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Structural causal models’ application in the development of clinical trials

Marvi Bikak MD

Machine learning has revolutionized all aspects
of our lives. From Amazon accounts that recommend
items to buy based on past purchases to Netflix
recommended movies, computers are generating
assumptions about our lives which often are very
accurate. Several areas in medicine have embraced
machine learning to help refine our diagnostic abili-
ties. A result of one such application was the develop-
ment of a software that uses image analysis to screen
for diabetic retinopathy."

While there are numerous machine learning algo-
rithms and methods available, for clinicians it is impor-
tantto understand that not all will have the same degree
of dependence on a computer to derive results. For
example, a clinician prescribing a statin to a patient
with an LDL >200 mg/dL is an entirely independent
human decision, whereas the calculation of the MELD
risk score that uses regression analysis requires some
degree of dependence on a computer to analyze the
results. Conversely, convolutional neural networks,
such as image analysis software, rely heavily on a
computer’s ability to analyze thousands of images to
generate the diagnostic prediction model.? Similarly,
Structural Causal Models are a type of machine learn-
ing algorithm that involves a robust selection of varia-
bles to understand their links to outcomes of interest.
Structural causal models have been used and applied
in various epidemiological research projects and are
becoming widely known to help answer clinical ques-
tions using observational data.?

A systematic approach is needed to create a
structural causal model to understand a causal rela-
tionship between a variable and outcome of interest.*
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The first step is to create a causal model based on
prior knowledge about the question, as, for example,
how low tidal volume ventilation decreases mortality.
This model must also include all the variables that
are linked with the outcome directly or indirectly. The
model is then tailored according to the observed data
that are available for analysis. Applying this model to
the observed data generates relationships that help
clinicians not only compare to the original model but
also identifies other potential variables that may rep-
resent important relationships. To analyze the validity
of these generated relationships, statistical analysis
is applied. The more robust the accountability for con-
founders, the stronger the causal model is.

In critical care medicine one of the most poorly
understood diseases is the acute respiratory distress
syndrome (ARDS) given the variations in the dis-
ease progression from patient to patient. Numerous
randomized controlled trials have been conducted to
understand the best ventilation strategies, yet there
are numerous unanswered questions. For example,
what PEEP setting has better outcomes? According
to ALVEOLLI,® LOVS® and EXPRESS’ trials, we know
there is no difference in mortality with high PEEP vs
low PEEP strategies but are unable to confidently
choose the perfect PEEP setting in all ARDS patients
simply because it may not apply to all patients. The
challenges that are common to all RCTs is that in a
highly selected population, the generalizability of the
results is mainly poor given the heterogeneity among
patients.®. We can utilize the application of causal
models to understand our critical care patient popu-
lation better and identify not only the best treatment
strategies for them but also discover new phenotypes
like PaO,:FiO, that impact outcomes and response to
treatments.

We created a structural causal model based on
3 landmark trials® in ARDS, ARMA,"® ALVEOLI,®> and
ACURASYS." Variables and outcomes in trials were
used to create the models. These models were then
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applied to a large database (MIMIC-III). Data were
represented by direct acyclic graphs which mathe-
matically analyzed the causal relationships between
the variables and the outcomes. Using this method,
we were able to produce results like the trials.
However, the most remarkable feature about using
structural causal models in such clinical scenarios is
how quickly results become available as opposed to
trials that take years to complete.

Structural causal models can have vast appli-
cations. They can be used to design observational
studies that emulate RCTs, rigorously controlling
confounders and determining important relationships
to test a hypothesis.'? Will structural causal models
replace RCTs as the gold standard method to gener-
ate evidence? This seems tough to imagine but is not
impossible if clinicians start applying them regularly to
answer simple clinical questions and ultimately learn
the best ways to eliminate confounders.
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