SUPPLEMENTAL MATERIAL

Supplemental Table 1: Recent machine learning and artificial intelligence studies in
clinical cardiac electrophysiology

other

Clinical Machine
Authors . Data learning Results
application )
algorithm
Disease detection and diagnosis
Li et alt Automated Public domain Supervised Classified
ventricular ECG databases | support vector arrhythmia on the
fibrillation and were used for machine out-of-sample
tachycardia training, validation data with
classification validation, and 96% accuracy, 96%
testing: American sensitivity, and 96%
Heart specificity
Association
database,
Creighton
University
Ventricular
Tachyarrhythmia
Database, and
the MIT-BIH
Malignant
Ventricular
Arrhythmia
Database
Acharya et | Automated 48 half-hour long | Supervised deep | Classified
al? classification of | Lead Il ECG learning (CNN) heartbeats with
heartbeats: non- | recordings from accuracy of 94%
ectopic, 47 subjects in the
supraventricular | MIT-BIH
ectopic, Arrhythmia
ventricular database
ectopic, fusion,
and unknown
Teijeiro et Part of the 2017 | Trained using Supervised deep | Classified ECG with
aP PhysioNet/CinC | 8183 single-lead | learning (RNN) an overall F1 score
Challenge - ECGs and tested | combined with a | of 0.83, which
Automated on 3658 supervised ranked first in the
classification of gradient boosting | PhysioNet/CinC
Holter ECG: classifier competition
normal, AF,




arrhythmia, or
noisy

Hannun et | Automated Trained on Supervised deep | Classified 12

al* arrhythmia 91,232 single- learning (CNN) different arrhythmias
classification lead ECGs from with an average

ambulatory ECG AUC of 0.97 and an
monitoring F1 score of 0.84,
devices on exceeding that of an
53,549 patients, average cardiologist
and tested on (0.78)

328 ECGs from

328 unique

patients

Attia et al® [ Detecting Trained on 12- Supervised deep | Detected ventricular
asymptomatic lead ECGs from | learning (CNN) dysfunction with an
LV dysfunction | 44,959 patients, AUC of 0.93.
from ECG and tested on 12- Patients without LV

lead ECGs of dysfunction but

52,870 patients positive ECG screen
had 4 times the risk
of developing future
LV dysfunction.

Galloway et | Detecting Trained on Supervised deep | Detected

al® hyperkalemia 1,576,581 ECGs | learning (CNN) hyperkalemia with
from ECG from 449,380 an AUC of 0.85-0.90

patients, and
tested on ECGs
of 61,965
patients. Only
used 2 or 4
leads.

Attia et al” | Atrial fibrillation | Trained on Supervised deep | A single ECG
detection on 454,789 sinus learning (CNN) identified atrial
sinus rhythm rhythm ECGs fibrillation with an
ECG from 126,526 AUC of 0.87 and F1

patients, and
tested on
1380,802 sinus
rhythm ECGs
from 36,820
patients.

score of 0.39.
Including multiple
ECGs increased the
AUC to 0.90 and the
F1 score to 0.45.




Tison et al® | Atrial fibrillation | Trained on 9750 | Unsupervised AF detection with an
detection on patients with deep learning AUC of 0.97 in
smartwatch smartwatch followed by patients who

photo- supervised underwent
plethysmography | classification cardioversion, and

, and tested on (semi-supervised) | an AUC of 0.72 in
51 patients self-reported
undergoing ambulatory patients.
cardioversion

Wasserlauf | Atrial fibrillation | Trained with Supervised deep | Compared with

et al® detection on heart rate, learning (CNN) insertable cardiac
smartwatch activity level, and monitor, smartwatch

ECGs from detected AF with
smartwatches of episode sensitivity
7500 subjects, of 97.5%, PPV of
with testing on 24 39.9%, and duration
patients sensitivity of 97.7%

Bumgarner | Atrial fibrillation | Kardia Band Kardia Band Compared with

et al'f detection on rhythm strip algorithm ECG, the KB
smartwatch recording on (proprietary) interpreted AF with

Apple Watch, 93% sensitivity, 84%
evaluated on 100 specificity, and a K
enrolled patients coefficient of 0.77

Yan et al'* | Atrial fibrillation | An ML algorithm | Cardiio Rhythm The Cardiio Rhythm
detection on using facial and | algorithm algorithm
smartphone fingertip PPG (supervised discriminated AF
camera data obtained support vector from sinus rhythm

from iPhone machine) with 95% sensitivity,
camera was 96% specificity, PPV
tested on 217 92%, and NPV 97%
cardiology
inpatients

Attia et al*?> [ Predicting Serial ECGs from | Supervised deep | Deep learning
dofetilide 42 healthy learning (CNN) output correlated
plasma subjects with dofetilide
concentration receiving either concentration (r =

dofetilide or 0.85) better than

placebo, with
training on 30
subjects and

testing on 12

subjects

QTc (r=0.64)




Attia et al'®

Estimating age
and sex from
ECG

Trained on ECGs
from 499,727
patients, and
tested on ECGs
from 275,056

Supervised deep
learning (CNN)

Accurate sex
classification (AUC
=0.97) and age
estimation (R-
squared = 0.7,

patients average error 6.9
years)

Ko et al** Detect Trained on ECGs | Supervised deep | Predicted HCM with
hypertrophic from 2,448 HCM | learning (CNN) an AUC of 0.96
cardiomyopathy | cases and
(HCM) on ECG | 51,153 controls,

and tested on

ECGs from 612
HCM cases and
12,788 controls.

Sengupta et | Diagnosing Continuous Supervised Prediction of

al*® abnormal wavelet random forest abnormal
myocardial transform time- cross-validation myocardial
relaxation from | frequency relaxation on tissue
time-frequency | energies of Doppler imaging
analysis of ECGs from 188 with an AUC of 0.91
surface ECG patients with

corresponding
tissue Doppler
echocardiograph
y

Howard et | Identification of | Trained on 1,451 | Supervised deep [ 99.6% accuracy in

ale cardiac rhythm radiographs and | learning (CNN) identifying device
device tested on 225 manufacturer and
manufacturer radiographs 96.4% accuracy in
and model on identifying device
radiograph model, superior to

identification by
cardiologists
(median accuracy
72%)

Perez et Prediction of Trained on 132 Supervised Among patients who

alt’ cardiovascular discrete ECG artificial neural were classified as
mortality using features and four | network intermediate

discrete ECG
features

demographic
characteristics
from 9,122
patients and
assessed on
2,189 patients
who underwent
exercise treadmill

risk by Duke
Treadmill Scoring,
the third tertile of the
neural network
score demonstrated
an adjusted

Cox hazard ratio of
5.4 compared to the




testing first tertile
Perez et Smartwatch PPG pulse Apple irregular Among participants
a8 identification of | sensor data from | rhythm detection | who received
atrial fibrillation | Apple watch algorithm notification of an
were evaluated irregular pulse, 34%
on 419,297 had atrial fibrillation
participants, and on subsequent ECG
compared to patch readings and
ECG patch 84% of notifications
recordings on were concordant
450 patients with atrial fibrillation
Guo et al*®* | Smart device PPG pulse Huawei irregular | 227 individuals
identification of | sensor data from | pulse detection (87%) were
atrial fibrillation | Huawei algorithm confirmed as having
wristbands and AF, with the positive
wristwatches predictive value of
were evaluated PPG signals being
on 187,912 92%.
individuals, with
clinical
evaluation in 262
individuals
Tison et al?® | Automated ECG | For ECG Supervised deep | Automated ECG
segmentation segmentation, learning for ECG | measurements
with subsequent | 170 ECGs were | segmentation agreed with clinical
application used for training | (CNN), and measurements, and
toward creating | and 36186 ECGs | supervised model performance
patient ECG were used for gradient boosted | for disease
profiles to detect | testing. 725- machine for detection
a variety of component ECG | disease detection [ demonstrated an
diseases profiles built from AUC of 0.94 for
the segmented pulmonary arterial
ECGs were used hypertension, 0.91
to develop for hypertrophic
models for cardiomyopathy,
disease detection 0.86 for cardiac
amyloid, and 0.77
for mitral valve
prolapse
Raghunath | Prediction of 1- | 1,169,662 12- Supervised deep | The model predicted
et al* year mortality lead resting learning (CNN) 1-year mortality with

from 12-lead
ECG waveforms

ECGs obtained
from 253,397
patients were
used for training,
and a separate

very good
performance (AUC
0.88), even among
ECGs interpreted as
normal by




set of 168,914
patients was
used for testing

physicians (AUC
0.85)

Predicting response to therapy

Kalscheur Predicting CRT | Trained using Supervised Predicted death or
et al?? outcomes clinical variables | random forest heart failure
from 481 CRT-P hospitalization within
patients and 12 months with an
tested on 595 AUC of 0.74. Top
CRT-D patients and bottom quartiles
from the had an 8-fold
COMPANION difference in all-
trial cause mortality
Feeny et Predicting CRT | Trained using Supervised naive | Predicted
al? outcomes clinical variables | Bayes echocardiographic
from 470 CRT CRT response
patients, tested better than current
on 455 CRT guidelines (AUC:
patients 0.70 vs. 0.65) and
had greater
discrimination of
long-term survival
(c-index: 0.61 vs.
0.56)
Hu et al** Identifying Trained on 790 Supervised Predicted reduced

patients with
reduced CRT
benefit (<0%
improvement in
left ventricular
ejection fraction
or death by 18
months)

CRT patients
using clinical
variables and
two-word
sequences
extracted from
clinical notes via
natural language
processing, and
tested on 200
CRT patients

gradient boosting
machine

CRT benefit with an
AUC of 0.75, and
identified 26% of
patients with
reduced benefit at a
PPV of 0.79 and
accuracy of 0.65




Tokodi et
a|25

Predicting 1-, 2-,
3-, 4-, and 5-
year mortality
after CRT

Trained on 1510
CRT patients
using 33 clinical
variables and
tested on an

Supervised
random forest

Predicted 1-, 2-, 3-,
4-, and 5- year
mortality with an
AUC of 0.77, 0.79,
0.78, and 0.80,

independent respectively, with
cohort of 158 predictions superior
patients to other pre-existing
clinical risk scores
Novel characterization of disease
Cikes et al*® | Heart failure Echocardiographi | Unsupervised Four phenogroups
phenogroups in | ¢ volume and multi-kernel were identified with
CRT deformation dimensionality significantly different
traces and reduction and k- clinical and
clinical variables | means clustering | echocardiographic
from 1106 characteristics. Two

patients from the
MADIT-CRT trial

phenogroups had
substantially better
treatment effect
from CRT-D
(reduced all-cause
death or heart
failure event).

Inohara et | Atrial fibrillation | Clinical variables | Unsupervised Four clinical
al?’ clinical of 9749 patients | hierarchical phenotype clusters
phenotypes with AF in the agglomerative were identified (low
ORBIT-AF clustering comorbidity,
registry behavioral
comorbidity, device
implantation, and
atherosclerotic
comorbidity) with
distinct associations
with clinical
outcomes
Zahid et al?® | Locating re- Simulations of Supervised Machine learning of
entrant drivers in | programmed support vector MRI maps of fibrosis
atrial fibrillation electrical machine density and entropy
from spatial stimulation using classified re-entrant
patterns of 20 patient- driver regions with
fibrosis derived 3D atrial an AUC of 0.91

models from MRI




McGillivray | Locating re- Electrogram Supervised Located 95% of

et al*® entrant drivers in | simulations by random forest drivers in tissues
atrial fibrillation | models of atrial containing a single
from simulations | myocardium driver, and 95%

structure and (93%) for the first
electro- (second) driver in
physiological tissues containing
action of fibrosis two drivers of AF

Varela et 3D 3D statistical Supervised linear | Vertical asymmetry

al® characterization | shape models of [ discriminant metric in
of left atrial the left atrium on | analysis combination with left
geometry to MRI of 144 AF atrial sphericity
predict post- patients predicted post-
ablation AF ablation recurrence
recurrence at 12 months with

an AUC of 0.71

Bieginget | 3D Particle-based Supervised Addition of shape

al?t characterization | shape models of | LASSO Cox features to a Cox
of left atrial the left atrium on | regression regression model
geometry to MRI of 254 AF including clinical
predict post- patients parameters and left
ablation AF atrial fibrosis
recurrence increased the

model’s
concordance
statistic from 0.68 to
0.72 (p <0.05)

Lyon et al*? | Identification of | Mathematical Multi-cluster Based on QRS and
distinct ECG models of feature selection | T wave morphology,
phenotypes in waveform followed by four ECG
hypertrophic morphology on Laplacian phenotypes were
cardiomyopathy | high-fidelity 12- eigenmaps identified. Group 1A,

lead Holter ECGs
from 85
hypertrophic
cardiomyopathy
patients and 38
healthy
volunteers

dimensionality
reduction followed
by a density-
based clustering
algorithm
(unsupervised)

which had primary T
wave inversion, had
increased
hypertrophic
cardiomyopathy risk
scores and a
predominance of
coexisting septal
and apical
hypertrophy.




Okada et Using fibrosis Gadolinium- Supervised Ventricular
al® patterns to enhanced MRIs | support vector arrhythmia was
assess risk of of 122 ischemic | machine classified with 81%
ventricular cardiomyopathy overall accuracy and
arrhythmia in patients were correctly classified
ischemic used to train a 86% of those
cardiomyopathy | model to predict without ventricular
arrhythmia using arrhythmia. Overall
a spatial negative predictive
complexity profile value was 91%.
of scar, and
evaluated over
repeated runs of
cross-validation
Han et al** | Characterizing 30 days of Supervised Combining
AF burden cardiac machine learning | CHA2DS2-VASc
signatures to implantable (CNN, random with random forest

predict near-
term stroke

electronic device
remote
monitoring data
in 3114
nonstroke
controls and 71
stroke cases

forest, L1
regularized
logistic
regression)

and convolutional
neural network
yielded a validation
AUC of 0.696 and
test AUC of 0.634,
while CHA2DS2-
VASc alone had an
AUC of 0.5 or less in
both data sets.
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