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Machine learning in atrial fibrillation —racial bias and a call for

caution
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Early diagnosis of atrial fibrillation (AF), a common
arrhythmia that can cause adverse events such as stroke, is
a major clinical challenge. Due to its often asymptomatic
and paroxysmal nature, AF is easily missed on single
electrocardiograms (ECGs), making outpatient screening
challenging. As a result, patients may not receive a timely
diagnosis, with up to 5% of all AF cases being diagnosed
at the time of stroke (1). Various machine learning (ML)
models, primarily involving supervised ML methods, have
been developed with the hopes of bringing an effective
population screening tool to the forefront. While these
models show strong performance in their respective studies,
data regarding their effectiveness across racial groups is
lacking. Therefore, using ML for AF screening requires two
important considerations: (I) any biases in the training set
data will be perpetuated in the predictions that the models
offer; (II) AF has a known racial paradox, where traditional
risk factors that were derived from a largely Caucasian
population have a weaker correlation with AF incidence
in Black patients. Below, we elaborate on these points and
argue that while ML presents a unique opportunity to
increase the detection of AF, it also deserves special caution
to avoid reinforcing existing healthcare disparities.

ML AF screening tools are commonly developed using
ECG data about p-waves, R-R intervals, heart rate, and
other parameters. While this has shown the ability to
produce strong predictive models, the actual data sources
deserve scrutiny (2). A recently published systematic review
identified that while more than 100 publications exist
using ECG data to develop ML models, more than half of
them used the same four open-access ECG databases (3).
In theory, this is not necessarily problematic, and it is
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understandable that so many studies reuse well known
and freely available datasets. Ideally, however, the datasets
would report a sufficient level of patient diversity to well
represent the entire US population. Instead, many of the
most commonly used ECG datasets only report limited
demographic data, including the patient’s age, gender,
and/or baseline clinical characteristics, without reporting
racial or ethnic background. Considering the known racial
differences that exist in several baseline ECG parameters,
including left ventricular hypertrophy, right axis deviation,
bundle branch blocks, and others, transparency about racial
demographic information in these datasets is critical (4).
Table 1 summarizes the most commonly used ECG
databases, as well as the readily available demographic
information provided by each.

The reuse of these datasets carries particular concern
in the diagnosis of AF, a disease with a known “racial
paradox”. This paradox refers to the fact that while Black
patients have a higher burden of AF risk factors including
hypertension, diabetes, congestive heart failure, and others,
they paradoxically have a lower incidence of AF (5). Many
explanations for this paradox have been proposed, including
underdiagnosis of AF in Black patients due to lower
healthcare access, regional genetic variations, or an unequal
influence of certain risk factors between racial groups (6-8).
In either case, the presence of this paradox makes data
transparency in AF an even greater priority. In the same
way that traditional risk factors for AF showed worse
correlations with incidence in Black patients, we may now
be developing ML models with the same shortcomings.

One solution is for hospital systems to develop AF
models using their own internal databases. The Mayo
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Table 1 Demographic data provided by ECG databases
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Baseline clinical Racial and/

Ej:s:: Name of database # Records Age (re/;;c))rted Sex (re/;;c))rted characteristics or ethnic data  Open Access
Y Y reported (y/n) reported (y/n)

1 MIT-BIH Arrhythmia Database 47 X X - - X

2 PhysioNet Computing in 8,682 - - - - X
Cardiology Challenge 2017

3 PTB Diagnostic ECG Database 549 X X X - X

4 MIT-BIH Atrial Fibrillation 25 - - X - X
Database

5 Mayo Clinic Digital Data Vault 649,931 X X - - -

Datasets 1-4 are the most commonly used open access ECG databases, and can be found on PhysioNet, a community resource
developed under the auspices of the National Institute of Health. X, yes; —, No.

Clinic, for example, used its own digital data library to
develop a ML model that identifies patients with AF from
sinus rhythm ECGs (9). Although the racial demographics
of this dataset were also not reported, thereby limiting
the model’s utility in external populations, their initiative
is still a step in the right direction. The use of a large and
internally derived dataset maximizes the chance that the
training data will appropriately reflect the Mayo Clinic’s
patient population. While not every health system has the
resources to develop their own high quality ML models,
the increasing embrace of electronic medical records,
wearable devices, and other sources of patient data will
help make data and ML more accessible. Taking deliberate
actions now, prior to the widespread implementation of
ML in routine clinical practice for AF, will lead us towards
resolving rather than reinforcing health disparities. One
possible solution would be to include demographic data as
variables when training models, but this can be problematic.
Allowing algorithms to consider race, ethnicity, or other
demographic data when offering predictions is risky,
especially in ML where the interactions between variables
and outcomes are often not transparent. With this in
mind, we have the following recommendations: (I) ML
models developed for AF screening should ensure the use
of diverse training sets; (II) descriptions of datasets should
ensure the reporting of racial and ethnic information; (III)
health systems should validate ML models in their own
populations prior to implementation in clinical practice for
AF. A strong commitment to these principles will make ML
a promising tool to increase AF detection rates and promote
early diagnosis and treatment for all patients.
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