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EDITORIAL COMMENT
A Glimpse Into the Black Box
Using Machine Learning to Prioritize Predictors
of Vascular Disease*
Nicholas J. Leeper, MD,a,b Shaunak S. Adkar, MD, PHDa,b
P eripheral arterial disease (PAD) is a massively
underdiagnosed condition estimated to affect
over 200 million people worldwide.1 Unfortu-

nately, the disease is insidious with roughly 50% pa-
tients being asymptomatic.2 In addition to the
presence of comorbid coronary and cerebrovascular
disease, patients with PAD have increased risk of
composite myocardial infarction, stroke, vascular
mortality, and rehospitalization compared to patients
with coronary or cerebrovascular disease. Early inter-
ventions in asymptomatic patients including smoking
cessation, blood pressure control, and management
of diabetes could be initiated to prevent major
adverse limb events and/or major adverse cardiovas-
cular/cerebrovascular events. Notwithstanding ample
evidence strongly supporting the early identification
of patients with PAD, there are no consensus guide-
lines for PAD screening. Although the American Heart
Association recommends ankle-brachial index (ABI)
screening in high-risk patients, the United States Pre-
vention Services Task Force does not recommend
screening asymptomatic adults with ABIs, even in
those with concomitant cardiovascular disease or
known clinical risk factors.2,3

Consequently, alternative PAD screening meth-
odologies have garnered much attention over the
past several years.4 Initially, these approaches
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primarily used variables obtained from a variety of
sources including patient-reported lifestyle and so-
cial determinants of health, biomarkers, and
comorbidities from the electronic health record
(EHR).5-9 Application of supervised machine
learning (ML) techniques further improved the
ability of clinical variables within the EHR to clas-
sify patients as having PAD. Particularly when
coupled with genetic and imaging data, ML tech-
niques demonstrate superior predictive performance
in identifying PAD patients compared to methods
relying on EHR data alone (area under the
curve ¼ 0.89).10,11 The application of genetic, clin-
ical, and imaging data to more advanced ML
methods including natural language processing,
computer vision, and convolutional neural networks
holds promise to yield even more sensitive and
specific models for PAD prediction.12,13 However,
the clinical application and implementation of these
algorithms are limited by several factors. First, the
required structured data for the model are not al-
ways available in every EHR. Second, ML models
can suffer from overfitting and lack generalizability,
resulting in poor performance on ethnically diverse
populations. Most importantly, clinician acceptance
of the model is hindered by the ‘black box prob-
lem.’ Difficulty understanding the mechanism by
which the model predicts outcomes or classifies
patients impairs the ability of the clinician to
identify and act on modifiable risk factors.14

In this issue of JACC: Advances, Sonderman
et al15 describe the use of a supervised ML model on
unstructured EHR data to prioritize variables asso-
ciated with an abnormal ABI. After identification
and weighting of the most important features, the
authors tested and validated logistic regression
models that had moderate predictive power (area
under the curve ¼ 0.70) across ethnically diverse
https://doi.org/10.1016/j.jacadv.2023.100563
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populations. Another strength of this work is its
generalizability. The necessary clinical features
included blood pressures, medications, and choles-
terol laboratory values—all of which are readily
extractable from unstructured clinical notes and
were confirmed to perform well across 2 validations
cohort. As genetic and imaging data are not always
readily available, the simplicity and transparency of
a defined model composed of only clinical risk
factors maximizes discovery of PAD patients from
diverse data sets.

This work allows the reader a glimpse into the
output of an ML algorithm and creates an inter-
pretable model using globally available features for
PAD prediction. Simple logistic regression models
with good performance hold enormous power due
to generalizability and identification of responsible
risk factors. In addition, once tested in EHR data,
the model is tunable. The test statistic threshold
used to classify PAD patients can be modulated and
optimized for each individual data set and popula-
tion. However, at present the authors acknowledge
this model cannot be directly applied to an
asymptomatic population as it was not tested and
evaluated in such a population. Future studies
prospectively evaluating not only performance but
also usability will be key for integration into clinical
practice.
After the model is optimized and validated in a
given cohort, one can easily imagine the development
of a clinical support tool within the EHR that can alert
providers when they encounter patients at high risk
of PAD. Actionable items include measurement of
ABIs, which would now be used to validate rather
than screen and optimization of medical therapy (ie,
initiation of antiplatelet agents and high intensity
statin therapy). Clinical reminders of this nature have
been shown to improve prescription of evidence-
based medication in the context of heart failure and
would be readily applicable to PAD.16 Of course, this
must be balanced by the burden of ‘alarm fatigue’
that already affects clinicians. Ultimately, improved
screening of PAD patients in large and diverse health
care systems will almost certainly be predicated on
the integration of this type of interpretable tool in the
clinical workspace.
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