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After decades of warfarin being the only oral anticoagulant (OAC) widely available for stroke prevention
in atrial fibrillation, four direct OACs (apixaban, dabigatran, edoxaban and rivaroxaban) were approved
after demonstrating noninferior efficacy and safety versus warfarin in randomized controlled trials. Com-
parative effectiveness research of OACs based on real-world data provides complementary information
to randomized controlled trials. Propensity score matching and inverse probability of treatment weight-
ing are increasingly popular methods used to address confounding by indication potentially arising in
comparative effectiveness research due to a lack of randomization in treatment assignment. This review
describes the fundamentals of propensity score matching and inverse probability of treatment weighting,
appraises differences between them and presents applied examples to elevate understanding of these
methods within the atrial fibrillation field.

First draft submitted: 27 January 2020; Accepted for publication: 3 March 2020; Published online:
18 March 2020

Keywords: atrial fibrillation • comparative effectiveness research • confounding by indication • inverse probability
of treatment weighting • oral anticoagulants • propensity score matching

Atrial fibrillation (AF) is a cardiac arrhythmia affecting millions worldwide. In 2010, the global prevalence of AF
was estimated at 33.5 million [1] and projections indicate a doubling in the number of patients by 2050 [2], with
the ageing population a key contributing factor. AF significantly increases the risk of thromboembolic stroke with
patients five-times more likely to experience stroke compared with those without AF [3]. Oral anticoagulants (OACs)
are effective in reducing the risk of stroke by 64%, according to a meta-analysis [4]. After decades of warfarin being
the only OAC widely available, four direct OACs (DOACs; apixaban, dabigatran, edoxaban and rivaroxaban)
were approved after demonstrating noninferior efficacy and safety versus warfarin in randomized controlled trials
(RCTs) [5–8].

RCTs evaluate the efficacy and safety of OACs in well-controlled environments with precisely defined study
population inclusion and exclusion criteria. RCTs are purposefully designed to minimize sources of bias and
provide the ideal conditions for testing whether a cause–effect relationship exists between a treatment and an
outcome [9]. Real-world evidence (RWE), derived from data collected in the normal delivery of clinical care,
provides complementary information to that obtained from RCTs and is of increasing interest to healthcare
decision makers [10]. RWE can be used to establish whether trial efficacy translates into real-world effectiveness,
or to explore how a treatment performs in more diverse patient populations with differing levels of adherence

J. Comp. Eff. Res. (2020) 9(9), 603–614 ISSN 2042-6305 60310.2217/cer-2020-0013 C© 2020 Victoria Allan

https://orcid.org/0000-0002-3284-8896


Review Allan, Ramagopalan, Mardekian et al.

and compliance, over a longer period of follow-up and in comparative effectiveness research (CER) versus other
therapies that have not been examined under trial conditions [11].

The introduction of DOACs has significantly expanded the number of treatment options available to AF patients,
yet to date there have been no RCTs comparing the efficacy of one DOAC against another. In the absence of head-
to-head RCTs, the comparative effectiveness of DOACs continues to be extensively researched using RWE studies.
In a recent systematic review and meta-analysis, Li and colleagues identified 15 RWE studies comparing rivaroxaban
versus dabigatran, nine studies comparing rivaroxaban versus apixaban and nine studies comparing apixaban versus
dabigatran; there were no comparisons with edoxaban, reflecting its later approval date. The meta-analyzed results
showed no significant differences between the three DOACs compared in terms of stroke or systemic embolism
risk, whereas apixaban was associated with a significantly lower risk of major bleeding compared with rivaroxaban
and dabigatran, and rivaroxaban conferred a significantly higher risk of major bleeding compared with dabigatran.
Li and colleagues concluded that the study results may help to guide treatment decisions on the choice of DOACs
for patients with AF. However, highlighting a key limitation, the authors reflected that DOAC treatments were
not prescribed at random, therefore there could be confounding by indication bias influencing the findings. The
potential for bias among the included studies was assessed using the Cochrane Collaboration ROBINS-I (Risk of
Bias In Non-randomized Studies of Interventions) evaluation tool, among which ‘confounding’ and ‘selection of
participants’ are two key assessment domains [12,13].

Confounding by indication may arise in real-world comparative effectiveness studies when there are inherent
differences in the patients prescribed the two or more treatments being compared. As defined by Joseph and
colleagues, confounding by indication refers to bias in relationship between a treatment and the intended outcome
of the treatment due to the clinical reasons for the treatment. The indication for treatment is based upon both
the physician’s and the patient’s judgement of the disease severity, prognosis and expected therapeutic effect of
the treatment [14]. RCTs remain the gold standard study design for evaluating the relative benefits and/or risks of
treatments, because the process of randomization minimizes imbalances in both observed and unobserved factors
that could introduce bias into the assignment of patients to the treatment groups being compared [15]. In an
RCT comparing two treatments, patients are equally likely (i.e., have a 50% chance) to receive either treatment,
therefore this maximizes the probability that any resulting differences in outcomes between groups are truly due to
differences in the treatments and are not due to any observed or unobserved differences in the patients receiving
each treatment. CER using real-world data therefore requires rigorous statistical methods, often extending beyond
multivariable regression models, to account for the lack of randomization in treatment assignment and control for
confounding by indication [16]. Unlike an RCT, these methods are however restricted to addressing only observed
confounders (i.e., factors that are measured and collected in the study).

Propensity score matching (PSM) and inverse probability of treatment weighting (IPTW) are increasingly popular
methods used to address confounding by indication in RWE studies. Within the AF field, the number of research
publications referencing these methods has been increasing year-on-year, as indexed in the PubMed database
(Figure 1). Researchers have traditionally relied upon multivariable regression models to adjust for differences in
patient characteristics, however, they are now turning to PSM and IPTW because of the stronger theoretical and
statistical basis for these methods that has been argued in the literature [17]. While, for the most part, multivariable
regression and propensity score-based methods (such as PSM and IPTW) have been found to lead to similar
study conclusions, [18,19] from a theoretical standpoint, PSM and IPTW aim to achieve a balanced distribution
of confounders across treatment groups and thereby more closely emulate the properties of an RCT [20]. From
a statistical standpoint, propensity score-based methods have been shown to lead to more robust and less biased
estimations of the treatment effect when there are few outcome events relative to the number of potential confounders
(i.e., fewer than eight events per confounder) [21]. In Li and colleagues’ systematic review of 15 real-world studies
reporting comparisons between DOACs, two thirds of studies continued to use multivariable logistic or survival
regression models alone to address confounding, with one third of studies opting for more robust PSM and IPTW
methods. The studies using PSM and IPTW methods were more often assessed as being at low risk of bias [12].

While PSM and IPTW endeavor to achieve the same objective in balancing out differences between treatment
groups, the two methods provide a different measurement of the treatment effect and this should be interpreted
accordingly. When applied to the same data, PSM and IPTW may not always point to the same findings suggesting
that these methods are not strictly interchangeable. For example, a study comparing dabigatran versus warfarin
among real-world AF patients reported a hazard ratio of 0.77 (95% confidence interval: 0.54–1.09) for the risk of
stroke and 0.75 (0.65–0.87) for the risk of major bleeding when estimated using PSM, contrasting with 0.00 (0.00–
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Figure 1. Increase in propensity score matching and inverse probability of treatment weighting methods within
comparative effectiveness research of oral anticoagulants (2006–2019). Search results per year were downloaded
from the PubMed database (https://www.ncbi.nlm.nih.gov/pubmed/) on 29-Nov-2019 based on the following search
terms: (anticoagulant* OR warfarin OR apixaban OR dabigatran OR rivaroxaban OR edoxaban) AND (atrial
fibrillation) AND (propensity score OR inverse probability of treatment weighting).
AF: Atrial fibrillation; IPTW: Inverse probability of treatment weighting; PSM: Propensity score matching.

0.56) and 0.08 (0.08–0.10), respectively, when estimated using IPTW [22]. As shown, PSM and IPTW procedures
yielded substantially different estimates of the relative risk reduction in bleeding associated with dabigatran and
conflicting findings with regards to stroke. In subsequent analyses re-calculating the IPTW results, a hazard ratio
of 0.57 (0.46–0.71) for the risk of stroke and 0.75 (0.69–0.82) for the risk of major bleeding was obtained, which
were closer (but not identical) estimates to the PSM results. Therefore, as these methods become more widely
used in real-world studies comparing the effectiveness and safety of OACs, there is an important need to improve
understanding of the fundamentals of PSM and IPTW in order to cast a critical eye over study findings within the
field of AF research.

To this end, this review describes PSM and IPTW methods to address confounding by indication in real-world
studies, appraises similarities and differences between these techniques and alongside gives illustrative examples
from some case studies comparing the effectiveness and safety of OACs. A clearer conceptualization of PSM and
IPTW methods will help to ensure the findings of comparative studies are correctly interpreted, communicated
and implemented into AF-related treatment decisions in clinical practice.

Case studies
Four case studies involving the use of PSM, IPTW or a combination of both methods in real-world CER of
OACs will be presented throughout this article to demonstrate how these methods have been applied in practical
terms. These case studies were selected from a range of researchers, data sources and geographies (Table 1). The
ARISTOPHANES study from USA [23] and the SAKURA AF Registry study from Japan [24] used PSM to compare
the effectiveness and safety of apixaban, dabigatran, rivaroxaban and warfarin among nonvalvular AF patients [23].
Using the Danish nationwide databases, Larsen and colleagues, [25] instead used the IPTW method to investigate
the comparative effectiveness and safety of the same four OACs. Seeger and colleagues, [22] used both PSM and
IPTW techniques to compare warfarin with dabigatran in two commercial health insurance databases in the USA.
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Propensity scores: the basis for PSM & IPTW
Propensity scores form the basis for both PSM and IPTW methods, however as later described, the differentiating
step is in how propensity scores are then used to control for differences in the characteristics of patients receiving
the treatments being compared.

As defined by Rosenbaum and Rubin, an estimated propensity score reflects the probability of treatment
assignment conditional on a patient’s measured baseline characteristics, [26] such as their age, gender, comorbidities
and concurrent medications. In the real-world setting, and in direct contrast to an RCT, treatments are not
prescribed at random and are instead likely influenced by the characteristics of the patients at the time a treatment
decision was made. For example, the decision to prescribe an OAC to an AF patient is likely informed by their
stroke and bleeding risks. A patient’s pretreatment characteristics can therefore be used to predict, and provide a
measure (from 0 to 1) of, how likely the patient is to receive a treatment. Through leveling out the distribution of
scores across treatment groups, propensity scores can minimize confounding by indication bias and provide a fairer
comparison of different treatments [27].

In practice, propensity scores are estimated using regression-based methods and are easily implemented with
statistical software packages such as SAS, Stata and R [28–30]. Most often, when comparing two treatments, a logistic
regression model is used in which treatment assignment (a binary dependent variable with value 1 if the patient
receives the treatment of interest and value 0 if the patient receive the comparator treatment) is regressed upon
patient baseline characteristics (independent variables) [27]. When selecting variables to be included in the propensity
score estimation, variables that are both related to the exposure (i.e., treatment assignment) and to the outcome
(i.e., the main study end points) are recommended to provide the most precise estimates [31]. Misspecification of
the propensity score can introduce bias and lead to invalid inferences therefore careful variable selection is essential.
Extensions of the propensity score, such as the doubly robust method, facilitate more systematic variable selection
and provide greater protection against model misspecification, however, are not yet widely known or adopted
among researchers [32,33]. Three of the four case studies of this review used logistic regression models to generate
the propensity scores, [22–24] whereas the fourth study used generalized boosted models, an advanced technique
based on machine learning methods, applicable when comparing more than two treatments simultaneously [23].
Common variables included in the propensity score estimations were age, gender, bleeding history, stroke history,
comorbidities and concomitant meditations (Table 1).

Once the propensity scores are estimated, a range of different ways can be used to balance the distribution of the
scores, and in turn confounding factors, across treatment groups being compared. This includes propensity score
adjustment, matching, stratification and weighting [27]. Among them, PSM and IPTW are emerging as the most
commonly used propensity score methods within the field of AF research. Hence, the focus of this review is to
provide foundational understanding of PSM and IPTW and highlight fundamental differences in methodology and
interpretation of these two increasingly implemented techniques. Further resources on adjustment and stratification,
and alternative weighting procedures to IPTW, are available elsewhere [27,34,35].

The main conceptual difference between PSM and IPTW relates to notion of the treatment effect being estimated.
Whereas IPTW estimates the average treatment effect (ATE), PSM estimates the average treatment effect for the
treated (ATT). The ATE reflects the effect of the treatment in the scenario that every patient within the population
was offered the treatment. In essence, this shifts the entire population from untreated to treated. This contrasts
with the ATT, which reflects the effect of the treatment only among those who were ultimately treated [27]. The
research question being addressed will guide the decision as to whether an estimation of the ATE or ATT is of
greater relevance. Estimation of the ATE may be less appropriate when a large proportion of patients are not good
candidates for one of the treatment options. An example is the comparison of low dose apixaban patients with
all warfarin patients, as some warfarin patients do not meet apixaban low dose criteria, it would be unrealistic to
estimate the treatment effect among all patients [36]. Grasping the conceptual differences between the ATE and
ATT is crucial to the correct interpretation of results from the application of PSM and IPTW.

PSM: estimating the ATT
PSM works by matching patients receiving the treatment of interest with patients receiving the comparator
treatment based on the estimated value of their propensity score. PSM provides an estimation of the ATT, because
only patients who received the treatment of interest are matched with comparators for comparative analyses [27].

In practice, patients are matched with others who have a similar propensity score value, as an exact score is
not always possible. A variety of different matching methods are available [37] with four main analytics decisions:
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Table 2. An overview of available propensity score matching techniques to pair up patients receiving the treatment of
interest with suitable comparator patients.
Matching techniques Definition Considerations

Matching patients one-to-one (1:1) or many-to-one (m:1):

1:1 matching Matching patients 1:1 means that only one patient in
the comparator group is selected for each treated
patient

– 1:1 matching is most commonly used
– m:1 has the advantage of retaining more patients in
the analysis, however, the quality of second or third
choice matches may be lower which increases bias

m:1 matching Matching patients m:1 means that multiple
comparator patients are selected for each treated
patient

Matching patients with or without replacement:

Matching without replacement Matching without replacement means that once a
patient from the comparator group has been
matched, they cannot be selected as a comparator for
another treated patient

– Matching without replacement is more commonly
used
– Matching with replacement could be beneficial if the
number of comparator patients is small, but may mean
some comparators are matched multiple times and
others not at all

Matching with replacement Matching with replacement allows for a patient in the
comparator group to be matched and act as a
comparator for more than one of the treated patients

Matching patients using a greedy or optimal technique:

Greedy nearest neighbor matching Using a greedy matching technique means that
treated patients are randomly selected one at a time
to be matched to their nearest comparator from the
pool of remaining comparators still available to be
matched. Here the closest match is made irrespective
of whether the selected comparator would have been
a better match for another treated patient

– Greedy nearest neighbor matching is more commonly
used
– Greedy and optimal matching in general perform
similarly well in creating balanced treatment and
comparator groups
– Optimal matching may be preferred when the sample
of comparator patients is small

Optimal matching With optimal matching, the goal is to pair up treated
and comparator patients such that the best possible
combination of nearest matches are made

Matching patients with a caliper width:

Without a caliper width When propensity score matching is performed
without a caliper width, this means that matches are
made without any limit on the distance between the
propensity score values in each pair of matches

A caliper width is recommended to match patients
within a given threshold. Without a caliper threshold,
treated patients could be matched to their nearest
comparator even if the differences in propensity scores
were very large

Applying a caliper width The role of a caliper width is to set a maximum
distance between the propensity score values in each
pair of matches

matching patients one-to-one (1:1) or many-to-one (m:1) [38]; matching patients with or without replacement [39];
matching patients using a greedy or optimal technique [39]; and whether to apply a caliper width (Table 2) [40].

First, matching patients 1:1 means that only one patient in the comparator group is selected for each treated
patient, as opposed to selecting multiple comparator patients in m:1 matching. The rationale for selecting more
than one comparator is to make more use of the available data by retaining more patients in the analysis, which
in turn may also lead to increased precision. However, matching patients m:1 has also been shown to increase bias
because second or third choice matches may be of lower quality [39]. Matching patients 1:1 is most commonly used
in practice [38,41].

Second, matching without replacement means that once a patient from the comparator group has been matched,
they cannot be selected as a comparator for another treated patient. Conversely, matching with replacement allows
for a patient in the comparator group to be matched and act as a comparator for more than one of the treated
patients. Matching patients with replacement serves to increase the quality of matching and could be useful if there
are few comparator patients relative to number of patients receiving the treatment of interest. However, with this
approach it is possible that a single comparator patient could be matched multiple times, whereas another potential
comparator may not be matched at all. This could result in the treatment effect being estimated based on a very
restricted subset of comparators. Furthermore, when matching with replacement, the matched pairs are no longer
independent and this must be accounted for in the subsequent analysis and interpretation of study findings [39].
Matching patients with replacements has seldom been implemented in practice [37].
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Third, using a greedy matching technique means that treated patients are randomly selected one at a time to
be matched to their nearest comparator from the pool of remaining comparators still available to be matched.
Here the closest match is made irrespective of whether the selected comparator would have been a better match
for another treated patient. In contrast, optimal matching intends to pair up treated and comparator patients such
that the best possible combination of nearest matches are made. Optimal matching may be preferred over greedy
matching when the sample of comparator patients is small, however when there is less competition for matches,
optimal matching does not usually perform any better than greedy matching in creating balanced treatment and
comparator groups. Greedy matching is more commonly used in practice [37,39].

Fourth, the role of a caliper width is to set a maximum distance between the propensity score values in each
pair of matches. Without a caliper threshold, treated patients could be matched to their nearest comparator even
if the differences in propensity scores were very large. In studies to date, there has been a lack of consistency in the
maximum distance selected for the caliper width, however recent simulations support using a caliper width equal
to 0.2 of the standard deviation of the logit of the propensity score [40].

Three out of the four case studies included this review implemented PSM techniques in their CER of OACs
(Table 1) [22–24]. In the ARISTOPHANES study, Lip and colleagues used 1:1 nearest neighbor matching without
replacement with a caliper width of 0.01 [23]. In the SAKURA AF Registry study, Okumura and colleagues also
used 1:1 nearest neighbor matching without replacement, however, with a caliper width set at 0.05 of the standard
deviation of the logit of the propensity score [24]. Similarly, in their analysis of two commercial health insurance
databases in USA, Seeger and colleagues used 1:1 nearest neighbor matching with a caliper width of 0.05 and
additional matching on calendar quarter to account for any changes in prescribing behaviors over time. It was not
reported whether patients were matched with or without replacement [22]. The main difference between the three
studies in terms of their chosen PSM approach is in the selection of the caliper width. The selection of a narrow
caliper distance ensures patients are more closely matched on the value of the propensity score, however selecting a
distance that is too narrow could result in too few matches being made [40].

Once the matched cohort of treated and comparator patients has been formed, the fundamental next step is
to verify that a balanced distribution of patient characteristics across treated and comparator patients has been
achieved by way of using the propensity score. This check could be made using statistical significance tests (e.g. X-
square/t-test), however, computing the standardized differences of each baseline variable is now a more common
practice. Lip and colleagues, and Seeger and colleagues both reported computing standardized differences with a
threshold of 10% to check whether adequate balance of covariates across treatment and control groups had been
achieved through the PSM process [22,23].

Were any systematic differences to be found between the treatment and comparator cohorts, the propensity
score model may require some modifications on the included variables and/or matching procedure. Alternatively,
subsequent adjustments could be made in the main analysis to account for any remaining imbalances in patient
characteristics. Variables related to both the outcome and treatment assignment have been shown to provide the
best balance of patient characteristics across treatment groups [31]. However, a common misperception for the
development of the propensity score is to aim for perfect prediction of treatment assignment and the inclusion
of variables that are related only to treatment assignment should be avoided [42]. Researchers should set out a
priori which approach will be used in the event that balance in patient characteristics is not achieved through
PSM (i.e., whether the propensity score will be re-estimated or if post-PSM adjustments will be made). Once
satisfied with the PSM step, the comparative assessment can be performed, for example, comparing the risk of the
study main outcome with hazard ratios from Cox proportional hazards regression models or some other analytic
method of choice. What is advantageous about PSM is that the method matches patients who truly received the
treatment with those who truly received the comparator to allow a direct comparison of the outcomes of these
two groups. The method is transparent, readily understood and easy to communicate. One frequently discussed
drawback of the PSM method is that patients who could not be matched are as a result excluded from the analysis.
Unmatched patients may be systematically different from matched patients, limiting the representativeness of the
study population and generalizability of the overall study findings. Yet, an alternative viewpoint is that this form of
study population restriction ensures overlap across treatment and comparator groups on the most important patient
characteristics thereby removing any individuals who are extreme outliers and arguably should not be compared [43].
Another consideration is that PSM is limited to pair-wise comparisons of one treatment against another. If more
than one treatment comparison is being made, for example comparing apixaban versus warfarin and apixaban
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versus dabigatran, the matched pairs for each of the comparisons are likely to be different, so drawing inferences
across these two comparisons may not be appropriate.

IPTW: estimating the ATE
In the IPTW method, weights are assigned to patients based on the inverse of their probability of receiving
treatment, as estimated by the propensity score. IPTW results in a pseudo-population in which patients with a high
probability of receiving treatment have a smaller weight and patients with a low probability of receiving treatment
have a larger weight and thus the distribution of measured patient characteristics used to calculate the propensity
score becomes independent of treatment assignment. IPTW provides an estimation of the ATE, because the study
population is re-weighted to assess the effects of the treatment in the scenario that it was offered to all patients
within the population [27,44].

When comparing two treatments, the weight for each patient is calculated by inverting the probability of
receiving the treatment the patient did in fact receive. A logistic regression model is usually used to calculate the
propensity of receiving a treatment of interest versus a comparator. For patients in the treatment group, the weight
is calculated as the inverse of the propensity score, whereas for patients in the comparator group, the weight is
calculated as the inverse of 1 minus the propensity score (i.e., the probability of not receiving the treatment). Thus,
the weight for a given patient j with propensity score pj is calculated as:

1/p j if the patient is a member of the treatment group

weight =

1/(1 − p j ) if the patient is a member of the comparator group

Once calculated, the weights determine the extent to which each patient contributes to the new pseudo-
population. For example, for a patient in the treatment group with pj = 0.25, the weight is 1/0.25 = 4, which
represents four units in the pseudo-population. For a patient in the comparator group with pj = 0.25, the weight is
(1/(1−0.25) = 4/3), which represents 4/3 units in the pseudo-population. After the pseudo-population has been
created, the balance of patient characteristics should be compared across the different groups using standardized
differences, as in the case for PSM. Following this, the outcomes between treatment groups are ready for comparative
assessment.

Two of the case studies presented in this review implemented IPTW techniques in their CER of OACs (Ta-
ble 1) [22,23]. In addition to performing PSM, Seeger and colleagues also performed IPTW analyses by re-weighting
the study population of dabigatran and warfarin users using the formula given above (1/pj for dabigatran and
1/(1 − pj) for warfarin) [23]. Larsen and colleagues, [25] on the other hand, used generalized boosted models
to re-weight the study population of apixaban, dabigatran, rivaroxaban and warfarin users. Generalized boosted
models can be used to calculate weights in the case when there are three or more treatment groups being compared
simultaneously [45], however, this method, and others that are based upon machine learning techniques, are beyond
the scope of explanation in this introductory review [46]. A simpler alternative, when there are three or more
treatment cohorts is to compute the propensity score using a multinomial logistic model with all treatment cohorts
(cohort #1, cohort #2, cohort #3, cohort #4) included in the model, using one cohort as the reference (i.e., cohort
#1). Each patient’s weight is equal to the inverse of the probability of receiving the treatment. The weight for a
given patient j with propensity score pj is calculated as:

weight = 1/p j

For example, for a patient with pj = 0.5 in cohort #2, the weight is 1/0.5 = 2, which represents two units in the
pseudo-population. For a patient with pj = 0.25 in cohort #3, the weight is 1/0.25 = 4, which represents four units
in the full pseudo-population.

A key benefit of IPTW is that all eligible patients can be analyzed. This can be particularly useful when the
study population is too small to afford to lose any treated patients who could not be paired with a comparator
through a matching process. From a conceptual standpoint, IPTW is somewhat more difficult to comprehend and
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Table 3. A side-by-side comparison of propensity score matching and inverse probability of treatment
weighting: assumptions, advantages and disadvantages.
Method Assumptions Pros Cons

PSM • No unmeasured confounding
• Positivity: every subject must have nonzero
probability to receive either treatment
• Correct model specification for propensity score
• Compare two cohorts in most cases

• Easier to understand and
communicate the data

• Excludes unmatched subjects who may differ
systematically from matched subjects
• Limit to independent pairwise comparison

IPTW • No unmeasured confounding
• Positivity: every subject must have nonzero
probability to receive either treatment
• Correct model specification for propensity score
• Compare two or more cohorts

• Keep all eligible subjects
• Can include more than two
comparisons

• Difficult to understand and communicate the
data
• Less intuitive
• Extreme weight issue

IPTW: Inverse probability of treatment weighting; PSM: Propensity score matching.

communicate. The question of what the ATE would be in the entire population, if the treatment were offered
to every member of the population, could be of interest to healthcare payers. However, oftentimes a treatment
is not suitable for all members of the population. Recall the example of comparing low-dose apixaban patients
with all warfarin patients, as some warfarin patients do not meet apixaban low dose criteria they are therefore not
good candidates for low-dose apixaban [36]. One methodological consideration for IPTW is the issue of extreme
weights. This can occur when a treated patient has an extremely low propensity score, and then a very large weight
is created. Large weights can increase the variability of the estimated treatment effect, leading to potentially biased
results. In order to address this, stabilized weights should be used, which trim or truncate weights to a defined
threshold [47]. Seeger and colleagues encountered the issue of extreme weights, when implementing the IPTW
method to compare outcomes among NVAF patients treated warfarin versus dabigatran in USA. A hazard ratio of
0.00 (0.00–0.56) for the risk of stroke and 0.08 (0.08–0.10) for the risk of major bleeding was obtained with IPTW,
contrasting with PSM estimates of 0.77 (0.54–1.09) and 0.75 (0.65–0.87) respectively. The IPTW analysis was
repeated after capping (truncating) the weights at a value of 4.0, resulting in IPTW estimates of 0.57 (0.46–0.71)
for the risk of stroke and 0.75 (0.69–0.82) for the risk of major bleeding, which were closer (but not identical)
to the PSM estimated results (0.77 [0.54–1.09] for stroke and 0.75 [0.65–0.87] for major bleeding, respectively).
Lastly, whereas PSM is restricted for pair-wise comparisons of one treatment against another, IPTW is feasible to
include more than two treatment groups for a comparison.

Summary
PSM and IPTW are increasingly used to address confounding by indication potentially arising in CER due to lack
of randomization in treatment assignment. These methods strive to emulate the properties of an RCT in creating
treatment and comparator groups with balanced distributions of patient characteristics. Both methods, while based
upon the propensity score, have different interpretations, which may be more or less suitable under different
scenarios. In the case where there are ample numbers of comparators available for matching to treated patients,
PSM offers a more transparent method, which is readily understood and easy to communicate. Furthermore, PSM
may also be more robust to misspecification of the propensity score than the IPTW method, where extreme weights
can bias the estimation of the treatment effect. On the other hand, IPTW has its advantages in retaining all eligible
patients in the analysis, which may be preferred if there are limitations in terms of sample size, as well as the ability
to include more than two treatment comparisons simultaneously. A side-by-side comparison of the two methods is
detailed in Table 3.

Conclusion
To complement RCT evidence, the comparative effectiveness and safety of the four DOACs (apixaban, dabigatran,
edoxaban and rivaroxaban) versus one another and against warfarin continue to be extensively researched in real-
world studies. With PSM and IPTW being increasingly used in CER of OACs, as methods to achieve balance
between treatment and comparator groups, this review provides an important introduction with applied examples
from the AF field to aid understanding of these methodologies. A stronger foundational basis should help researchers
and end users of CER of OACs correctly interpret, communicate and implement findings into AF-related treatment
decisions in clinical practice.
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Future perspective
As CER based on real-world data gains greater prominence in healthcare decision-making, it is crucial that decision-
makers are familiar with emerging methodologies used in CER to rigorously assess the strengths, limitations and
quality of the evidence in order to make informed decisions.

In the field of AF research, the comparative effectiveness of available OACs continues to be extensively researched
with PSM and IPTW being two increasingly applied statistical techniques. This review provides an introductory
guide describing these methods side-by-side to ensure that evidence from future CER studies of OACs are critically
assessed, carefully interpreted and appropriately acted upon.

Executive summary

• After decades of warfarin being the only oral anticoagulant (OAC) widely available for stroke prevention in atrial
fibrillation (AF), four direct OACs (apixaban, dabigatran, edoxaban and rivaroxaban) were approved after
demonstrating noninferior efficacy and safety versus warfarin in randomized controlled trials (RCTs).

• Comparative effectiveness research (CER) of OACs based upon real-world data provides complementary
information to the evidence provided by RCTs.

• In real-world studies, treatments are not prescribed at random, therefore confounding by indication bias may
arise in CER if there are inherent differences in the patients prescribed the two or more treatments being
compared.

• Propensity score matching (PSM) and inverse probability of treatment weighting (IPTW) are increasingly popular
methods used to address confounding by indication in real-world CER of OACs.

• This review was undertaken to describe the fundamentals of PSM and IPTW and presents applied examples to
assist researchers and end users of CER within the atrial fibrillation field of research in critically appraising and
interpreting study findings.

• Key methodological considerations -
◦ PSM and IPTW methods strive to emulate the properties of an RCT in creating treatment and comparator

groups with balanced distributions of patient characteristics.
◦ Propensity scores form the basis for both PSM and IPTW methods, however what differs is how propensity

scores are used to control for differences in characteristics of patients receiving the treatments being compared.
◦ PSM works by matching patients receiving the treatment of interest with patients receiving the comparator

treatment based on the estimated value of their propensity score, creating pairs of treatment and comparator
patients with a similar probability of receiving treatment.

◦ PSM estimates the average treatment effect for the treated, reflecting the effect of the treatment only among
those who were ultimately treated.

◦ In the IPTW method, weights are assigned to patients based on the inverse of their probability of receiving
treatment, as estimated by the propensity score, creating a new pseudo-study population where treatment
assignment is independent.

◦ IPTW estimates the average treatment effect, reflecting the effect of the treatment in the scenario that every
patient within the population was offered the treatment.

◦ Each method has its own practical advantages as well as limitations, which may be more or less suitable under
different scenarios such as the availability of treatment and comparator patients and number of treatments
being compared.

◦ PSM and IPTW may not always lead to the same study conclusions therefore results should be viewed with full
consideration of the technical differences in methodology and differences in the measurement and
interpretation of the treatment effect that each method provides.
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