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Abstract
Purpose of Review Observational studies are of great
importance to anesthesia and perioperative care research,
as they reflect routine clinical practice. However, because
observational data are nonexperimental, assigning causality
to identified relationships has a significant risk of bias.
After describing the pros and cons of observational studies,
we provide an overview of the different methods used to
make causal inferences. Of these, we focus on the
propensity score analysis, which achieves an increasing
popularity in anesthesia and perioperative literature.
Recent Findings Several methods are proposed for estimating treatment effects in observational studies. Although
multivariable regression has traditionally been used to infer
causal effects by adjusting for confounding variables, the

reported result mainly depends on the model specification
that fits the researcher’s hypothesis. Preprocessing observational data can reduce this model dependence, by balancing confounders across the treatment groups like in
experimental studies. In particular, the propensity score
analysis approximates the randomized controlled trial.
Summary Compared to randomized experiments, observational studies are low-cost sources of ‘‘real-life’’ data,
but they are exposed to bias. Treatment effects can be
estimated by using appropriate methods, such as the
propensity score analysis, which limits confounding and
model-dependence bias. We provide an illustrative example of propensity score analysis using a recently published
study, which assessed the outcomes after hip fracture surgery compared with elective total hip replacement.
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Introduction
The randomized controlled trial (RCT) is often perceived
as the standard method to provide ‘evidence’ of a treatment
effects [1]. However, there are many situations in which
RCT evaluation is not feasible, as in conditions requiring
emergency management or where random allocation of
interventions is unethical or impossible [2]. In these situations, observational studies should be considered. Like
RCTs, observational studies aim to estimate the causal
effect of a treatment or an intervention. Unlike RCTs,
observational studies collect ‘‘real-life’’ data, and have the
potential to provide results that are reflective of routine
clinical practice. Compared to RCTs, observational studies
are low-cost sources of data and can enroll numerous
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patients [3]. However, because treatment allocation is not
randomized, the estimation of causal effects has a significant risk of bias. After describing these biases, we present
an overview of the different methods to minimize their
influence on treatment effect estimates.

Bias Due to Nonrandomization
As opposed to randomized experiments, the treatment
assignment in observational studies is determined by a
clinical decision rather than by random allocation. Subsequently, the population selected to receive the treatment
may systematically differ from the control population [4].
These differences may lead to two types of bias: confounding and selection bias.
As an illustrative example, we take a recent study published by Le Manach et al. assessing the effect of hip fracture
surgery compared to total hip replacement on postoperative
in-hospital mortality [5••]. In this situation, randomization
was unethical, as previous studies have suggested an association between hip fracture surgery and increasing risk of
mortality [6]. In this observational study of 690,995 patients
[5], hip fracture surgery was performed preferentially on
older patients with more preoperative comorbidities. A crude
estimation revealed a risk ratio (RR) equal to 18.96 (95 % CI
17.54–20.50, P \ 0.001). However, such an analysis confounds the effect of hip fracture surgery with those of age and
preoperative comorbidities. After matching on preoperative
variables (age, sex, comorbidities, residency, and center
type), the authors reported a RR = 5.88 (95 % CI 5.26–6.58,
P \ 0.001), which reflects the specific effect of hip fracture
surgery measured on the older, multi-morbid patients who
underwent this procedure. Because of the fundamental differences in the hip fracture surgery group, the effect noted
may apply only to this population and may not generalize to
the population as a whole.
On the one hand, confounding bias distorts the apparent
treatment effect either quantitatively (i.e., overestimation
or underestimation of the treatment effect) or qualitatively
(i.e., apparent benefit of a truly harmful treatment). On the
other hand, selection bias leads one to wrongly extrapolate
a conclusion drawn from a specific population (e.g., the
treated population) to a different population (e.g., the
overall population). In large RCTs, random allocation
guarantees the removal of systematic differences between
treatment and control groups [4]. Because groups are
assumed to be equivalent regarding all prognostic factors,
no confounding bias is expected. Because the treated
population is assumed to be equal to the control population,
and therefore to the overall population, no selection bias is
expected. In RCTs, the average treatment effect in the
overall population (ATE) is thus equal to the average
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treatment effect in the treated population (ATT) and to the
average treatment effect in the control population (ATC).
In 1997, Heckman defined the selection bias, as the difference between the ATE and the ATT [7]. In observational studies, the ATE, ATT, and ATC can be estimated,
but are not equal. To avoid selection bias, the choice of the
estimand should be guided by the clinical objective of the
study. The ATT is often referred to as the estimand of
interest for decision-making, because it is measured on
subjects for whom the intervention was intended [7]. To
address confounding bias in observational studies, several
methods of treatment effect estimation are described in the
literature. Of these, we note the importance of propensity
score analysis, which has been increasingly used in anesthesia and perioperative research [8].

Methods to Estimate Causal Effects
‘Traditional’ Regression Adjustment
Multivariable regression has traditionally been used to
infer causal effects by adjusting for confounding variables
(e.g., age, sex, comorbidities, residency, and center type).
Because it involves statistical modeling, this approach
requires adherence to the assumptions of the statistical
model used. Logistic and survival models (which are used
for binary and time-to-event outcomes, respectively)
should include a minimum of 10 events per variable for
reliable estimation [9–11], though it may be possible to
obtain accurate estimates with slightly fewer [12, 13].
When linear regression is used to evaluate a continuous
outcome, the need for a minimum of two subjects per
variable has been described [14]. ‘Traditional’ regression
adjustment is therefore limited in small samples, or when
the outcome of interest is rare. In these situations, a sound
strategy of variable selection becomes crucial. Several
popular approaches to automatic variable selection are
described, though these have been found to produce
unstable results and require validation using resampling
methods [15]. Because effect estimates are obtained from
statistical models, the regression adjustment assumes their
accuracy and goodness-of-fit. An alternative to this ‘traditional’ approach is the propensity score analysis, which
aims to create a balanced distribution of confounders,
similar to what one would expect in an RCT [16].
Propensity Score Analysis
The propensity score is defined as the conditional probability of receiving the treatment of interest (e.g., hip fracture surgery) given a set of confounding covariates (e.g.,
age, sex, comorbidities, residency, and center type) [16].
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This single score summarizes the values of all confounders,
meaning that subjects with equal scores are expected to
have, on average, similar values for each confounding
variable [16]. For example, patients with equal propensity
to undergo hip fracture surgery are expected to be of
similar age, sex, center type, and residency, and to have the
same comorbidities. Therefore, treated and control subjects
with similar propensity scores are balanced regarding
confounders and differ only regarding treatment status.
This corresponds to a counterfactual framework, sometimes called ‘‘quasi-randomization.’’ Like in RCTs,
wherein all subjects have a propensity score of 0.5 (assuming equal and random allocation), such a design allows
for an unbiased estimation of treatment effect. Propensity
score analysis comprises 4 steps:
1)
2)
3)
4)

Estimation of propensity scores;
Creating a balanced framework that compares treated
and control patients with similar propensity scores;
Assessing the balance of covariates across treated and
control groups; and
Estimation of the treatment effect.

First, assuming that all confounders have been measured, the propensity score of each subject can be estimated
through regression methods. Typically, logistic regression
is performed, with the treatment status designated as the
outcome of interest and the confounders included as
explanatory variables. It is recommended that only true
confounders (i.e., related to both the treatment allocation
and the outcome) or prognostic covariates (i.e., related to
the outcome) are included in the propensity score model
[17], as the inclusion of other covariates may result inflation of bias [18]. Because the aim of propensity score
analysis is not predictive, but rather to balance group
allocation, the discriminative performance of the model
should not guide model building [19]. However, in spite of
these recommendations, strategies for covariate selection in
propensity score-based studies remain poorly described in
the literature [20••]. In addition to logistic regression, there
is a wide variety of modeling approaches, which include
data-mining [21], machine learning [22] or covariatesbalancing [23, 24].
Several methods are available to compare subjects with
similar propensity scores across treatment groups, including adjustment, matching, stratification, and weighting
[25]. Of these, matching and weighting have been
demonstrated to perform better, in terms of bias and variance minimization [26•, 27]. In weighting, pseudo-populations are created using different weights for treated and
controls, according to the estimand of interest. To estimate
the ATE, inverse probability of treatment weighting
1
1
(IPTW) is used as follows: W ¼ PS
and W ¼ 1PS
for
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treated and controls, respectively [25]. To estimate the
PS
, and to estimate the ATC: W ¼
ATT: W = 1 and W ¼ 1PS
1PS
PS and W = 1, respectively [34].
In matching, pairs of treated and control patients with
similar propensity scores are created. Propensity scores of
each member must be within a prespecified distance of one
another, which is referred as the caliper width [28, 29].
Subjects for whom no match are found are discarded from
the matched sample, leading to an incomplete matching
analysis. Therefore, the caliper width must be set at a value
that minimizes both the bias due to the distance in
propensity score between treated and controls [28, 29], and
that due to incomplete matching [30]. A maximal caliper
width equal to 0.2 of the standard deviation of the logit of
the propensity score has been described as best to ensure
balance [28], though narrower width may be preferable
[5, 29•]. To estimate the ATT, the matching ratio (i.e., the
number of controls per treated subjects) can vary from 1:1
to 1:M, with or without replacement (i.e., with or without
reusing controls, which have been previously matched).
Without replacement, a ratio of 1:1 performs better than
1:M [31]. Several matching algorithms have been described, including nearest neighbor or ‘‘greedy’’ matching and
optimal matching, though no substantial differences have
been found in terms of their performance [32•]. Other
methods, such as matching on Mahalanobis distance, are
less commonly used in the medical literature [8, 20, 33]. In
our example, Le Manach et al. conducted a 1:1 greedy
matching on propensity scores, without replacement, using
a caliper width of 10-5 to create a counterfactual framework [5].
Once the treatment and control groups are established,
balance of covariates across the matched (or weighted)
sample must be evaluated. Because balance is a property of
the sample and not the population, balance metrics should
be reflective of the sample alone and should not be influenced by sample size [35]. As in RCTs, there is therefore
no reason to conduct significance tests to assess the differences in covariates across treatment groups [36–40].
Standardized mean differences are more commonly used
for balance diagnostics, and can be defined as
SMD ¼ 100 

jxtreated  xcontrol j
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
2
streated þscontrol
2

x denoting the variable mean (or proportion for binary
variables and classes of categorical variables) and s2 is the
variance. While some authors define imbalance as an
SMD [ 10 % [41], others consider a threshold cut-off of
5 % [5]. Although there is no consensus as to the value of
the cut-off chosen, it is recommended to minimize
differences between groups as much as possible [35].
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Regardless, balance checking in propensity score analysis
is of central importance, and, according to a recent
systematic review, its reporting is often suboptimal in
medical studies [20]. In our study case, Le Manach et al.
reported standardized mean differences below 1 % for all
covariates after matching [5].
Once the balance of covariates between matched (or
weighted) samples is ensured, treated and controls can be
compared without confounding, and the treatment effect
can be estimated by taking account the paired nature of the
data [42]. Like in RCTs, any remaining unbalanced confounders can be included as covariates along with treatment status in a second regression (sometimes called
‘‘double-robust’’ approach). In their study, Le Manach
et al. estimated a harmful effect of hip fracture surgery on
mortality using a conditional Poisson regression on the
matched sample: RR = 5.88 (95 % CI 5.26–6.58) [5].
Propensity Score Analysis or ‘Traditional’
Adjustment?
In contrast to the ‘traditional’ approach using regression to
adjust for confounders, propensity score analysis creates a
new, quasi-randomized framework. For this reason,
propensity score analysis is considered valid whether or not
balance of covariates is achieved. However, there are certain situations in which the ‘traditional’ and propensity
score approaches are not equally applicable. When evaluating binary or time-to-event outcomes, logistic and survival models provide conditional effects, while propensity
score analysis estimates marginal effects as one would in
an RCT. These two effects differed in definition. The
conditional effect corresponds to the mean difference (or
ratio) in the value of the outcome for all the subjects,
whether they were treated and not, whereas the marginal
effect corresponds to the difference (or ratio) in mean value
of the outcome between each treated and untreated subject.
These two effects coincide on linearized scale (i.e., absolute risk difference), but not on odds or hazard ratio scales
[43]. There are therefore fundamental differences in estimates of treatment effect when comparing logistic regression and propensity score analysis [44]. Estimating
marginal effects using logistic and survival models is
possible [45, 46], although the use of ‘traditional’ regression may have the potential for researcher’s bias [47].
Other Methods
Other approaches that are important to mention include
disease-risk scores, which are multivariate models predicting the occurrence of an outcomes, conditional on
nonexposure to the treatment [48]. Similar to a propensity
score, a disease-risk score summarizes a set of confounding
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covariates into a single score. Because treated and control
individuals of the same baseline risk are comparable,
regardless of treatment status, adjusted, stratified or matched analyses using disease-risk scores can be therefore
conducted to remove confounding bias [49, 50]. Currently,
however, there is limited interest in the medical research
community in the use of these tools [51].

Conclusion
Observational studies, because nonexperimental, are
exposed to selection and confounding bias. This article
provides an overview of the methods which can be used to
estimate unbiased treatment effects. In particular, we
focused on propensity score analysis, a method that is
becoming increasingly popular in anesthesia and perioperative care research. In contrast to ‘traditional’ regression
adjustment, this approach aims to create balanced frameworks in observational studies, so as to estimate unbiased
causal effects similarly to randomized experiments.
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