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Background and Objectives: Root cause analysis involves evaluation of causal relationships between exposures
(or interventions) and adverse outcomes, such as identification of direct (eg, medication orders missed) and root
causes (eg, clinician’s fatigue and workload) of adverse rare events. To assess causality requires either randomization
or sophisticated methods applied to carefully designed observational studies. In most cases, randomized trials are
not feasible in the context of root cause analysis. Using observational data for causal inference, however, presents
many challenges in both the design and analysis stages. Methods for observational causal inference often fall
outside the toolbox of even well-trained statisticians, thus necessitating workforce training. Methods: This article
synthesizes the key concepts and statistical perspectives for causal inference, and describes available educational
resources, with a focus on observational clinical data. The target audience for this review is clinical researchers with
training in fundamental statistics or epidemiology, and statisticians collaborating with those researchers. Results: The
available literature includes a number of textbooks and thousands of review articles. However, using this literature for
independent study or clinical training programs is extremely challenging for numerous reasons. First, the published
articles often assume an advanced technical background with different notations and terminology. Second, they may
be written from any number of perspectives across statistics, epidemiology, computer science, or philosophy. Third,
the methods are rapidly expanding and thus difficult to capture within traditional publications. Fourth, even the most
fundamental aspects of causal inference (eg, framing the causal question as a target trial) often receive little or
no coverage. This review presents an overview of (1) key concepts and frameworks for causal inference and (2)
online documents that are publicly available for better assisting researchers to gain the necessary perspectives for
functioning effectively within a multidisciplinary team. Conclusion: A familiarity with causal inference methods can
help risk managers empirically verify, from observed events, the true causes of adverse sentinel events.
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oot cause analysis (RCA) can be defined as the
process for identifying causal factor(s) for an incident or variation in process.1-3 While RCA is often
conceptualized as an investigative process, RCA may
also be accomplished through analyzing observational
data, for example, assessing causal effects for adverse
outcomes from electronic health records (EHRs). The
increasing availability of EHR data will continue to facilitate the use of large observational data sets for RCA.4
Analysis of EHRs for RCA requires the establishment
of causal relationships between exposures (or interventions) and outcomes. Establishing causality necessitates either randomization or sophisticated methods
applied to well-designed observational studies.5,6 Otherwise, observed statistical relationships will likely reflect association, not causation. Since randomized trials
are, in general, neither applicable nor feasible for RCA,
investigators must carefully plan observational studies and use methods that optimally estimate unbiased
causal effects specific to a given research question. Doing so represents a challenging problem, as numerous
confounding factors typically exist between potential
causes and outcomes.
The primary challenge for establishing causal rather
than associative relationships with observational data is
the presence of confounding (ie, factors related to both
the exposure and the outcome). While multivariable
methods, such as regression analysis, are often used to
adjust for potential confounders, such methods do not
www.qmhcjournal.com
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directly estimate causal effects. Furthermore, to establish causality, observational studies must be rigorously
designed in a way that captures temporal relationships
and potential confounders.7,8 This review summarizes
the scope of methods and designs that can estimate
causation versus association and highlights strategies
for associated workforce training.
METHODS
The objective of this narrative review is to outline and
describe the scope and complexity of methods for
causal inference, with a focus on clinical applications
amiable to RCA using observational studies of secondary data sources. The “Results” section is organized as follows.
1. Definitions and frameworks for establishing
causality.
2. Key aspects of observational study designs required as a prerequisite for potentially establishing
causality with secondary observational data.
3. The processes of using a target trial and causal
road map to emulate a randomized trial for estimating causal effects.
4. The concept and variations of propensity score–
based methods, which are one possible approach
for the statistical model (as one step of the causal
road map).
5. A review of other statistical models used for estimating the causal effect.
6. A description of available educational resources,
including textbooks, review articles and tutorials,
and other educational resources.
The “Discussion” section then summarizes the complexity of necessary skills and the subsequent implications for workforce training.
RESULTS
Definitions and frameworks for causality

This section outlines several common approaches to
define a framework for causal inference.
Hill’s criteria
Hill’s criteria are often referenced as the standard definition for causality in epidemiology (with almost 10 000
citations).9 Hill proposes 9 criteria, using the example
of assessing causality between smoking exposure and
lung cancer.10
1. Strength: Is the exposure associated with a large
effect in worsening the outcome?
2. Consistency: Have study findings been repeated
across different circumstances?
3. Specificity: Can the exposure be linked to a specific illness(es) or cause(s) of mortality?
4. Temporality: Is the exposure measured before the
incidence of the outcome?
5. Biological gradient: Is there a dose-response relationship between exposure and illness severity?
6. Plausibility: Is a causal relationship biologically
plausible?
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7. Coherence: Is the hypothesized causal relationship consistent with existing knowledge?
8. Experiment: Can the causal relationship be verified through experimentation?
9. Analogy: Can we define an analogy between the
hypothesized effect and another accepted causal
relationship?
Hill’s criteria represent a set of considerations but
do not provide a specific mathematical definition of
causality. Without such a definition for causal effects,
the question of whether a given statistical approach
estimates an association versus causation remains difficult to evaluate, thus motivating other frameworks for
causality.
The potential outcomes framework
The potential outcomes framework11 has become an
increasingly popular way to define causality. The general idea, which can be traced back to the work of
Neyman,12,13 is to define 2 hypothetical outcomes of
a given experiment, where, for a given subject, one
outcome is observed and the other is unobserved (and
referred to as the counterfactual outcome). If, for instance, subject i receives either medication A or medication B, the potential outcomes are denoted by Yi (A)
and Yi (B) . All circumstances surrounding the subject are
exactly the same except the medication received. The
individual causal effect, or equivalently the individual
treatment effect, is then defined as a statistical contrast (eg, difference or ratio or other comparisons) between Yi (A) and Yi (B) . However, since only 1 observation
is measured, the individual causal effect cannot be directly estimated.
Under randomization, we can consistently estimate
the expected contrast, where any difference in subject
characteristics is purely due to chance. However, this
does not hold for observational data, where the treatments or exposures received typically depend on the
subjects’ characteristics or other factors. Differences
in characteristics between the exposed and unexposed
subjects, therefore, cannot be attributed to chance, and
the statistical contrast between outcomes from the 2
groups is subsequently a biased estimate of the causal
effect.
For observational data, the potential outcomes
framework represents a useful definition for distinguishing between association and causation.
Specifically, the estimation of treatment effects with
traditional regression models yields the conditional
expectation of Y, given a set of explanatory variables
(including treatment status). This conditional expectation is mathematically different from the marginal
expectation defined as the causal effect based on
potential outcomes. Other methods, such as propensity score–based methods, are therefore needed to
estimate causal effects, although significant debate
exists on the feasibility of necessary assumptions.14
Other frameworks for establishing causality
Although this review focuses on the potential outcomes framework to define causality, it is worth noting
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that a number of other frameworks exist. Two examples are directed acyclic graphs15 (and related
Bayesian methods16 ) and the sufficient component
cause framework.17,18 Directed acyclic graphs, which
graphically display the hypothesized or observed relationships between variables, are becoming increasingly
common in medical research19,20 and causal discovery21
(ie, searching for causal relationships consistent with
empirical data). Several publications describe the relationships between these frameworks.22,23
Study design and assumptions for establishing
causality with secondary data

The need for carefully designed and transparently
reported randomized trials is well known and supported through guidance documents and required
reporting.24,25 These steps serve to optimize reproducibility of results and produce well-designed studies
that achieve consistent (eg, asymptotical unbiased) estimates of causality. While similar efforts for planning
and reporting of observational studies exist,26 a more
prevailing opinion for secondary data (which has already
been collected for a different purpose) can be “we can
only analyze what we have,” thus creating the misconception that study design is not relevant for secondary
data.8
In fact, observational studies, even for secondary
data, involve far more complexities in the design phase.
As emphasized by Rubin,7 “for objective causal inference, design trumps analysis.” More specifically, the
complexities in design of secondary data analyses can
be divided into 2 main issues of (1) evaluating data sufficiency for addressing causal questions, and (2) further
constraining the data to meet causal inference assumptions. The second issue is addressed in the next section
as part of defining a target trial.
Before using secondary data for causal inference,
the sufficiency of the data must be examined relative
to the causal question. Questions of data sufficiency
include the following:
1. Are data collected in a manner that capture temporal associations, with confounding factors measured prior to exposures and exposures measured
prior to outcome?
2. Are sufficient data available to quantify confounding factors?
3. Do all subjects have some nonzero probability of
being either exposed or unexposed?
4. Do all subjects have the same set of possible outcomes across the possible exposure levels, and
are the potential outcomes of different subjects
independent of each other?
Each of these requirements represents a necessary
prerequisite to estimate causal effects in a consistent
manner. Temporality is an explicit component of causality (as described by Hill) since confounders and exposures occurring at the same time as outcomes likely
reflect associations. Measuring confounders is necessary for achieving conditional independence of the
potential outcome and the exposure (also referred to
as ignorability)27 based on some statistical model. The
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third requirement, which is referred to as positivity,28 is
necessary to avoid confounded by indication. The final
requirement corresponds to the stable unit-treatment
value assumption, which is a general assumption for
causal inference.29
Defining causal effects using a target trial and causal
road map

This section describes the approach of using a target
trial and causal road map for making causal inferences
based on observational data; these concepts are often
neglected in analyzing observational data but are critical
for valid causal inference.
The target trial
Hernán and Robins30 propose framing observational
studies as a hypothetical randomized trial using inclusion and exclusion criteria specific to the clinical
question. Data should also have well-defined treatment
strategies (or exposure measurement) and be able to
specify the process behind participant follow-up and
outcome measurement.
This approach leads to asking well-defined and
estimable causal questions, such as “does assigning
physicians to working longer shifts lead to increased
medication errors and increased mortality?” versus
poorly defined questions such as “is it better to have
shorter shifts for physicians?” This approach also
serves to meet the above-described assumptions.
For instance, if some subset of the study participants
always receive the intervention, they would be excluded from the target trial. The target trial should also
be defined so that the measured data are sufficient
to account for potential confounding and temporal
associations.
Another component of the target trial is defining the
causal effect. For RCA, the causal effect of interest is
typically the per-protocol or average treatment effect
among the treated (ATT). Other variations (which are
less applicable to RCA) include the intention-to-treat
or overall average treatment effect (ATE), or the complier average causal effect. Different designs and different causal inference methods correspond to different
causal estimands31 (ie, different statistical contrasts of
the potential outcomes being estimated). The causal effect therefore needs to be specified, implemented, and
interpreted in a consistent manner with the research
question; this issue is often ignored in the literature
when applying causal inference methods.
The causal road map
Peterson and van der Laan32,33 propose using the following 7-step process:
1. Describe knowledge through a causal model
and/or causal graph, for example, directed acyclic
graphs and associated structural equations,34 for
quantifying the nature of variables involved in the
causal relationships.
2. Specify the observed data and their relationship
to the causal model.
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3. Define the target causal quantity in terms of an
explicit function of the potential outcomes.
4. Use the causal model and observed data to assess identifiability, that is, whether the question
can be expressed statistically. If not, describe
needed assumptions or additional data.
5. Specify a statistical model and associated estimand to evaluate the clinical question.
6. Conduct the estimation procedure.
7. Use all of the above steps, and related assumptions, to interpret results.
The above steps, along with the specification of the
problem as, and restriction of the data set to, a target trial, provide a set of strategies for using observational data to evaluate causal effects about an exposure.
The following 2 sections describe relevant statistical
models.
Propensity score–based methods

Propensity score–based methods represent one set of
approaches for specifying the statistical model used
to estimate the causal effect (ie, for steps 5-6 in the
causal road map). These methods are usually specific
to point exposures (ie, received at a single time point),
although some variations may be used for time-varying
exposures.35 This review refers to these models as
“propensity score–based” (PS) methods to emphasize
the variability in associated approaches. Similar to the
use of regression models in traditional statistics, PS
methods are not a single method but rather a set of
methods and associated strategies.
The PS methods can be motivated by first considering a randomized trial, where factors that predict differences in exposure are, on average, identically distributed between exposure groups. For observational
studies, however, numerous factors can significantly
affect each subject’s propensity for being exposed. The
PS methods seek to statistically model that propensity
and then create a new sample that pseudo-randomizes
the data so that both exposure groups have similarly distributed propensities. Pseudo-randomization is
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usually accomplished via matching on the estimated
propensity (and discarding unmatched subjects), stratifying on the propensities (and assuming homogeneity
within strata), or weighting the data on the propensity
(similar to reweighting probability samples to represent
the original population). Once the data are pseudorandomized, they can be analyzed via standard statistical methods. These analyses are captured through the
following steps.
1. Specify the causal estimand, for example, ATE or
ATT. The choice of the causal effect depends on
the clinical question and needs to be considered
in step 3.
2. Specify a model for the assignment mechanism
to estimate each subject’s propensity for being exposed; examples include a standard logistic or a more complex machine learning model.
The choice for the optimal model is difficult to
determine and depends on the complexity of
the underlying relationship and relative trust in
the data versus the hypothesized model and its
assumptions.
3. Pseudo-randomize the sample based on matching,36-39 stratification,40 or inverse probability of
treatment weighting.41 There are numerous variations of each approach42,43 ; the approach, and associated algorithm, must be consistent with the
causal effect of interest.
4. Estimate the final treatment effect by applying an
outcomes model (usually a traditional unadjusted
statistical test or regression model) that is consistent with both the outcome distribution and the
pseudo-randomization approach.
The Figure visually displays and elaborates on the
above steps with a description of the associated challenges and a summary of the associated variations in
the modeling process.
Steps 1, 3, and 4 are interconnected, as different
pseudo-randomization approaches apply to different estimands, and require a different outcomes model. For
instance, matching estimates the ATT, whereas PS

Figure. Components and variations of propensity score–based methods.
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weighting usually estimates the ATE (although variations of weighting can estimate the ATT). The outcomes model also needs to account for the matching (eg, paired t test or conditional logistic regression),
stratifying, or weighting (eg, treating the PS estimates
as survey weights with the same methods as used for
probability samples).
Since publication of the seminal papers on PS
methods,39,40 tens of thousands of publications have
used or described their use. The PS methods represent
probably the most popular choice for the statistical
model and estimation of causal effects; a search on
“propensity scores” and “causal inference” (in Google
Scholar between 1980 and 2019) yields more than
11 000 results. In the first half of 2020 alone, a large
number of tutorials and review articles have been published across a range of disciplines, including journals
specific to rheumatology,44-46 clinical epidemiology,47
cardiovascular medicine,48 trauma surgery,49 emergency medicine,50 pharmaceutical research,51-56
neurosurgery,57 transplantation,58,59 athletic training,60
oncology,61-63 obstetrics,64,65 anesthesia,66 aging,67
addiction,68,69 pediatrics,70 and more general medical
applications.71-77 A number of textbooks78-82 have
also been written specific to PS methods. Despite
the substantial volume of published literature, the
complexity of such methods (eg, as characterized by
the many options for each step in the Figure) is still
poorly understood and often incorrectly applied in the
literature.83-89
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works best” but rather provides guidance as to which
methods should be considered or favored.

Variations of propensity score methods
Other variations of PS methods include doubly robust
and covariate balancing PS (CBPS) methods. Doubly
robust approaches separately model the relationships
between confounders and the outcome within each exposure group to separately predict each of the potential
outcomes.90 Doubly robust methods may improve statistical properties of the subsequent causal estimates91
by requiring only correct specification of either the outcome model or the PS model for the exposure mechanism. The CBPS method92 simultaneously maximizes
(1) the conditional probability of exposure, given measured covariates, and (2) the balance of covariates between exposure groups. The CBPS methods are also
more robust to deviations from the specified PS model.
In terms of the above-specified questions (ie, exposure timing, choice of estimand, feasibility of assumptions, including conditional independence, and
use parametric vs nonparametric models), doubly robust and CBPS methods generally apply to point exposures but may offer significant advantages in terms
of the assumptions related to specification of the PS
model. Attention, however, still needs to be given to the
choice of the estimand, as it can differ depending on
the selected variation. Both doubly robust and CBPS
models may use variations with either parametric or
nonparametric methods.

Other statistical models for causal inference

The PS methods represent only one possible approach
for the statistical model; describing the details of PS
methods serves to highlight the complexities and assumptions that are part of any statistical model. The
choice of statistical model depends on many considerations, including the following:
1. Is the exposure or intervention received at a specific time point, or is it a time-varying exposure (or
intervention sustained over time)?
2. Is the estimand consistent with the causal question of interest?
3. How well do a model’s key assumptions agree
with the observed data?
4. Should we use a nonparametric model that makes
less assumptions about the nature of relationships, or use a parametric model that may use
the data more efficiently?
5. Can we achieve conditional independence between the exposure and outcome by conditioning
on observed covariates, or do we need to
employ alternative strategies that account for
unmeasured confounding?
Choice of the estimand is particularly critical for RCA,
since estimates of average causal effects are less relevant for root causes. The questions about assumptions for a given statistical model are difficult to answer
and often not directly testable. Answering the above 5
questions will not specifically answer “which method

Network models and structural equations
Creating a causal graph (ie, set of directed relationships between exposures and outcomes) can help
identify appropriate variables and associated relationships for the statistical models. Those relationships
may include confounding, effect modification, or mediation of the exposure–outcome relationships. Causal
diagrams thus represent an important step in specifying the statistical model for almost any causal inference
approach, but these approaches can also be used for
specifying structural equations and directly estimating
causal effects.93
Pearl34 provides an extensive review, including connections between structural equation models, causal
graphs, and the potential outcomes model. In particular, Pearl describes approaches to estimate causality by blocking paths between the exposure and the
outcome. While such methods are still not as widely
used in clinical research, more than 5000 articles have
been published (from searching “causal graph”) since
the initial landmark publications in 1986. In terms of
the above-specified questions (on timing, estimand, assumptions, and parametric vs nonparametric models),
causal graphs and structural equation methods can apply to both point and time-varying exposures. The assumptions needed depend on the variations of the approach being used, which can be either parametric or
nonparametric.
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Instrumental variables
Instrumental variables (IV) are variables that predict exposure but are otherwise independent of the
outcome94,95 ; randomization is the ultimate instrument,
since randomization should predict who receives the
intervention, but is otherwise independent of the outcome, including being independent of any other measured or unmeasured factors that are potentially associated with the outcome. The IV approach then seeks
to use one of several methods96,97 to quantify variation
in the IV as a type of natural experiment for estimating causal effects. As an example, Hearst et al98,99 use
a subject’s draft status for the Vietnam War as the IV
to assess the causal effects of serving in the war on
postwar mortality.
In terms of the above-specified questions, IV methods also generally apply to point exposures. Instrumental variables methods may offer advantages over other
methods since they do not require measuring the confounding variables but instead essentially create a natural experiment to estimate causal effects. However,
other assumptions are critical for valid inference, including the strength of the instrument and its conditional independence from the outcome. The estimand,
with is usually the complier average causal effect, also
differs from PS-based methods. Instrumental variables
methods may use variations with either parametric or
nonparametric methods.
Other complex methods for time-varying exposures
and sustained interventions
While most applications in the literature focus on point
exposures or interventions, RCA may depend on timevarying exposures (eg, specific to conditions for treating physician) or sustained interventions (eg, medications that vary over time and depend on the outcome).
Dissecting causal effects from these scenarios can be
far more complex than the case of point exposures or
interventions.100 For instance, antiretroviral treatment
of HIV101 to increase CD4 count can vary over time
depending on viral load, but viral load also directly affects CD4 count. Either ignoring or adjusting for CD4
count therefore leads to either confounding (without
adjustment) or overadjusting as the effect of treatment
is mediated by CD4 count. Standard approaches and
PS methods will therefore be invalid for this type of
problem.
There are, however, several approaches102 available for evaluating causality in this scenario, including
g-methods,103-106 which essentially standardize the
data, marginal structural models,35,107 which use PS
weights applied over multiple time points, modifications of IV approaches,108 and targeted maximum likelihood estimation methods.109,110 In terms of the abovespecified questions, these methods extend more basic
causal inference approaches to time-varying exposures
but either have stronger parametric assumptions or require more extensive data to model complex longitudinal relationships in a nonparametric fashion (eg, with
the g-computation formula111 ). The estimand also differs across these methods.
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Educational resources

A number of relevant textbooks have been written, including textbooks on PS methods,78-82 matching approaches,112 mediation and interactions,113 targeted maximum likelihood estimation and machine
learning,114,115 and causal graphs and/or associated
structural equation models.116-122 Other textbooks provide general coverage across a range of causal inference methods,123-131 several of which are specific to
the social sciences.132-135 Others provide some coverage of causal inference, but in the larger context of
epidemiology and health sciences,136-138 or comparative effectiveness research139 and quasi-experimental
designs,140 or big data,141 temporal data,142 and/or regression modeling.143 Thousands of tutorials have been
published; a search on tutorial and “causal inference”
yields more than 3000 publications in the last 4 years
alone.
Several researchers and organizations have also created Web sites, videos, and/or other resources for
causal inference. Online training includes a causal inference seminar series,144 at least 4 different Coursera
courses specifically on causal inference145 (attended by
nearly 40 000 students), and other causal inference–
related resources,146-153 including links to software packages and extensive references. A few of the Webbased resources include guidance that can be useful
for designing and conducting causal inference analyses
with secondary data.
1. The Patient-Centered Outcomes Research Institute (PCORI) has a Methods Program that funds
proposals to improve patient-centered outcomes
research (PCOR), which includes causal inference.
Their portfolio can be found online154 and includes (currently 116) funded studies focused on
matching methods, subgroup analyses, study designs, comparisons with more than 2 treatments,
machine-learning methods, new IV methods, and
variable selection for PS analysis of rare outcomes. Completed projects have a link to a final
report and publications.
2. PCORI also has a Research Methodology Web
page155 with links to Methodology Standards. Several of the standards are directly relevant to causal
inference, including topics of data integrity and rigorous analyses, data registries and networks, and
a category specifically on causal inference. The
Web page also includes a link to their academic
curriculum, which has a series of video tutorials
for each of the topics.
3. “Comparative Effectiveness Research Based on
Observational Data to Emulate a Target Trial”153
(CERBOT) is a Web-based program with an introduction and 5 different modules to assist users
through the process of specifying a target trial.
4. The “Decision Tool for Causal Inference and Observational Methods and Data Analysis Methods in Comparative Effectiveness Research” (DECODE CER)156 is an online tool in Google Drive
that provides a set of links for each step of the
causal inference process, from specifying the
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research question, to assessing data adequacy
and assumptions, modeling the assignment
mechanism, pseudo-randomizing the sample, fitting the outcomes model, and specifying IV and
estimating effects. DECODE CER also includes
a data extraction of 168 articles from a systematic review of statistical properties of causal inference methods, a link to other causal inference
resources, and other general information on comparative effectiveness.
5. “An Online Self-Guided Course in Propensity
Score-Based Methods for Causal Inference”157 is
another online tool in Google Drive that provides
a course for writing a project proposal and
analysis plan using PS methods for observational
causal inference. The initial landing page links
to a syllabus-like document with a description
of the course and links to 8 modules. These
modules include (1) general concepts, including
potential outcomes, stating the research question, and assessing study designs, (2) steps of
the PS method, and (3) assessing the impact of
unmeasured confounding.
6. The “Center for Causal Discovery” Web site158
describes applications of causal discovery and includes a number of training videos and software
packages and programs for creating causal graphs
and using causal discovery algorithms.
In summary, a large volume of published literature
and other educational resources are available to researchers interested in using secondary observational
data for causal inference and RCA. While many of the
articles and textbooks are highly technical, other tutorials and Web-based video resources are appropriate
for a more general audience, with a stress on the underlying concepts necessary to facilitate collaboration
within a multidisciplinary team.
DISCUSSION
The increasing availability of data from large EHR systems, across one or multiple institutions, will continue
to facilitate use of secondary data for RCA. While doing so can lead to improved discovery of factors that
lead to adverse events, use of observational secondary
data also carries significant risk for making incorrect
conclusions about causal relationships. Valid use of appropriate causal inference methods is therefore critical
to RCA with secondary data.
The complexity of using causal inference methods
requires that statisticians and/or epidemiologists collaborate effectively with clinical researchers in a multidisciplinary team to develop a target trial and causal
question and select and implement methods consistent with the research objectives along each step of
the causal road map. Selection of the appropriate statistical model must also consider which assumptions
can be reasonably supported by the available data, either directly or after introducing restrictions as part of
the target trial design. The causal estimand associated
with a given method also needs to be consistent with
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the research question. Furthermore, when comparing
results across multiple studies, the choice of methods
and the resulting causal estimand need to be considered; otherwise, apparent differences may be the result
of comparing apples with oranges.
Further enhancing workforce training is critical to
improving the quality of research and validity of findings for causal relationships. Although use of causal
inference methods is becoming increasingly common
among statisticians and epidemiologists, most graduate programs still lack formal training in these concepts
and methods. Instead, most practitioners gain expertise strictly through independent study, later professional training, and/or on-the-job experience. In addition
to statisticians and epidemiologists, clinical researchers
are also increasingly interested in using and receiving
training in these methods. Doing so, however, represents a significant challenge because of the complexities of not just the statistical models (which is only one
step of the causal road map) but also the complexity
of the concepts, the number of different types of approaches available for causality, and the differences in
assumptions and causal estimands.

CONCLUSIONS
Causal inference methods are complex and require
knowledge of (1) the overriding conceptual frameworks
(eg, specifying the target trial and steps in the causal
road map) and scope of methods, (2) an understanding
of relevant study design issues, and (3) skills in the statistical methods necessary for selecting and conducting analyses with the optimal statistical models (which
are only one step of the causal road map). To address
these challenges and take full advantage of causal inference methods for RCA using secondary data, researchers should form multidisciplinary teams with
both clinical and statistical expertise. This review provides a summary of the relevant concepts and scope
of methods; any associated gaps in knowledge across
the research team can be addressed by (1) using the
CERBOT and/or DECODE CER tools to gain a clear understanding of the general process, (2) consulting the
training videos on the Center for Causal Discovery Web
site for formulating causal graphs, (3) using the online
course on PS methods to develop an analysis plan, if
PS methods are applicable, (4) further reviewing the
PCORI resources and/or other literature for planning
the design and/or other statistical models, and (5) specifying a target trial and causal road map to make valid
causal inferences.
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