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The last decade has seen extraordinary progress in the devel-
opment and refinement of artificial intelligence (AI)–enabled
tools for clinical applications.1,2 In cardiovascular medicine,
deep learning algorithms using data from echocardiography

and electrocardiography
(ECG) have demonstrated
superhuman performance in

tasks typically done by physicians1,3 and identified subtle
phenotypes invisible to a clinician’s routine review.4,5 Prog-
ress has been particularly quick in AI interpretation of ECGs,
where the input data are well structured and the medical
infrastructure for data acquisition and storage is relatively
standardized across health systems. Already, there have been
randomized clinical trials4 showing the effects of ECG-based
AI algorithms on patient care. Compared with other forms of
medical imaging, ECG waveforms routinely undergo signal
processing and standardization that makes generalization
across systems and devices easier. The ongoing development
of AI systems for interpretation of ECGs is a promising
avenue for extracting additional value from this readily avail-
able medical test.

In this issue of JAMA Cardiology, Hughes and colleagues6

implemented and tested a deep learning neural network for
interpreting 12-lead ECGs to classify 38 common electro-
physiological diagnoses. Extending beyond prior work using
single-lead ECGs,7 the authors leveraged a large data ware-
house of 12-lead ECGs and labels from clinical cardiologist
interpretations within an academic medical center for
model training. From diagnoses associated with rhythm and
conduction (such as atrial fibrillation, bundle branch blocks,
and pacing) to anatomic characterization (such as left ven-
tricular hypertrophy to presence of infarct), the authors
show their AI model performs with an area under the curve
greater than 0.96 in most diagnoses commonly made from
12-lead ECGs. Recognizing the variation in clinician inter-
pretations, the authors performed a second validation study
using gold-standard diagnoses made by a committee of
expert electrophysiologists. In these analyses, the range of
aggregate F1 scores in the AI model interpretation (0.60-
0.88) was superior to that of both mean clinician overreads
(0.42-0.77) and initial interpretations from the MUSE Cardi-
ology Information System (GE Healthcare) (0.24-0.69) for
most diagnoses.

This important work6 exemplifies the significant value
that can be obtained from applying deep learning algo-
rithms to large data sets of extant clinical information.
Because deep learning algorithms require vast amounts of
data to learn the associations between input and diagnosis,
leveraging large clinical data sets and existing physician
interpretations alleviates the need for costly prospective
data labeling by clinicians. However, a limitation to the use
of historical clinical data for model training is the variation

in clinician interpretation. Multiple prior works applying AI
to medical data both inside and outside of cardiology have
shown that expert clinician interpretations exhibit discor-
dance, necessitating the use of consensus committees or
blinded retesting.1,8 While AI models can capture subtle
patterns that identify disease, this potential is bounded by
the quality of expert labels (clinician interpretations) used
during training. This limitation is again evident in the study
by Hughes and coworkers,6 such that 20% of the time the
unedited MUSE diagnosis agreed better with the expert
consensus committee than the overreading clinical cardi-
ologist. Human attention is fatigable and can be prone to
error, highlighting the need and opportunity for accurate
automated approaches to the interpretation of medical data.

Several challenges remain before we can deploy deep
learning models into clinical practice, including under-
standing model interpretations, evaluating generalizability
to real-world settings, and eventual randomized studies. To
overcome the challenge of understanding how deep learn-
ing models come to its conclusions, the authors6 applied
local interpretable model agnostic explanations,9 an
advanced model interpretation technique, to identify key
features on the ECG waveform that resulted in the model
interpretation. Understanding how AI models come to their
conclusions is critical for widespread adoption of AI sys-
tems, since increasing understanding of AI decisions allows
for humans to interact with, troubleshoot, and evaluate the
proposed diagnoses.

The need for understanding and trusting AI decision sup-
port systems is critical, because medical decisions are on the
line and optimal human-AI interactions is an important but
less-explored component of deployment. With conventional
decision support already present in ECG acquisition systems,
novel AI-based systems need to integrate conventional infra-
structure and human clinician input when needed to provide
the most accurate diagnoses together. In the study by Hughes
and coworkers,6 the performance of the AI system was rela-
tively weaker for sinus rhythm (despite being the most com-
mon label in their data set), and some rule-based tasks (mea-
surement of QTc and identification of axis) might be better
suited to conventional decision support systems. Understand-
ing where AI should start and clinicians should end will be
an iterative process as we learn how to harness the potential
of new technology. As with any important medical interven-
tion, randomized clinical trials are needed to fully evaluate
the effects of AI systems, which should be encouraged in
the US Food and Drug Administration approval process for
AI technologies.10

The pursuit of more precise and earlier diagnosis through
advances in AI will allow the earlier detection of disease, more
efficient triage of health care resources, and additional com-
plex decision support for clinicians. Electrocardiograms have
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particularly high potential for implementation of AI systems.
Given the availability of standardized infrastructure, use in
many clinical scenarios, and interpretations by clinicians with

a wide range of expertise in the interpretation, ECGs are a key
example of underused nontabular clinical data for which AI
models may be revolutionary.
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