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Observational data studies and randomized controlled 
trials (RCTs) provide the backbone of original clinical 
research in anesthesiology. In clinical research com-

paring a treatment to control, which may be an alternative 
active treatment, usual care, or placebo, the RCT provides 
the best level of evidence to establish a causal link (or lack 
thereof) between treatment and outcomes.1,2 Yet there are 
many scenarios in which anesthesia investigators may like 
to study the effect of a treatment on outcome where RCTs 
are not possible—whether for budgetary, feasibility, or ethi-
cal reasons, among others. Instead, observational data may 
be readily available or a prospective observational study 
may be designed to obtain high-quality data at lower cost 
or with less complicated institutional or ethical approval. 
Observational data do not allow the investigator to con-
trol treatment assignment through randomization, and as a 
result, systematic differences may be present between treated 
and untreated subjects, introducing confounding and thus 
preventing causal effects from being reliably estimated.

Nonetheless, researchers may apply statistical meth-
ods to reduce biases arising in observational data. While 

covariate-adjusted regression is common, increasingly 
researchers are using inverse probability of treatment 
weighting (IPTW) with the propensity score and propensity 
score matching (PSM). However, whether applying covari-
ate regression adjustment or propensity score methods, 
unmeasured confounders and model misspecification are 
among many sources of potential bias when working with 
observational data. In statistical journals and publications, 
propensity score methods are often described in the context 
of causal inference, but we caution that causal relationships 
will not be established in the usual course of observational 
research. Appropriate application of statistical methods on 
high-quality data may reduce bias due to confounding, so 
in practice, any particular study may conclude only associa-
tions but not draw causal conclusions.

The goal of this statistical grand rounds article is to 
describe best practices in usage and assessment of propen-
sity score methods in anesthesia and perioperative medi-
cine research. We describe and contrast propensity score 
methods with covariate regression adjustment and high-
light assumptions that should be evaluated in the course of 
analysis. We focus on IPTW, but describe other methods as 
well, including PSM, propensity stratification, and adjust-
ing for the propensity score as a covariate. We refer to a 
comparison of treated versus untreated or control, using 
control and untreated interchangeably and recognizing 
that one might be comparing 2 active treatments, treatment 
versus usual care, treatment versus placebo, or similar 
comparisons. This article is a more in-depth and theoreti-
cal treatment of propensity score methods compared to our 
companion special article by Staffa and Zurakowski3 who 
give practical steps to PSM.

The remainder of this article is as follows. First, we 
describe when investigators should consider using pro-
pensity score methods in their research (see section When 

Observational data are often readily available or less costly to obtain than conducting a ran-
domized controlled trial. With observational data, investigators may statistically evaluate the 
relationship between a treatment or therapy and outcomes. However, inherent in observational 
data is the potential for confounding arising from the nonrandom assignment of treatment. In 
this statistical grand rounds, we describe the use of propensity score methods (ie, using the 
probability of receiving treatment given covariates) to reduce bias due to measured confounders 
in anesthesia and perioperative medicine research. We provide a description of the theory and 
background appropriate for the anesthesia researcher and describe statistical assumptions 
that should be assessed in the course of a research study using the propensity score. We fur-
ther describe 2 propensity score methods for evaluating the association of treatment or therapy 
with outcomes, propensity score matching and inverse probability of treatment weighting, and 
compare to covariate-adjusted regression analysis. We distinguish several estimators of treat-
ment effect available with propensity score methods, including the average treatment effect, 
the average treatment effect for the treated, and average treatment effect for the controls or 
untreated, and compare to the conditional treatment effect in covariate-adjusted regression. 
We highlight the relative advantages of the various methods and estimators, describe analy-
sis assumptions and how to critically evaluate them, and demonstrate methods in an analy-
sis of thoracic epidural analgesia and new-onset atrial arrhythmias after pulmonary resection.  
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to Consider Propensity Score Methods). Then, we describe 
treatment effect estimators and criteria for evaluating appro-
priateness (see section Causal Inference and Estimated 
Treatment Effects). We also discuss estimating the pro-
pensity score, implementation of methods and assessing 
assumptions (see section Implementing Propensity Score 
Methods). This is followed by implementation of the out-
come analysis comparing treatment groups and apply-
ing methods to a study by Komatsu et al4 on association 
between thoracic epidural analgesia (TEA) and new-onset 
atrial arrhythmias after pulmonary resection (see section 
Outcome Analysis). We conclude with extensions and fur-
ther guidelines for practice (see section Extensions and 
Discussion). Statistical formulae are given in Supplemental 
Digital Content 1, Appendix, http://links.lww.com/AA/
C342; throughout the article, we give applications and 
describe methods in plain language.

WHEN TO CONSIDER PROPENSITY SCORE 
METHODS
Confounding is common in observational research; in turn, 
analyses and results that do not account for confound-
ing may be biased. In the typical definition, confounding 
occurs when a third variable affects both the primary expo-
sure and the outcome, and temporally occurs before both. 
If the confounder is ignored, the estimate of the associa-
tion between the primary exposure and outcome yields a 
biased interpretation, because it includes some association 
that the confounder has with both the exposure and the out-
come. Confounding is sometimes a result of selection bias. 
Methods that account for confounding “block” the path of 
the confounder to bias the estimated association between 
exposure and outcome; for example, randomization blocks 
the associations between confounding variables and the 
randomized treatment. Covariate-adjustment and propen-
sity score methods are 2 approaches that may reduce bias 
due to confounding when properly implemented in a well-
designed observational study. Covariate adjustment blocks 
the association between confounding variable and outcome, 
whereas propensity score methods block the association 
between confounding variables and treatment.

When designing the observational study and developing 
the analysis plan, the researcher should determine whether 
their hypothesis is appropriate for propensity score meth-
ods or whether covariate adjustment is preferred. The most 
common application of propensity score methods is in the 
context of comparing a single treatment versus control. A 
well-designed observational study may be used to emu-
late a RCT under ideal conditions.5 In this context, theory 
requires that the treatment or intervention be well-defined. 
This is conceptualized by defining potential outcomes and 
counterfactuals. In brief, one can reason that each subject 
has 2 potential outcomes—1 outcome under treatment, 
1 under control. For each subject, we observe only one of 
these potential outcomes after receiving either treatment or 
control; the unobserved potential outcome is also known 
as the counterfactual outcome. Consider a treated patient 
such that we observe their outcome under treatment. That 
patient also had a potential outcome under control that we 
did not observe but could have observed if, counter-to-fact, 

she had received control. The following section on Causal 
Inference and Estimated Treatment Effects discusses poten-
tial outcomes further and elaborates on how propensity 
score methods might mimic a RCT.

Of note, only with a well-defined intervention or treat-
ment can potential outcomes be conceptualized. For 
example, if an investigator is interested in the association 
between biological sex and outcome, it may be inappropri-
ate to hypothesize a potential outcome for a female subject 
had she instead been male. As well, assessing the association 
between a condition or disease state such as diabetes mel-
litus and outcome may not conceptually lend itself to pro-
pensity score methods because the condition might not be 
truly “manipulable,” and so propensity score methods are 
generally not suitable for such hypotheses. A more nuanced 
example of an ill-defined treatment may involve treatments 
received before subjects enter the observational database. 
For example, given a population of patients undergoing 
surgery, one may research the effect of prior statin use at 
any time before surgery on in-hospital mortality. At the time 
of surgery, we may not know how long persons on statins 
have been taking them, and so, for example, it is unclear 
how one could have prevented a subject from taking statins 
for the past 5, 10, or 15 years.

Nonetheless, clinical researchers have applied propen-
sity score methods more broadly in practice to compare 
nonmanipulable conditions such as diabetic status, bio-
logical sex, or other states. Theoretical underpinnings and 
comparisons to the RCT described in the following may 
not apply; however, methods may still reduce bias due to 
confounding in these situations. We caution that selection 
of appropriate confounders for the propensity score model, 
described in detail in section Estimating the Propensity 
Score, may be difficult for these situations.

Ultimately, propensity score methods might be one of 
many methods to consider in any given comparative obser-
vational study in which confounding is an issue. Going 
forward, we generally advocate using propensity score 
methods when the primary exposure is a well-defined treat-
ment or therapy compared to a control condition, where 
control may represent an alternative treatment or standard 
of care. Furthermore, with rare outcome events, the covari-
ate-adjustment approach might not be feasible due to insuf-
ficient events to allow adjustment for enough confounding 
variables under the rule of thumb of 10 events per variable. 
However, incorporating all confounders in the propensity 
score model may be feasible if there are enough treated and 
untreated subjects. The following section provides addi-
tional guidance that may be more tailored to the hypotheses 
of a particular study.

CAUSAL INFERENCE AND ESTIMATED TREATMENT 
EFFECTS
The Average Causal Effect
We assume each patient has an individual underlying causal 
effect, which for a specific patient is the difference between 
their potential outcome under treatment and their potential 
outcome under control. This unobserved (because we only 
see 1 of the 2 potential outcomes) individual causal effect 
will vary across patients in the population because not all 
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patients benefit equally from treatment.6 In a RCT, we want 
to estimate the average of these individual causal effects for 
the population of interest to determine if treatment, on aver-
age, is beneficial in comparison to control. This is called the 
average causal effect or average treatment effect (ATE). If, 
in a representative sample of the population, both poten-
tial outcomes were somehow observed for all subjects, a 
population estimate of the ATE would be straightforward 
as the average of the individual causal effects. Yet, even in 
a well-designed RCT, half of the potential outcome data is 
unobserved.a

Due to randomization in a RCT, we know that the poten-
tial outcomes of the treated patients, had they counter-
to-fact received control, are on average equal to potential 
outcomes under control of the control patients. This allows 
the RCT to estimate the ATE, despite observation of only 
1 of the 2 potential outcomes for each subject. The ATE 
addresses at a population level the question: what would 
happen if all patients received treatment instead of con-
trol? In observational data, such a comparison is subject to 
confounding; analyses not accounting for confounders will 
yield biased conclusions.

Treatment Effects Estimated With Propensity 
Score Methods
Propensity score methods, including IPTW and PSM, have 
been proposed as methods to estimate the effect of treatment 
versus control in nonrandomized studies using a potential 
outcomes framework. The ATE, as described in the prior 
section as the average of the unobserved individual causal 
effects, is most often estimated using IPTW (see section 
Implementing Propensity Score Methods). Alternatively, the 
most common application of PSM estimates the average treat-
ment effect among the treated (ATT). The ATT is defined as 
the average of the individual causal effects among patients 
receiving treatment. The average treatment effect among the 
untreated (ATU) can be similarly defined as the average of 
the individual causal effects among patients receiving control. 
While the ATE asks how outcomes might differ if all patients 
received treatment or did not receive treatment, the ATT 
considers what might happen had treatment been withheld 
from the treated patients. Importantly, the ATT and ATE are 
not equivalent if the average individual causal effects differ 
between those who actually receive the treatment and those 
who do not. There may be policy implications for deciding 
whether the ATE or ATT is more applicable to a given study if 
such heterogeneity in the individual causal effects is expected.7

Covariate-Adjusted Regression Modeling: The 
Conditional Treatment Effect
Another approach for comparing treatment versus control 
is the covariate-adjusted regression model, where the rela-
tionship between treatment and outcome is adjusted for 
potential confounders. This represents another quantity—
the conditional treatment effect—comparing the means or 
proportions in each group while adjusting for confounders. 

While the propensity score methods above estimate average 
effects at a marginal population level (ie, the effect of chang-
ing the population average), the conditional effect is at the 
individual level, comparing outcomes if one were to change 
an individual’s group from control to treated.8

Under logistic regression for a binary outcome or Cox 
proportional hazards regression for time-to-event data, 
odds ratios (ORs) and hazard ratios for the conditional 
effect will be systematically further from 1, the null value, 
than population marginal approaches such as IPTW unless 
there is no true effect (ie, the null hypothesis is true).9,10 
Therefore, it may not be appropriate to use both marginal 
and conditional methods and compare results, because it is 
already known that these do not estimate the same underly-
ing treatment effect. However, this is not universally true, 
such as with linear regression and generalized linear mod-
els with a log link, and we refer the reader to other articles 
for additional details.11,12

IMPLEMENTING PROPENSITY SCORE METHODS
Estimating the Propensity Score
The propensity score is the probability of receiving treat-
ment given a patient’s set of baseline covariates. While 
many methods exist for fitting the propensity model, we 
focus on the most common approach—logistic regres-
sion.13–15 A logistic regression model is fitted with treatment 
status as the outcome. Explanatory variables in the pro-
pensity model should include variables suspected of being 
confounders, meaning that they (1) occur temporally before 
the treatment versus control decision, (2) are associated 
with the outcome, and (3) are associated with the treatment 
decision.16 Previous research suggests that variables meet-
ing only conditions (1) and (2) can be included in the pro-
pensity model, which may improve precision of the overall 
analysis, even if they are not confounders because they are 
not associated with treatment.16,17 In some studies, however, 
it is not possible to determine whether each potential con-
founding variable occurs before the exposure or treatment 
in every patient, because detailed data on either the expo-
sure or potentially confounding variable are not available. 
For example, an ill-defined treatment such as the previous 
example of prior statin use in surgical patients may make 
identification of appropriate variables difficult, because 
potentially confounding variables may occur temporally 
after treatment, at least in some patients, violating the first 
condition.

In practice, we recommend that variables be chosen 
based on the 3 conditions above informed by investigator 
expertise, knowledge of the data source, and previous lit-
erature. Variable selection using statistical approaches may 
also be considered with respect to conditions (2) and (3). We 
recommend that with sufficiently large sample size, investi-
gators should err toward inclusivity, whereas with moder-
ate sample size investigators might focus on those variables 
thought to be the strongest confounders from a biological 
perspective. When sample sizes are small, investigators 
should critically evaluate whether the data are sufficiently 
rich for their hypothesis because propensity scores are 
not a substitute for a sufficiently powered study on high-
quality data. Power and sample size calculations should be 

aWe do not consider crossover designs further. Even though it may appear 
that both potential outcomes can be observed, in practice there are poten-
tially differential carryover effects between treatments, period effects, and 
sequence effects. It is impossible to simultaneously observe response to both 
treatments in an individual.
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performed.18 Investigators should avoid including variables 
meeting only conditions (1) and (3) without an association 
with the outcome, because this can lead to increased bias 
and loss of precision.16,19–21 As a result, surrogate variables 
for treatment (or variables that are nearly surrogates) should 
be avoided. For example, if some surgeons always or nearly 
always use treatment while other surgeons strongly prefer 
control, the analysis should not consider an indicator for 
surgeon in the propensity score model. Variable selection 
using statistical methods or rules should proceed carefully 
to ensure the criteria above; for example, consider identify-
ing potential confounders by their association with outcome 
(condition 2) rather than treatment and use a threshold for 
inclusion that favors inclusion rather than exclusion to cap-
ture potential confounders.

Interactions. When fitting a propensity model, 
investigators should consider interactions among the 
potential confounding variables and among higher-order 
(eg, quadratic) or nonlinear terms for these variables. 
Not only is this good model-building practice, but it has 
important implications for the comparison of treatment 
versus control and better mimics characteristics of RCTs. 
Consider the relationship between age, sex, and treatment. 
In a RCT with sufficient sample size, we expect the average 
patient age to be similar in treated and untreated patients. 
Furthermore, we expect similar standard deviation of age 
in treatment groups. Also in a RCT, we expect the average 
age to be similar between treatment groups in the subset 
of female patients. In observational analyses with the 
propensity score, we can mimic these features by including 
higher-order terms (eg, squared age) to get similar standard 
deviation and by including interactions to mimic similarities 
in subsets. Researchers should include these higher-order 
and interaction terms to a reasonable extent or focus on 
biologically relevant and plausible terms. Machine learning 
approaches to estimating the propensity score (eg, boosted 
models in the R software package twang) may assist the 
researcher by including nonlinear terms and interactions 
by default. Propensity scores are estimated for each subject 
from the fitted model for treatment as the response. The 
propensity score is the probability of receiving treatment as 
a function of the input patient covariates.

Positivity Assumption. Propensity score methods assume 
each patient has positive probability of receiving treatment 
and positive probability of receiving control. Formally, the 
propensity score is strictly between 0 and 1 for all possible 
covariate combinations; less formally, estimated propensity 
scores should not be too close to these boundaries. This can 
be assessed by plotting a histogram of the propensity scores 
or looking at the minimum and maximum values in the data 
set for each of the treated and untreated groups. A random 
positivity violation may be due to either finite sample 
size or inclusion of surrogate variables in the propensity 
score model and the researcher may address this through 
model refinement, extrapolation, or by weight truncation 
(see section Creating Weights for IPTW).22,23 A structural or 
deterministic violation is one where subjects with a given 
combination of covariates are either always or never treated 
in practice. Had one designed a RCT, exclusion criteria would  

apply to those individuals with structural violations who 
are ineligible for treatment. Similarly, structural positivity 
violations should be addressed by identifying appropriate 
exclusion criteria.

Application. In the TEA analysis by Komatsu et al,4 
investigators assessed the association between TEA and risk of 
atrial arrhythmia after pulmonary resection in a retrospective 
cohort of n = 1236 (937 TEA, 299 general anesthesia) patients 
meeting the initial inclusion/exclusion criteria. Propensity 
scores were estimated using logistic regression with baseline 
covariates including age, sex, body mass index, race/ethnicity, 
American Society of Anesthesiologists physical status, 
histories of comorbid conditions, presurgical laboratory tests 
and medications, surgical approach, and additional planned 
procedures. The complete list of candidate variables is in 
Table  1 of the referenced article. While ideally this would 
be addressed in the design phase, midanalysis assessment 
of positivity determined that n = 29 patients be excluded 
for prior thoracotomy, chronic renal failure, and other rare 
combinations of factors leading to propensity scores near 0 or 
1. We used an ad hoc approach to exclude subjects in the top 
and bottom 1% of propensity scores; however, this may not 
be an ideal approach. A more reproducible approach would 
consider excluding based on combinations of covariates that 
are identified as leading to structural positivity violations, 
such that the exclusion criteria can be stated clearly for 
the reader of an article. In the current study, we refit the 
propensity score model on n = 1207 patients (922 TEA, 285 
controls). Figure  1 shows a histogram of propensity scores 
indicating overlap of the distribution among treated and 
untreated patients.

Creating Weights for IPTW
Perhaps the most reliable propensity score method is IPTW, 
in which weights are created from the estimated propen-
sity scores, e X( ) , and then used when comparing out-
comes between groups to adjust for confounding. Typically, 
weights are created to estimate the ATE as illustrated in the 
following, but weights have also been described for estimat-
ing the ATT, which is not shown here.24 For a treated patient, 
the weight is calculated as the inverse of their propensity 
score, that is, the inverse of the probability of treatment, 
1/e X( ). For an untreated patient, the weight is the inverse 
of 1 minus their propensity score, that is, the inverse of 
the probability of control, 1/(1 − e X( )) (see Supplemental 
Digital Content 1, Appendix, Equation 2, http://links.lww.
com/AA/C342). Propensity scores are between 0 and 1, so 
the calculated weights will be >1.

Intuition for the inverse probability of treatment weights 
can be seen considering the potential outcome framework 
described in the earlier section When to Consider Propensity 
Score Methods. For example, observed outcomes for treated 
patients having low propensity scores of say 0.10, indicat-
ing low probability of receiving treatment, may give valu-
able insight into the potential outcomes of control patients 
with propensity scores near 0.10 had they, counter-to-fact, 
received treatment. Among patients with propensity scores 
near 0.10, few will be in the treated group, so such individ-
uals are given relatively high weights in the analysis (eg, 
1/0.10 = 10) to represent the potential outcomes of control 
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patients. On the other hand, a treated patient with large 
propensity score of say 0.90 is not adding as much infor-
mation, because there are likely many treated patients with 
similarly high propensity scores; hence, we apply a lower 
weight of 1/0.90 = 1.11.

This is illustrated in Figure 2 for hypothetical data with 
a single covariate, surgical group. The figure shows that, 
although thoracotomy patients are more likely to receive 
treatment than control, with a probability of .67, inverse 
weighting by the propensity score equalizes the total 
weights for treatment and control at this covariate level, 
thus removing the association between treatment assign-
ment and the covariate and reducing confounding due to 
this variable.

Another option is to estimate “stabilized” weights. A 
stabilized weight is calculated for treated and untreated 
patients by multiplying the unstabilized weight given 
above by the proportion observed as treated or untreated in 
the sample, respectively (Supplemental Digital Content 1, 
Appendix, Equation 3, http://links.lww.com/AA/C342). 
Stabilized weights are generally recommended because 
they are less variable than the unstabilized weights.22,24 
Researchers should evaluate the distribution of weights—
whether using stabilized or unstabilized weights—before 
analysis of the outcome. Very large weights for a very small 
number of subjects can lead to instability and less precision 
in the ATE estimate as a few subjects dominate the analysis. 
There is no established rule defining large weights, but we 

Table 1.  Baseline Characteristics Before and After Propensity Score Matching
Factor Before Matching After Matching

 
TEA  

(N = 937)
Controls  

(N = 299) STD
TEA  

(N = 311)
Controls  

(N = 132) STD
Age (y) 61.7 ± 13.6 60.5 ± 13.9 0.09 62.2 ± 13.0 61.4 ± 13.7 0.06
Male sex 53 51 0.04 48 52 −0.09
BMI (kg/m2) 27.3 ± 5.7 28.5 ± 6.1 −0.21 27.6 ± 6.0 28.0 ± 6.1 −0.08
ASA physical status   0.14   0.05
 II 7 11  10 9  
 III 71 69  66 68  
 IV 22 20  23 23  
COPD 32 28 0.10 32 31 0.03
Lung cancer 73 30 0.95 62 56 0.12
Creatinine (mg/dL) 0.9 ± 0.3 1.0 ± 0.5 −0.23 0.9 ± 0.3 0.9 ± 0.3 0.12
Surgery extent   1.03   0.15
 Segmental resection 19 64  35 40  
 Lobectomy 72 31  53 52  
 Complete pneumonectomy 10 5  12 8  
Surgical approach   1.09   0.21
 Thoracotomy 72 25  60 50  
 Clamshell incision 4 5  4 5  
 Stermotomy incision 1 3  2 2  
 Thoracoscopy 23 67  34 43  

Adapted from Komatsu et al.4

Abbreviations: ASA, American Society of Anesthesiologists; BMI, body mass index; COPD, chronic obstructive pulmonary disease; STD, standardized difference; 
TEA, thoracic epidural analgesia.

Figure 1. Distributions of propensity 
scores for receiving thoracic epidural 
analgesia (TEA) among n = 1207 
patients. The upper histogram is 
among patients receiving general anes-
thesia; the bottom histogram is among 
TEA patients. PS indicates propensity 
score.

http://links.lww.com/AA/C342
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recommend the researcher critically evaluate observations 
with stabilized weights >20 or unstabilized weights >50; 
more conservative (lower) thresholds may also be consid-
ered. If not attributable to structural positivity violations, 
extreme weights may be truncated using quantiles of the 
distribution of weights, commonly truncating at the first 
and 99th percentiles or other percentiles, possibly reported 
as a sensitivity analysis.22 That is, weights less than the low-
est first percentile are rounded up to the value of the first 
percentile and weights greater than the 99th percentile are 
rounded down to the value of the 99th percentile to avoid 
extremes. It is therefore generally not necessary to remove 
such patients from the analysis unless there is a structural 
positivity violation identified.

Application. Among 1236 total subjects, unstabilized 
and stabilized weights were calculated with the goal of 
estimating the ATE. In this example, we decided to exclude 
the top and bottom 1% of propensity scores which seemed 
to violate positivity rather than truncate scores. After 
removing the top and bottom 1%, the range of unstabilized 
weights was 1.003–33.3 and range of stabilized weights 0.24–
11.8. Additionally, weights were calculated for estimating 
the ATT, for which TEA patients receive a weight of 1 while 
general anesthesia controls had a range of weights from 
0.008 to 32.

Matching on the Propensity Score
Another common application of the propensity score is to 
match treated and untreated patients. Typically, for each 
treated patient, a suitable match (or matches) is identified 
among the untreated with a similar propensity score. In this 

way, PSM ideally uses all treated patients from the observa-
tional data set and often a subset of the untreated patients 
who are matched to the treated patients. Of note, we write 
PSM as the common terminology; however, the common 
standard is to match using the logit of the propensity score, 
which is the log odds of treatment and also known as the 
linear propensity score (Supplemental Digital Content 1, 
Appendix, Equation 4, http://links.lww.com/AA/C342); 
calipers discussed in the following are commonly defined 
for the logit of the propensity score.16,25–27

The companion article by Staffa and Zurakowski3 dis-
cusses several considerations and recommendations; we 
review only briefly. Typically matching is 1:1 (pair match-
ing of treated to untreated), but investigators may consider 
other ratios that match 1:m, m ≥ 2 untreated patients to each 
treated. This decision represents a trade-off such that match-
ing additional untreated patients provides a larger analysis 
sample that may improve precision of the estimated treat-
ment effect but could result in larger differences in the pro-
pensity score between treated and untreated patients (a 
poor-quality match), which may lead to bias.28 Generally, 
each subsequent match to a particular treated subject is 
worse than the previous.

Staffa and Zurakowski,3 and references therein, com-
pare optimal versus greedy matching algorithms and 
calipers for the maximum allowable distance between 
matches.27,29–32 Optimal matching is an algorithm to identify 
all matches simultaneously to get close matches, whereas 
greedy matching is sequential, selecting an untreated match 
for a particular treated patient before moving to the next 
treated patient in the data set. A caliper, a maximum allow-
able difference for a possible match, of 0.2 of the standard 

Figure 2. Illustration of inverse prob-
ability of treatment weighting. Here, 
we consider only a single confounder, 
that of surgical approach. Red color 
indicates thoracotomy and blue color 
indicates other surgical approaches. 
Solid color images are treated patients; 
striped are untreated. In this hypo-
thetical example, 67% of thoracotomy 
patients are treated (thoracic epidural 
analgesia [TEA]), whereas only 25% 
of patients undergoing other surgi-
cal approaches are treated (TEA). As 
a result, the weights for thoracotomy 
patients are 1.5 (or 1/0.67) for each 
treated and 3 (or 1/0.33) for each 
untreated. Weights for other surgical 
approach patients are 4 (or 1/0.25) for 
each treated and 1.33 (or 1/0.75) for 
each untreated. Therefore, we achieve 
equal total weights for treated and 
untreated within each surgical proce-
dure—ie, total group weights are 6 for 
treated and untreated receiving thora-
cotomy and 8 for treated and untreated 
receiving other surgical procedures.
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deviation of the logit of the propensity scores is the com-
mon recommendation.32 Larger calipers allow greater dif-
ferences between matched pairs, but may be necessary to 
fully match all treated patients, whereas smaller calipers 
force higher-quality matches while possibly restricting 
the sample of treated patients to a subset with available 
matches. Matching can be done with or without replace-
ment of untreated controls. When matching with replace-
ment, an untreated subject may be matched to several 
treated patients and the outcome analysis must take into 
account that untreated subjects appear multiple times as a 
match. This is another trade-off: matching with replacement 
will reduce within-pair differences in the propensity score, 
possibly leading to reduced confounding; however, this 
reduces the effective sample size and precision. Researchers 
should consider whether their data set will provide suitable 
matches if matching without replacement—such as when 
the number of untreated subjects is much larger than the 
number of treated subjects. Alternatively, if matching with-
out replacement leads to poor-quality matches or inability 
to identify a match for some treated patients, investigators 
should consider replacement. IPTW is an appealing alterna-
tive that uses all available data so that investigators do not 
exclude subjects without available matches.

In the preceding, we assumed each treated subject was 
successfully matched to untreated subjects 1:1 or 1:m (m ≥ 
2) fixed ratio. There are 2 consequences of this approach. 
First, one can conceptualize each matched pair or group as a 
pseudo-experiment where 1 patient was randomly assigned 
to treatment and 1 (or m) matched patient was randomly 
assigned to control. Second, as a result of matching treated 
to untreated, the distribution of propensity scores and mea-
sured covariates in the overall matched cohort is equal to 
the distribution among the treated. We previously described 
Treatment Effects Estimated with Propensity Score Methods, 
including the average treatment effect among the treated. 
Because the distribution of measured covariates in the 
matched cohort resembles that of the treated patients, PSM 
naturally estimates the ATT. If matching controls to treated, 
the ATU is estimated. If there is incomplete or variable match-
ing, where the number of matched controls varies among the 
treated patients or some treated patients have no matched 
controls, investigators should revisit the positivity assump-
tion, consider matching with replacement, or consider IPTW 
with ATT weights. The researcher may be tempted to proceed 
with PSM excluding those treated subjects without matches 
or using a variable number of matches. Positivity violations 
aside, the estimated treatment effect may not be transport-
able to other populations or appropriately estimate the ATT.33

Application. In our reanalysis of this data set, we match 
untreated to treated without replacement using greedy 
nearest-neighbor matching with a caliper. We planned to 
match 3:1 treated to untreated subjects but some untreated 
patients were unable to identify 3 treated matches within the 
caliper (using the default 0.2 times the standard deviation 
described above), so for illustration, we allowed variable 
matching of up to 3 treated matches for each untreated 
patient for the ATU estimate. A total 311 treated matches 
were identified for 132 controls. For illustration, we also 
matched TEA treated to controls, such that 135 TEA-treated 

patients were identified with available 1:1 matches of 
general anesthesia controls. Incomplete matching was 
present for both approaches. Thus, our matched analyses 
may not estimate the ATU or ATT as well as originally 
planned. Instead, these matched samples may estimate an 
effect among an area of common support.

Defining Propensity Score Strata
Propensity score stratification, also called subclassification, 
uses bins (often quintiles) of propensity scores to arrange 
subjects. Specifically, subjects are ranked from highest 
to lowest propensity score and split into 5 quintiles (or 
another number of bins) of equal sample size. Analyses are 
performed for the stratified sample. Conceptually, within 
given strata, the treated and untreated subjects are similar 
with respect to their propensity score; thus, one could think 
of each strata as containing a pseudo-randomized study. 
However, because the bins are often wide (ie, containing a 
nontrivial range of propensity scores), residual systematic 
differences in the distribution of the propensity score may 
remain within strata, leading to residual confounding of the 
outcome analysis. While computationally easier, modern  
statistical software allows for implementation of IPTW and 
PSM which likely provide better balance and control of  
confounding variables than stratification.26,34,35

Assessing Balance
A key feature of propensity score methods is a balance of 
potential confounders and prognostic variables between 
treatment groups. Under ideal conditions that include no 
unmeasured confounders and perfect balance, confound-
ing of the effect of treatment on outcomes is minimized. 
However, the achieved balance must be assessed after 
weighting, matching, or stratification. Absolute standard-
ized differences can be calculated for each covariate to 
compare balance, where the standardized difference is 
defined as the difference in means or proportions divided 
by the pooled standard deviation (see Supplemental Digital 
Content 1, Appendix, Equations 5 and 6, http://links.lww.
com/AA/C342). Standardized differences should be calcu-
lated before and after applying weights, matching, or strati-
fying to demonstrate improvement from any differences in 
the original data. After weighting, the standardized differ-
ence can be calculated similarly but using weighted means 
and weighted standard deviations. After matching, calcula-
tions for the standardized difference use the same approach 
as before matching. For propensity score stratification, the 
investigator may evaluate balance within each strata in a 
similar fashion.

On average, we expected the standardized difference to 
decrease as a function of increasing sample size, and so the 
guideline by Austin36 is useful to assess balance based on 
the standardized differences. That is, researchers might con-
sider imbalanced any variable with an absolute standard-
ized difference larger than 1 96. ( /( ),N N NT CTOTAL ×  where 
N NT C and  are the sample sizes in the 2 groups. This will 
result in a tighter criterion for balance for large studies (eg, 
with N = 10,000 per group, the criterion is 0.028) and wider 
for smaller studies (eg, with N = 100 per group, the crite-
rion is 0.28). However, we caution that, with the very large 
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sample sizes available in modern database research, this 
guideline can identify very slight and not clinically impor-
tant differences as imbalanced, leading researchers to either 
adjust for such variables or further refine the propensity 
score model when in fact the differences might be trivial. 
Therefore, researchers should combine the criterion with 
their own clinical sense and proceed accordingly. Along 
these lines, a more uniform rule of thumb for good balance 
has been suggested (by Austin17 and others) to be an abso-
lute standardized difference 0 1. .37 Our recommendation is 
to use the Austin36 criterion for most studies, but to not be 
very concerned with standardized differences <0.10 unless 
they also appear to be clinically important.

If the weighted, matched, or stratified sample continues 
to show systematic imbalance among covariates, the inves-
tigator should revisit the propensity model to include inter-
actions and higher-order terms, revalidate the positivity 
assumption or, if matching, consider using a more stringent 
matching criterion. When reporting results, authors should 
demonstrate balance, reporting standardized differences 
before and after weighting, matching, or stratification.

Application. Table  1 replicates a select subset of the 
demographics table of Komatsu et al4 showing the absolute 
standardized differences before and after PSM. Before 
matching, large differences existed in rate of history of 
lung cancer, surgery extent, and surgical approach. After 
matching, the largest absolute standardized difference was 
0.21—for surgical approach. These authors prespecified a 
threshold of 0.2 to indicate poor balance, so analyses in the 
original study included conditional adjustment for surgical 
approach due to residual imbalance. Coincidentally, this 
is about the same as the criterion of 0.204 that would be 
obtained using the method of Austin36 using sample sizes 
after matching.

OUTCOME ANALYSIS
Outcome Analysis Under IPTW
After estimating the propensity score, creating weights, and 
assessing assumptions such as balance, we compare out-
comes among treated and control patients in the weighted 
sample. While several approaches exist, many research-
ers use weighted regression methods, including weighted 
linear, logistic, or Cox proportional hazards regression for 
continuous, binary, and time-to-event data, respectively. 
Log-binomial or Poisson regression are also frequently 
considered for binary outcomes to estimate relative risks. 
The only predictor required in the model is an indicator of 
treated versus control. However, there may be scenarios 
where investigators include additional variables in the out-
come model, such as if fitting treatment interactions or if 
performing mediation analysis.38

Importantly, weighting by the inverse of the propensity 
score induces a within-subject correlation that must be 
accounted for in the outcome analysis.39 A robust “sand-
wich” covariance approach provides a conservative esti-
mate of standard errors (SEs) and is implemented in many 
software packages, as demonstrated in Supplemental 
Digital Content 1, Appendix, http://links.lww.com/AA/
C342. Bootstrapping is another approach to obtain SEs and 

confidence intervals (CIs).40 A naive approach (ie, ignor-
ing the correlation) may lead to substantial bias in the SE 
resulting in increased type I error rates.40 We recommend 
the robust “sandwich” covariance approach, which is easy 
to implement in most software, or bootstrapping be applied 
to all IPTW analyses. If sample sizes are very small (<50), 
consider bootstrapping, as the robust variance approach 
requires a moderate sample size.41,42 These are preferred 
over the potential for increased type I error under naive SEs.

Outcome Analysis Under PSM
After matching with the propensity score as previously 
described, the analysis model for the outcome follows in a 
similar fashion to IPTW described in the previous subsec-
tion, Outcome Analysis Under IPTW. The regression model 
should be chosen based on the form of the outcome—often 
using linear, logistic, or Cox proportional hazards regres-
sions when appropriate. There is an ongoing debate in the 
statistical literature to determine best practices for PSM 
and whether the matched design must be accounted for.43 
We recommend, just as we did for IPTW, that researchers 
should account for the design of the study in the analysis, 
here for the matched nature of the sample.44–46 Bootstrapping 
and robust SEs have also been proposed for analysis of the 
matched sample; however, bootstrapping may be inappro-
priate for PSM with replacement.47 Robust “sandwich” SEs 
may require at least 50 matched groups.41,42 At present, we 
recommend that anesthesia investigators use a robust SE or 
fit a conditional logistic regression for a binary outcome as 
recommended in Staffa and Zurakowski’s3 companion arti-
cle when reporting results of a PSM analysis.

Propensity Score Stratification and Propensity 
Score Adjustment
A stratified analysis estimates treatment effects in each strata 
using the regression model and combines the results across 
strata for a final estimate. With propensity score adjustment, 
researchers add the propensity score to the regression model 
as an adjustment variable. This adds further assumptions 
about the functional relationship between outcome and pro-
pensity score not required of other methods. We include the 
propensity score as a covariate approach in our application 
for illustration, although this and stratification are generally 
not recommended because research has shown they do not 
reduce systematic biases due to confounding to the same 
degree as IPTW and PSM.48

Outcome Analysis Application
Data from Komatsu et al4 were reanalyzed using IPTW 
with ATE inference weights and with ATT weights, PSM 
with an intended ATT inference and with an ATU infer-
ence, with covariate regression adjustment and propen-
sity score adjustment, and in a “crude” analysis ignoring 
confounding. CIs under IPTW and PSM were obtained 
using robust covariance estimates. New-onset postopera-
tive atrial arrhythmias were observed in 122 (10.1%) of the 
total n = 1207 patients included in the analysis. Estimated 
ORs for the effect of TEA versus general anesthesia on atrial 
arrhythmias are shown in Table 2. A crude analysis (analysis 
no. 7 in Table 2) that did not attempt to account for potential 
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confounding suggested a significant association between 
TEA (versus control) and atrial arrhythmias (OR = 0.40; 95% 
CI, 0.23–0.70; P < .001). The OR for the ATU/common sup-
port matched sample (analysis no. 3, robust SE) was 1.15 
(95% CI, 0.56–2.40; P = .70) suggesting no evidence of an 
association between TEA and atrial arrhythmia. PSM of 
TEA to control patients (ATT, analysis no. 4) yielded simi-
lar estimates (OR = 1.09; 95% CI, 0.51–2.30; P = .82). IPTW 
with ATT weights (no. 2) had a numerically lower estimate 
of the OR, although there was no evidence of a treatment 
effect (OR = 0.93; 95% CI, 0.81–1.06; P = .25). IPTW with ATE 
weights (no. 1) also suggests little evidence of association 
(OR = 0.94; 95% CI, 0.85–1.05; P = .27). A logistic regression 
model adjusting for the propensity score as a covariate (no. 
5) gave an estimated OR (95% CI) of 0.82 (0.41–1.63). Finally, 
a covariate-adjustment model (no. 6) estimated a numeri-
cally higher association than other approaches (OR = 1.40; 
95% CI, 0.75–2.60; P = .28), but also suggests no evidence of 
an association between TEA and arrhythmia. CIs for IPTW 
were much narrower than PSM, possibly in part because 
PSM excluded a large portion of the data in this example, 
thus using a smaller effective sample size. In large samples, 
one might expect differences between IPTW and PSM to 
diminish when both estimate the same treatment effect such 
as the ATT.

All methods yielded similar conclusions of no signifi-
cant association, except for the crude/unadjusted analy-
sis, reinforcing the importance of adjusting for potential 
confounders using one of these methods. In practice, one 
would not report all of the analyses given in Table 2. In 
the design phase, investigators would indicate which of 
ATE, ATT, or ATU was of interest, and also whether PSM 
or IPTW was planned. Then analysis would proceed with 
this intent. In this example, results using IPTW are pre-
ferred due to the narrower CIs versus PSM, which could 
be predicted based on expected larger IPTW sample size.  

SAS code for these analyses are given in Supplemental 
Digital Content 1, Appendix, http://links.lww.com/AA/
C342 and the data in Supplemental Digital Content 2, 
http://links.lww.com/AA/C343.

EXTENSIONS AND DISCUSSION
In this statistical grand rounds, we described estimation and 
implementation of PSM and IPTW in anesthesia research for 
evaluating the association between a well-defined treatment 
or intervention and outcome. Statistical assumptions for the 
propensity score and how to evaluate them were described. 
Of note, assumptions similar to positivity apply to covariate-
adjustment models but are often untested; untested violations 
would suggest the researcher is extrapolating (inferring a 
relationship without sufficient data). Furthermore, we reem-
phasize that unmeasured confounding, to some degree, is 
omnipresent in observational data. Balance of measured con-
founders does not imply balance of unmeasured confound-
ers and propensity score methods are unable to control for 
unmeasured confounding; in fact, there may be the opposite 
effect of exacerbating bias due to unmeasured confounding.49

Articles reporting propensity score analyses should 
include a statistical methods section with sufficient detail for 
readers to replicate the analysis process. Yao et al50 provides 
guidelines and a checklist for reporting propensity score 
analyses that complement other established reporting guide-
lines such as Strengthening the Reporting of Observational 
Studies in Epidemiology (STROBE). We add only that the 
methods should include how SEs or CIs were estimated, such 
as with robust variance or bootstrapping, when applicable.

When investigators have a well-defined treatment or 
exposure, data of sufficient sample size, and high-quality 
data including potential confounders, propensity score 
methods are an appealing choice to estimate population 
effects by mimicking features of a RCT. Investigators might 
consider performing power analyses, just as with any other 

Table 2.  Results Applying Propensity Score Methods and Multivariable Model to the Data From  
Komatsu et al4

Analysis Method
Sample Size 

TEA/Controls
Odds Ratio  

(95% Confidence Interval) P Value
1. IPTW: ATT weightsa–c 922/285 0.93 (0.81–1.06) .25
2. IPTW: ATE weightsa–c 922/285 0.94 (0.85–1.05) .27
3. PSM, variable 1:3 controls to TEA; intended ATUa,d,e 273/132   
  3.1. Robust GEE SE  1.15 (0.56–2.40) .70
  3.2. Naive SE 1.15 (0.57–2.30) .70
4. PSM, 1:1 TEA to controls; intended ATTa,d,e 135/135   
  4.1. Robust GEE SE  1.09 (0.51–2.30) .82
  4.2. Naive SE 1.09 (0.48–2.50) .83
5. Adjusting for PS as covariatef 922/285 0.82 (0.41–1.63) .57
6. Covariate-adjusted logistic regressiong 922/285 1.41 (0.75–2.60) .28
7. Unadjusted, crude: logistic regression with no adjustment 

for confoundingh

937/299 0.40 (0.23–0.70) <.001

Abbreviations: ATE, average treatment effect; ATT, average treatment effect among the treated; ATU, average treatment effect for the untreated; GEE, generalized 
estimating equation model; IPTW, inverse probability of treatment weighting; PSM, propensity score matching; SE, standard error; TEA, thoracic epidural analgesia.
aRefer to section Treatment Effects Estimated with Propensity Score Methods.
bRefer to section Creating Weights for IPTW.
cRefer to section Outcome Analysis under IPTW.
dRefer to section Matching on the Propensity Score.
eRefer to section Outcome Analysis under PSM.
fRefer to section Propensity Score Stratification and Propensity Score Adjustment.
gRefer to section Covariate-Adjusted Regression Modeling: The Conditional Treatment Effect.
hRefer to section Outcome Analysis Application.
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observational study. While PSM is easy to comprehend 
because the investigator sees both the treated and untreated 
matched pair (or group), IPTW is often preferred because it 
potentially uses all or nearly all data rather than the subset 
with available matches, depending on the amount of over-
lap in the propensity score distributions between treated 
and untreated. This may lead to more precision and smaller 
CIs under IPTW.

Furthermore, researchers should critically consider 
whether they want to obtain an estimate of the ATT or ATE. 
In our experience, the ATE, most commonly estimated by 
IPTW, is often more interesting and relevant than the ATT 
in clinical research studies. But this need not be the case 
because the ATT may be more relevant for some scenarios. 
For example, evaluating the effect of tobacco use may be 
better positioned in the ATT framework as the effect of 
smoking among smokers. We would not care to hypothesize 
scenarios where everyone was a smoker or everyone was a 
nonsmoker; instead, we might only care to ask what would 
happen if smokers had not started smoking. The ATU (treat-
ment effect among the untreated) may be of interest when 
evaluating consequences of having withheld treatment. A 
possible scenario is an evaluation of health care dispari-
ties in underserved populations and subsequent outcomes. 
The ATT and ATU are commonly obtained with PSM, but 
IPTW offers a weighting framework for these while using 
all available data.

Many other extensions and approaches exist that are not 
described in detail, but references can provide guidance for 
interested readers. For example, propensity score methods 
have been extended to scenarios with >2 treatments and 
continuous treatments such as drug dose or treatment dura-
tion.51–54 We describe the typical IPTW and PSM approaches, 
however, an IPTW approach which has analogs to pair 
matching has been proposed which may be more efficient 
than PSM and additional methods offering favorable fea-
tures to reduce bias have been described.34,55

We described methods in the context of causal inference 
and treatment effects. Propensity score methods have been 
implemented by researchers for other purposes when the 
exposure is not a well-defined treatment or intervention. 
In such cases, investigators should consider their research 
hypothesis and available data. Furthermore, investigators 
might consider whether they are trying to adjust for con-
founding variables or other variables that occur temporally 
after the primary exposure, which may not be appropri-
ate in the propensity score framework. Instead, variables 
occurring temporally after the exposure might open up 
other analytic approaches for the investigator to consider, 
such as mediation analysis.38 We demonstrated methods 
with an analysis of TEA compared to general anesthesia 
and risk of atrial arrhythmia after pulmonary resection. In 
this application, we found no association between TEA and 
reduced odds of arrhythmia under any of our approaches, 
but precision of the estimated effect was considerably bet-
ter using IPTW. We reported several results for exposition 
of methods; in practice, researchers should determine the 
appropriate analysis method in advance based on their 
aims or hypotheses. Investigators should avoid taking mul-
tiple approaches to select the most significant or appealing 
result.56

Appropriate application of propensity score methods, 
including IPTW and PSM, may reduce bias due to measured 
confounding when estimating causal inference parameters 
like the ATE and ATT. Each method mimics elements of a 
RCT by balancing covariate distributions across treatment 
groups when randomization is not feasible or possible or the 
data are retrospectively collected. While unmeasured con-
founding and other sources of bias still exist, these methods 
may reduce bias, allowing one to approach making causal 
inference. This is appealing to many researchers, although 
the results should still be framed as measures of association 
due to the observational nature of treatment assignment. E
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