sensitivity analyses, which has been addressed 
in recent times [72,107]. 
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In addition, the studies included in our review 
reported various aspects of PS implementation, 
including checking of overlap of the PS distribu-
tion between treated and control patients and 
covariate balance testing in a nonuniform man-
ner. Thus, the field of CER would benefit from 
a uniform set of implementation and reporting 
guidelines for PS methods. Such guidelines 
need to be developed collaboratively by dif-
ferent stakeholders (e.g., industry, academia, 
payers and government), which will improve 
transparency and the widespread adoption of 
PS methods. Peer-reviewed scientific journals 
can also contribute to the uniform adoption 
of PS guidelines by requiring authors of CER 
studies to document the use of these guidelines. 
Several organizations have either developed or 
are currently working to help develop guidelines 
for observational research. For example, a recent 
report by the Agency for Healthcare Research 
and Quality (AHRQ) provides guidance on 
the methodological issues surrounding observa-
tional CER [108]. In addition, the International 
Society for Pharmacoeconomics and Outcomes 
Research (ISPOR) and the European Network 
of Centres for Pharmacoepidemiology and Phar-
macovigilance (ENCePP) are both working to 
develop standards for observational research 
[109,110]. This approach can also help to minimize 
the problem of selective reporting (both of the 
outcomes and the specific methods used) that 
often characterize observational studies [73]. In 
addition, the proposed guidelines may require 
all observational CER studies to be registered, 
so that all of the relevant issues in conducting a 
specific observational study, including the sta-
tistical methods to be used for evaluating com-
parative effectiveness, are prespecified, which in 
turn will address the issue of selective reporting 
and also improve the credibility of the results 
[6,7,73]. The ultimate goal of mandating guideline 
adoption for CER studies using PS is to ensure 
that the reported evidence of CER is robust and 
reproducible. 

The second recommendation relates to allevi-
ating the inherent issue that due to PS methods’ 
inability to adjust for unmeasured characteris-
tics. In other words, PS methods are not pan-
acea for the lack of crucial data on treatment 
assignment, including patient and provider 
characteristics, access to healthcare and all of the 
relevant clinical information that might influ-
ence the specific intervention that the patient 
receives instead of the alternatives. In order for 

observational studies to become more reliable, 
these data gaps need to be bridged. For exam-
ple, observational databases need to capture 
more clinical data [74], which can potentially be 
accomplished by merging claims databases with 
clinical databases (e.g., laboratory databases or 
patient/disease registries). Of course, the com-
pleteness of the data fields and/or minimal loss 
to follow-up of patients in such clinical databases 
is going to be key to ensuring the validity of their 
use in CER research. Demographic and other 
characteristics can influence treatment choice 
in addition to the outcomes of the treatment [1], 
as well as patient preferences, which, in turn, 
can potentially impact provider decisions on the 
choice of specific interventions [75]. Wherever 
possible, patient centeredness of the research 
design and the corresponding outcomes may be 
improved by linking observational databases to 
the qualitative data gathered from focus group 
or in-depth interviews. Thus, capturing these 
patient characteristics and/or merging multiple 
databases that facilitate access to a rich set of 
confounders will minimize the unmeasured bias 
associated with PS methods. The good news is 
that there has been a movement towards achiev-
ing this goal (e.g., through the recent initiatives 
for building distributed data networks, with or 
without a central secure data warehouse; the 
former houses multiple data sources, including 
electronic health records [76,77], while in the lat-
ter arrangement, data are distributed across the 
network and often behind the firewall, including 
the Surveillance, Epidemiology and End Results 
[SEER]–Medicare linked data [111] and the Soci-
ety for Thoracic Surgeons [STS] national data-
base linked to Medicare claims data [78]). The 
importance of developing a national infrastruc-
ture for facilitating robust CER, which would 
also address many of the issues that we have 
discussed, was echoed in two recent Institute 
of Medicine (IOM) reports [79,80]. One hurdle 
towards achieving the goal of merging multi-
ple datasets is patient privacy, which might be 
compromised. But there are ways to overcome 
these privacy concerns, as shown by Rassen 
et al., which enabled data pooling from mul-
tiple sources followed by multivariate adjustment 
on the fly, without requiring patient-identifying 
information [81].

Several limitations of the current review 
should be acknowledged. Although the formal 
CER definition covers a comprehensive list of 
interventions that includes any strategy or item 



future science group

REVIEW   Borah, Moriarty, Crown & Doshi

74 J. Comp. Eff. Res. (2014) 3(1)

“used in the treatment, management, diagnosis 
of or prevention of illness or injury in indivi-
duals” [101], we restricted our review only to 
those studies that involved a comparison of non-
placebo pharmaceutical drugs, medical/surgical 
procedures or medical devices for tractability. 
Furthermore, our literature search results on 
trends in PS-based observational CER studies 
may not be generalizable, given our selection of 
only high-impact journals in the field of gen-
eral and internal medicine. We used this selec-
tion strategy and the number of citations as a 
proxy for the quality and potential impact of 
articles to be identified for the review. How-
ever, this clearly may not be the case, given the 
subjectivity of the peer-review process across all 
journals. Additionally, we restricted the full-text 
review to the top five cited articles in each 2-year 
timeframe as a convenient sample. The choice 
of the top five instead of another number was, 
admittedly, arbitrary. Had we allowed all arti-
cles found from the methodology of searching 
journals to undergo a full-text review, we may 
have had more articles satisfy the study inclu-
sion criteria. Finally, a large literature – partic-
ularly in health econometrics – has attempted 
to address the bias issues introduced by unob-
served confounders through alternative meth-
odologies, such as instrumental variables (IVs) 
[82,83]. While a full discussion of these methods 
is beyond the scope of this review, it should be 
noted that these methods bear many similarities 
to PS-based methods. In fact, the estimation of 
PS is often a preliminary step in the application 
of these related tools, including the local average 
treatment effect estimator, which is a ratio of 
two matching estimators with the denominator 
indicating the difference in propensity of receiv-
ing treatment at two values of the IV [69,84]. The 
key distinguishing feature of IV methods is that 
they can address both observed and unobserved 
confounders, whereas PS analysis, as discussed 
previously, is limited in its ability to account 
for the latter. Nevertheless, the application of 
IV methods in CER is largely limited due to 
the difficulty in identifying reliable and valid 
instruments [85]. Furthermore, as opposed to the 
simplicity of the PS methods, the interpretation 
of the treatment effects in IV methods are not 
intuitive to most lay audiences. Regardless, dis-
cordance in the estimates of treatment effects 
may arise between PS and IV methods [86,87], 
which may be confusing for the end user of the 
research findings, suggesting that CER evidence 

from observational data needs to be validated 
with alternative methods [40,86,87].

Conclusion
Although there are numerous well-known chal-
lenges to the robustness of conclusions drawn 
from any observational study, we believe that 
the combination of improving data systems and 
statistical methodology, including the ability to 
determine the most appropriate PS method to use 
in a specific data situation, will play an important 
role in helping to address these challenges. PS 
methods will continue to remain a key part of 
the statistical toolkit for researchers  conducting 
CER studies using observational data. 

Future perspective
It seems clear that the demand for evidence from 
observational studies will continue to grow in 
the coming years. The need for evidence in order 
to provide guidance to clinicians, policymakers 
and patients is acute. There are simply too many 
questions in healthcare that it is not feasible to 
answer them all with RCTs, nor can society afford 
the time and resources associated with develop-
ing all CER evidence through randomized trials. 
Although there are numerous well-known chal-
lenges to the robustness of the conclusions drawn 
from any observational study, we believe that 
the combination of improving data systems and 
statistical methodologies will play an important 
role in helping to address these challenges. This 
involves not only the linkage of claims and elec-
tronic health record data, but also patient-centered 
outcomes and qualitative data. PS methods will be 
a key part of the statistical toolkit for researchers 
conducting CER using observational data.
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Executive summary

Background
 ■ While randomized controlled trials (RCTs) are considered to have the strongest research design, it is not possible to conduct an RCT 
to answer every comparative effectiveness research (CER) question. Moreover, RCTs are generally time consuming and expensive to 
conduct relative to observational studies, and they often lack generalizability to real-world settings. Given the growing demand for 
CER to inform real-world clinical practice, there will be a growing demand for evidence from observational studies.

 ■ Given the challenges to drawing reliable conclusions from observational studies, it is very important to use appropriate research 
designs and statistical methods in order to account for the biases in observational data. 

 ■ Propensity score (PS) methods are an important set of tools for the analysis of observational data, and their use has been 
growing substantially in recent years.

Literature search & study selection strategy
 ■ Potential studies were identified in Scopus, a multidisciplinary citation index covering 20,000 peer-reviewed journals in 
biomedicine and health, science, technology and the humanities from 1995 to the present.

 ■ The search was restricted to the top five (in terms of impact factor) general and internal medicine journals publishing original 
research.

 ■ A full-text review was performed on the six articles with the highest impact factor among each of the 2-year timeframes spanning 
from 2001 to 2012. These studies used PS methods in order to adjust for baseline confounds, while evaluating the comparative 
effectiveness of the interventions under study.

Overview of selected studies
 ■ Study 1 looked at the comparable risk profile of both typical and atypical antipsychotic medications. The findings of this study 
had implications for the generation of a US FDA advisory.

 ■ Study 2 evaluated the hypothesis that drug-eluting stents (DESs) were associated with a higher rate of long-term adverse 
outcomes compared with bare-metal stents, and found evidence to support this. This study highlighted the need for a large RCT 
in order to further validate the findings of higher adverse outcomes in DESs.

 ■ Study 3 investigated whether a shorter regimen of clopidogrel therapy was associated with a higher incidence of deaths and/or 
myocardial infarction in percutaneous coronary intervention patients with DESs and bare-metal stents. The results highlighted 
the notion that clopidogrel use appeared to have benefited patients undergoing DES treatment, although the duration of its use 
needs to be confirmed through a large RCT.

 ■ Study 4 found that concomitant use of proton pump inhibitors was not suggestive of an attenuation of the effects of clopidogrel 
versus prasugrel. This study was a novel application of data collected in clinical trials in order to answer a CER question for which 
the specific intervention being evaluated was not randomized, and it highlighted the potential for future consideration of such 
data for CER. 

 ■ Study 5 assessed outcomes following minimally invasive radical prostatectomy versus open retropubic radical prostatectomy. 
This study highlighted the fact that, contrary to the well-publicized perception that minimally invasive radical prostatectomy is a 
complication-free approach, patients undergoing this procedure were at higher risk of developing genitourinary complications, 
incontinence and erectile dysfunction than their retropubic radical prostatectomy counterparts.

 ■ Study 6 studied the association between azithromycin use and death compared with no antibiotics, amoxicillin, ciprofloxacin and 
levofloxacin. Following the publication of this study, the FDA issued a safety warning that azithromycin may be associated with a 
risk of potentially fatal heart rhythms compared with no drug use, amoxicillin or levofloxacin, and consequently the drug labels 
were updated to reflect this increased risk.

Discussion
 ■ The current article has found a growing use of PS-based observational CER studies over the past decade in high-impact general 
and internal medicine journals.

 ■ The field of CER requires a uniform set of implementation and reporting guidelines for PS methods. Such guidelines need to 
be developed collaboratively by different stakeholders (e.g., industry, academia, payers and government), which will improve 
transparency and the widespread adoption of PS methods.

 ■ PS methods are not a panacea for a lack of crucial data on treatment assignment, including patient and provider characteristics, 
access to healthcare and all of the relevant clinical information that might influence the specific intervention that the patient 
receives instead of the alternatives. In order for observational studies to become more reliable, these gaps in the data need to be 
bridged. Furthermore, the use of PS methods is not a panacea for improper study design.

 ■ Although there are numerous well-known challenges to the robustness of the conclusions drawn from any observational study, 
we believe that the combination of improving data systems and statistical methodologies, such as PS methods discussed in the 
current article, will play an important role in helping to address these challenges.
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