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Abstract

Background: Abnormal prolongation or shortening of the QT interval isassociated with increased risk for ventricular arrhythmias
and sudden cardiac death. For continuous monitoring, widespread use, and prevention of cardiac events, advanced wearable
technologies are emerging as promising surrogates for conventional 12-lead electrocardiogram (ECG) QT interval assessment.
Previous studies have shown a good agreement between QT and corrected QT (QTc) intervals measured on a smartwatch ECG
and a12-lead ECG, but the clinical accuracy of computerized algorithmsfor QT and QTc interval measurement from smartwatch
ECGsisunclear.

Objective: The prospective observational study compared the smartwatch-recorded QT and QTc¢ assessed using AccurKardia's
AccurBeat platform with the conventional 12-lead ECG annotated manually by a cardiologist.

Methods: ECGs were collected from healthy participants (without any known cardiovascular disease) aged >22 years. Two
consecutive 30-second ECG readings followed by (within 15 minutes) a 10-second standard 12-lead ECG were recorded for each
participant. Characteristics of the participants were compared by sex using a2-samplet test and Wilcoxon rank sum test. Statistical
comparisons of heart rate (HR), QT interval, and QTc interval between the platform and the 12-lead ECG, ECG lead |, and ECG
lead |1 were done using the Wilcoxon sign rank test. Linear regression was used to predict QTc and QT intervals from the ECG
based on the platform’s QTc/QT intervals with adjustment for age, sex, and difference in HR measurement. The Bland-Altman
method was used to check agreement between various QT and QTc interval measurements.

Results: A total of 50 participants (32 female, mean age 46 years, SD 1 year) were included in the study. The result of the
regression model using the platform measurementsto predict the 12-lead ECG measurementsindicated that, in univariate analysis,
QT/QTc intervals from the platform significantly predicted QT/QTc intervals from the 12-lead ECG, ECG lead |, and ECG lead
I1, and this remained significant after adjustment for sex, age, and change in HR. The Bland-Altman plot results found that 96%
of the average QTc interval measurements between the platform and QTc intervals from the 12-lead ECG were within the 95%
confidence limit of the average difference between the two measurements, with a mean difference of —10.5 (95% limits of
agreement —71.43, 50.43). A total of 94% of the average QT interval measurements between the platform and the 12-lead ECG
were within the 95% CI of the average difference between the two measurements, with a mean difference of —6.3 (95% limits of
agreement —54.54, 41.94).
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Conclusions: QT and QTc intervals obtained by asmartwatch coupled with the platform’s assessment were comparable to those
from a 12-lead ECG. Accordingly, with further refinements, remote monitoring using this technology holds promise for the

identification of QT interval prolongation.

(IMIR Form Res 2022;6(9):e41241) doi: 10.2196/41241
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Introduction

Cardiovascular diseaseis highly prevalent and poses significant
morbidity and mortality, accounting for approximately 1 in
every 4 deaths in the United States alone [1,2]. Remote
monitoring of heart health to detect early signs of deterioration
and thus opportunities for intervention prior to situations
requiring inpatient care is an area that would benefit from a
cost-saving outcome-improving innovation.

The 12-lead electrocardiogram (ECG) haslong been a standard
component of evaluation for patients suspected of or confirmed
to have cardiovascular disease. However, use of the 12-lead
ECG is restricted to medical facilities, as qualified physicians
are needed to interpret the results [3-5]. In low- and
middle-income countries, where over 75% of deathsarerelated
to cardiovascular disease and where there is limited access to
ECG equipment and cardiologists, many patients with heart
disease need regular ECG checks and reviews, both to check
for disease progression and for surveillance of drug therapies
[6]. This demand can place an insurmountable burden on the
available pool of specialists, including in areas with a high
concentration of populations susceptible to heart disease (eg,
South Asian people), particularly in the COVID-19 pandemic

era[7].

The QT interval is an important parameter derived from the
12-lead ECG that represents the time for ventricular
depolarization. A key data point of interest in the ECG is the
QT interval [8-10]. While most commonly corrected for heart
rate (HR), abnormal prolongation or shortening of the QT
interval, whether congenital [11,12] or acquired, is associated
withincreased risk for ventricular arrhythmias and even sudden
cardiac death [13].

The QT interval is also an important parameter to follow in
patients treated with cardiac medications. Advanced wearable
technologies provide new opportunities for the diagnosis and
management of cardiovascular diseases and their risk factors
in the convenience of patients homes and other nonclinical
settings [14]. The latest generation of smartwatches and
smartphonesareincreasingly popular toolsfor health monitoring
and care delivery, capable of collecting key vital signs such as
HR, blood pressure, and even ECG data[15]. The Apple Watch,
which recently received approval for atrial fibrillation detection
from the Food and Drug Administration, can perform an ECG
using a single peripheral lead (lead I)—obtained through a
circuit between the detector on the back of the watch and the
digital crown. While the Apple Watch single-lead ECG can
detect atrial fibrillation, the feasibility and diagnostic accuracy
for QT interval measurement is less established [10,16]. While
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previous studies have already shown agood agreement between
QT and corrected QT (QTc) intervals measured on asmartwatch
ECG and a 12-lead ECG [17], the use of computerized
algorithms for QT and QTc interval measurement from
smartwatch ECGs lacks a similar level of evidence [18]. This
is a key step in fulfilling the promise of using wearable
technologies to facilitate the diagnosis and management of
cardiovascular health [19].

To build upon the promise of this new technology, a
cardiology-focused digital health company (AccurKardia) has
developed a device agnostic platform (AccurBeat) for the
analysis of Apple Watch (version 4 or higher)—generated ECGs
that leverages an engine built on computational and artificial
intelligence (Al) techniques to perform automated analysis of
ECGs and support the early detection and diagnosis of
arrhythmias. The objective of this study is to compare
smartwatch-recorded QT and QTc intervals assessed using the
platform’s agorithm with the conventional gold standard
procedure that uses a 12-lead ECG annotated manually by an
expert cardiologist.

Methods

Study Design

This study is a single-site observational study to compare QT
and QTc intervals assessed using smartwatch-generated data
coupled with the platform’sagorithm and QT and QTcintervals
measured using a 12-lead ECG with manual annotation in
hedlthy individuals. The study was performed in the Noninvasive
Cardiology Unit at the State University of New York (SUNY)
Downstate Medical Center in Brooklyn, New York, a large
urban medical center.

Ethics Approval

The study was deemed as human participants research and was
approved by the Biomedical Research Alliance of New York
Institutional Review Board and the Institutional Review Board
at SUNY Downstate Medical Center (IRB 21-02-474), and all
participants provided informed consent that was delivered and
documented by the study coordinator prior to data collection.
All participant data was collected anonymously. Aside from
the Apple Watch—generated readings, data were recorded and
stored securely on SUNY Downstate Medical Center servers
in password-protected spreadsheets. Apple Watch—generated
data, once captured, was automatically sent through an APl call
to acloud-based analytics engine (“AccurAl”), which annotated
the ECG and provide a computerized interpretation of the
rhythm that was identified. The output of these analytics was
accessible through a secure web-based clinician portal for the
AccurBeat device.
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Study Population

Healthy adult participants without known or suspected heart
disease were recruited from outpatient primary care and
cardiology clinics between January 6 and 19, 2022. Thiswas a
convenience sample from the SUNY Downstate cardiology
clinic and internal medicine practice. Patientswere screened by
the study coordinator daily prior to their visit and, if qualified,
wereinformed of the study. Intotal, 54 patients were screened,
and 50 patients provided informed consent. Theinclusion criteria
were selected based on both patient self-report and electronic
medical records. The exclusion criteria included any recent
illness within 4 weeks and taking any medication irrespective
of anindication that is known to prolong the QT interval.

Study Procedure

Data Collection

Each participant was informed about the study procedures, and
written consent was collected. Each participant was then asked
to sit down while ahighly experienced study coordinator placed
the study-dedicated Apple Watch (version 7) on their left wrist
and facilitated two consecutive 30-second ECG readings. Within
15 minutes following the Apple Watch readings, the study
coordinator had participants lie flat and proceeded to place
electrodes on the participants to perform a 10-second standard
12-lead ECG reading using the GE MAC 5500HD ECG machine
with a paper speed of 25 mm per second. All participants were
compensated (US $75) viagift card following their study visit.

Data Storage and Analysis

Apple Watch ECG data was automatically uploaded to Apple
HealthKit, Appl€e's central repository for health and fithessdata
on the iPhone and was confirmed immediately following
collection by the study coordinator via the platform’'s
smartphone app. The 12-lead ECG readings were printed at the
time of reading and labeled with the data and time of reading
for identification purposes. All Apple Watch ECG data were
assessed using the platform. The corresponding 12-lead ECG
was assessed and manually annotated by an expert cardiol ogist.

Annotation Procedures

The ECGs were recorded on paper tracings. They were
digitalized and then imported in ImageJ (free online software
provided by the National Institutes of Health). The calibrations
were performed for 0.4 seconds, and the followings measures
were made for each beat in each lead: in QQ interval and in
respiratory rate interval.

All ECGs had a placing that was technically adequate for
analysis. Inthe case of aflattened T wave, the lead was excluded
for analysisfromthe QT interval of the 12 leads. All analyzable
complexes were in lead | and lead 11. Bazzett's [20] formula
was used to correct for HR in al determinations.

Solution Development and Evaluation

The AccurBeat (version 1.0) platformincludes anativeiOS app
(used to view the annotated ECG and computerized
interpretation of rhythm classification), a clinician web portal
(for the review and approval of reports prior to release to
patients), a cloud-based application programming interface to
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access the analytics engine, and the analytics engine itself that
annotates the ECG and provides a computerized interpretation
of rhythm classification. The analytics engine is based on
proprietary methods that leverage a combination of signal
processing, image analysis, and Al-based techniquesto annotate
ECGs and diagnose arrhythmias. The data is normalized, and
features are extracted using various signal processing techniques.
Once thisinitial processing is complete, a hybrid architecture
combining image analysis with evolutionary computing—based
Al isinvoked for beat classification, complex feature extraction,
and rhythm detection. Following this, an inference engine with
established clinical guidelines is used to obtain a diagnosis.
Since this study only focused on HR, QT interval, and QTc
interval measurements, the output of the inference engine was
not applicable to the results of this study. The algorithm was
previously tested according to the AAMI ANSI EC57:2012
standard with both publicly available and proprietary databases.

Statistical Analysis

Quantitative variables (age, HR, QT interval, and QTcinterval)
are summarized asmeans (SD) or median (IQR), and categorical
variables are reported as frequencies (percentages). We
compared characteristics of the participants by sex using a
2-sample t test and Wilcoxon rank sum test. Statistical
comparisons of HR, QT interval, and QTc interval between the
platform and 12-lead ECG, ECG lead |, and ECG lead |l were
done using the Wilcoxon sign rank test. We used linear
regression to predict the QTc and QT intervals from the ECG
based on the platform’s QTc/QT intervals, with adjustment for
age, sex, and the difference in HR measurement. We checked
for multicollinearity using variance inflation factor (VIF).

Agreement between QT and QTc interval measurements (taken
on 12-lead ECGs and annotated manually and taken on
smartwatches and assessed by the platform) was assessed using
the Bland-Altman method [21,22]. The mean of the difference
(bias) in QT and QTc intervals between the two methods was
calculated, along with the 95% lower and upper limits of
agreement (LoA). Agreement between the measures was aso
numerically assessed by estimating the agreement intraclass
correlation coefficient, with its 95% Cl [23]. Statistical
significance was set at .05. All analyses were donein R 4.0.3
(R Foundation for Statistical Computing) and RStudio 1.2.5019
(RStudio, PBC).

Results

In Table 1, we summarized the characteristics of the study
participants and compared them by sex. Of al 50 participants,
32 (64%) of the study participants identified as female. They
had a mean age of 46.18 (11.89) years. There was no sex
difference in mean age, mean HR measurements from all
devices, or mean QT interval measurements from all devices.
However, QTc interval measurements from all devices were
significantly higher for female patients compared to male
patients.

In Table 2, wesummarized HR, QT intervals, and QTcintervals
between the platform and 12-lead ECG, ECG lead |, and ECG
lead 11. Results of the Wilcoxon sign rank test indicated that all
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measurements from the AccurBeat device were significantly
higher than those from the 12-lead ECG.

The correlations, with 95% ClIs, between the platform
measurements and 12-lead ECG measurements are featured in
Table 3. The result indicated that the correlations between
measurements across devices were all significantly different
from 0. However, the strengths of association range from low
to strong positive associations. In the sensitivity analysis, the
results remained consistent.

The result of the regresson model using the platform
measurementsto predict the 12-lead ECG measurements (Table
4) indicate that, in univariate analysis, QT/QTc intervals from
the platform significantly predicted QT/QTc intervalsfrom the
12-lead ECG, ECG lead |, and ECG lead I1. The significant
association between QT/QTc intervals from the platform and
QT/QTc intervals from the 12-lead ECG remained significant
after adjustment for sex, age, and change in HR. In the
multivariable model, for each unit increasein the platform QTc

Chokshi et &

interval, the QTc interval from the 12-lead ECG was expected

to increase by 0.31 (adjusted R°=0.38). Similarly, the QTc
interval from ECG lead | and ECG lead 11 were expected to
increase significantly by 0.30 (adjusted R?=0.25 and 0.32 for
lead | and lead I, respectively). A 33-point increase in the
platform QTc interval would correspond to approximately a
10-point increase in the QTc interval from the 12-lead ECG,
adjusting for age, sex, and change in HR. In the multivariable
model, for each unit increase in the platform QT interval, the
QT interval from the 12-lead ECG was expected to increase by
0.53 (adjusted R?=0.47). Similarly, the QT interval from ECG
lead | and ECG lead Il were expected to increase significantly
by 0.43 and 0.48 (adjusted R?=0.39 and 0.29), respectively. A
19-point increase in the platform QT interval (24 for lead | and
21 for lead 11) would correspond to an approximately 10-point
increaseinthe QT interval from the 12-lead ECG, adjusting for
age, sex, and changein HR. The VIFfor all six modelswas|ess
than 2, indicating no multicollinearity.

Table 1. Descriptive summary of age, HR, QT interval, and QTc interval by sex.

Female (n=32) Male (n=18) P value?

Age (years), mean (SD) 47.44 (10.99) 43.94 (13.38) 35
Platform HRP (bpm), mean (SD) 78.67 (9.92) 74.50 (11.79) 21
Platform QT interval (ms), median (IQR) 401 (371.8-424) 374 (369.1-392.4) .10
Platform QTc® interval (ms), median (IQR) 4445 (433.4-465.2) 423.8(410.2-434.2) <.001
12-lead HR (bpm), mean (SD) 75.22 (9.99) 73.00 (11.34) 49
12-lead QT interval (ms), median (IQR) 382 (363.5-410.5) 375 (360-388) 29
12-lead QTc interval (ms), median (IQR) 4315 (412-441) 410.5 (40.32-415.8) .006
Lead | HR (bpm), mean (SD) 77.42 (11.62) 7217 (12.72) 16
Lead | QT interval (ms), median (IQR) 366.5 (350.8-393.2) 363.5 (349.5-381) 56
Lead | QTcinterval (ms), median (IQR) 418 (406.5-435) 397 (373.5-718.8) .02
Lead Il HR (bpm), mean (SD) 76.68 (10.34) 72.06 (14.38) 24
Lead Il QT interval (ms), median (IQR) 371 (356-396.2) 362.5 (353.2-380.2) 18
Lead Il QTc interval (ms), median (IQR) 430 (410-436.5) 388 (366.5-410.2) .003

8gtatistical comparison between measurements from the platform and the 12-lead electrocardiogram were done using a 2-sample t test and Wilcoxon

rank sum test. A P value <.05 was considered significant.
PHR: heart rate.
¢QTc: corrected QT.
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Table 2. Descriptive summary of HR, QT interval, and QTc interval (N=50).2
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Values P value
Mean (SD) Range Median (IQR)
Platform
HR® (bpm) 77.17 (10.70) 53.50-97.50 76.5 (68.12-84.88) N/AC
QT interval (ms) 389.9 (33.95) 293.5-4435 388.5 (369.9-417.9) N/A
QT interval (ms) 434.4(32.92) 305-487.5 437.5 (423.4-459.9) N/A
12-lead ECG®
HR (bpm) 74.42 (10.44) 54-100 74 (66.5-80.75) <.001
QT interval (ms) 383.6 (26.63) 342-442 378 (362.5-406) .005
QTcinterval (ms) 423.9(23.16) 379-486 422 5 (408-438.8) .001
ECG lead |
HR (bpm) 75.49 (12.17) 47-98 75 (67-84) 047
QT interval (ms) 368.9 (28.01) 318-429 365.5 (350.2-389.8) <.001
QTcinterval (ms) 411.1 (27.30) 359-481 414 (392-426) <.001
ECG lead Il
HR (bpm) 74.98 (12.05) 47-105 75 (67-84) 012
QT interval (ms) 3715 (31.35) 293-468 370 (354-390.8) <.001
QTcinterval (ms) 412.4 (34.34) 336-494 417 (387-436) <.001
8gtatistical comparison between measurements from the platform and 12-lead ECG were done using Wilcoxon sign rank test.
PHR: heart rate.
°N/A: not available.
dQTc: corrected QT.
®ECG: electrocardiogram.
Table 3. Correlation between devices.
Platform measures with... Intraclass correlation: consistency  Intraclass correlation: agreement Pearson correlation (95% ClI)

(95% Cl)

(95% Cl)

HR2from 12-lead ECG®
HR (lead I)
HR (lead 11)

QTctinterval from 12-lead ECG
QTcinterval (lead 1)
QTcinterval (lead I1)

QT interval from 12-lead ECG
QT interval (lead 1)

QT interval (lead I1)

0.88 (0.79-0.93)

0.75 (0.59-0.85)
0.79 (0.65-0.87)
0.40 (0.14-0.61)

0.42 (0.16-0.63)
0.41 (0.15-0.62)
0.68 (0.49-0.80)
0.53 (0.30-0.70)
0.56 (0.34-0.73)

0.85 (0.69-0.92)

0.74 (0.58-0.84)
0.77 (0.62-0.87)
0.38 (0.13-0.59)

0.33(0.02-0.57)
0.34 (0.05-0.57)
0.66 (0.48-0.80)
0.43 (0.09-0.66)
0.49 (0.17-0.70)

0.87 (0.79-0.93)

0.75 (0.60-0.85)
0.79 (0.66-0.88)
0.43 (0.17-0.63)

0.43 (0.17-0.63)
0.41 (0.14-0.62)
0.69 (0.52-0.82)
0.54 (0.31-0.71)
0.56 (0.34-0.73)

3HR: heart rate.
bECG: electrocardiogram.
®QTc: corrected QT.
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Table 4. Association of the platform’s QT/QTc intervals with the 12-lead electrocardiogram’s QT/QTc intervals.?
12-lead Lead | Lead Il
5 5 5 5 P A " P
B BC(sE) . B P4 (sE) . B bC(sE) . B bd(sE) . B bC(sE) B bC(sE) .
ue ue ue ue ue ue
oTe®’  030(009 002 031(009) 001 035(011) 002 030(0.12) .01 042(0.14) 002 030(014) .03
Age 030(0.22) .18 033(029) .26 0.04(0.36) .92
Male -10.66 (6.03) .08 -10.84(7.87) .26 —2229(9.41) .92
HREN -1.93(052) <001 -093(0.43) .03 -1.62(0.56) .006
ot 054(0.08) <001l 053(0.08) <00l 044(0.10) <001 041(0.09) <001 052(0.11) <00l 048(0.12) <001
Age 037(0.24) .13 047 (0.26) .08 019(0.33) .58
Male 054(6.02) .93 203(6.47) .75 -813(811) .32
HR -0.29(053) .59 1.09(0.38)  .006 054(053) .31

#The QT/QTc intervals from the 12-lead electrocardiogram were modeled using multiple linear regression with QT/QTc intervals from the platform as

the main predictor, adjusted for age, sex, and changein HR.

b 4 . parameter estimates.

Csimple linear regression.

dmuItipIe linear regression.

€QTc: corrected QT.

fQT(:/QT measurements were from the platform.

9HR: heart rate.

hChange in HR between the platform and el ectrocardiogram.

The Bland-Altman plot results found that 96% of the average
QTc interval measurements between the platform and the QTc
intervalsfrom the 12-lead ECG werewithin the 95% confidence
limit of the average difference between the two measurements
(Figures 1-6), with a mean difference of —10.5 (95% LOA
—71.43,50.43). The Bland-Altman analysis detected asignificant
proportional bias between the AccurBeat QTc interval and the
QTcinterval from the 12-lead ECG (P=.008). Over 95% of the
average QTc interval measurements between the platform and
QTc intervals from the 12-lead ECG (lead 1) were within the
95% confidence limit of the average difference between thetwo
measurements, with a mean difference of —23.45 (95% LOA
—87.62, 40.72). The Bland-Altman analysis detected no
significant proportional bias between the AccurBeat QTc
intervals and the QTc intervals from the ECG lead | (P=.14).
Over 93% of the average QTc interval measurements between
theplatform and the 12-lead ECG (lead I1) were within the 95%
confidence limit of the average difference between the two
measurements, with a mean difference of —22.2 (95% LOA
—94.15, 49.82). The Bland-Altman analysis detected no
significant proportional bias between the AccurBeat QTc
intervals and the QTc intervals from the ECG lead 11 (P=.81).

https://formative.jmir.org/2022/9/e41241

A total of 94% of the average QT interval measurements
between the platform and QT intervals from the 12-lead ECG
were within the 95% CI for the average difference between the
two measurements, with a mean difference of —6.3 (95% LoA
—54.54, 41.94). The Bland-Altman analysi s detected asignificant
proportional bias between the AccurBeat QT intervals and the
QT intervals from the 12-lead ECG (P=.02). A total of 94% of
the average QT interval measurements between the platform
and the QT intervalsfrom the 12-lead ECG (lead ) were within
the 95% CI for the average difference between the two
measurements, with a mean difference of —21.08 (95% LOA
—80.34, 38.18). The Bland-Altman analysis detected no
significant proportional biasbetween the AccurBeat QT intervals
and the QT intervals from the ECG lead | (P=.12). A total of
90% of the average QT interval measurements between the
platform and the 12-lead ECG (lead I1) were within the 95%
confidence limit of the average difference between the two
measurements, with a mean difference of —18.48 (95% LOA
—78.44, 41.47). The Bland-Altman analysis detected no
significant proportional biasbetween the AccurBeat QT interval
and the QT from the ECG lead || (P=.51).
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Figurel. The 12-lead corrected QT (QTC) with AccurBeat QTc.
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Figure 3. Lead Il corrected QT (QTc) with AccurBeat QTc.
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Figure5. Lead | QT with AccurBeat QT.
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Discussion in healthy controlswithout known cardiovascular disease. While

Principal Findings
Thisstudy used the Apple smartwatch coupled with the platform

to assess QT and QTcintervals, and showed reasonable accuracy
with measures derived from conventional 12-lead ECG tracing

https://formative.jmir.org/2022/9/e41241
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associations ranged from low to moderate-high for the various
measures of comparison, more than 90% of the average QT
interval measurements between the platform and QT intervals
from the 12-lead ECG were within the 95% CI of the average
difference between the two measurements. Additionally, the
technology platform posed no bias in terms of under- or
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overestimation. Moreover, intraclass measures of consistency
and agreement as well as Pearson correlations were all higher
for the QT interval than for the QTc interval.

Comparison to Prior Work

Themeasurement of QT intervalsisanimportant consideration
in the identification of individuals at increased risk for
ventricular tachycardia and sudden cardiac death [8-10]. QT
interval monitoring is also important in terms of monitoring
patients initiated and dose titrated on various classes of
medications. The QT interval represents the timeinterval from
onset of ventricular depolarization to the end of depolarization,
is measured from the start of the g wave to the end of the T
wave, and is usualy obtained from a 12-lead ECG [8]. While
computerized automatically derived values are often used for
clinical purposes, some authors have advocated that manual
measurement is more accurate [24]. However, manua QT
interval assessment istedious and time-consuming with greater
interobserver variability, and physicians often select one
complex from one lead (lead 11) and one to measure [25]. Both
techniques are limited by difficult T wave morphologies and
the presence of u waves [26].

In recent years, there has been growing interest in the utility of
wearables and smartphones [27] for remote ECG monitoring,
which hasbeen largely accel erated by the COVID-19 pandemic.
In this regard, the Apple Watch has been shown to be a useful
screening strategy for the detection of atria fibrillation [28].
The measurement of QT intervalsusing smartwatch technol ogy
represents an important extension of remote monitoring and
poses advantages regarding cost and convenience, and the ability
of prolonged monitoring. This study showed comparable values
from the Apple smartwatch coupled with the platform
technology to those from a12-lead ECG, from lead | alone and
from lead I1.

In the multivariate analysis, age did not impact the predictive
value of AccurKardia's technology even though age-related
changes in QT interval have been previously reported [29].
Although there was strong agreement and consistency for HR
values, the comparisonswereless strong for QTc intervalsthan
for QT intervals. These findings are not unexpected as QTc
interval comparisonsinclude potential measurement errorsfrom
two values (QT interval and cyclelength), and the QTc interval
was calculated by Bazett's [20] formula, in which small
differences in HR trandlate into relatively large differences in
QT interval correction. Additionally, while consistency and
agreement were similar for most comparisons, agreement was
lower in comparisons of smartwatch-obtained valueswith leads
| and II. This finding was expected as QT intervals were
measured from 2 to 4 beatsin these leads.

Important differences in acquisition methods that could also
contribute to potential sources of error include the fact that the

Chokshi et &

platform’s method includes atotal of 60 seconds of recording,
whereasa 12-lead ECG isrecorded over 10 seconds. Sincethese
participants were relatively young (mean age 46 years) and
healthy, respiratory variations in HR due to sinus arrhythmia
over the short-term recording of a12-lead ECG could adversely
affect comparisons [30]. It may be that 60 seconds of focused
application of the Apple Watch was subject to less sinus
arrhythmia than 10 seconds of aresting ECG [31]. It remains
unclear as to whether comparisons would be even stronger if a
longer 12-lead recording time were to be performed.
Additionally, theinclusion of patientswith heart disease would
likely reduce beats due to variations in HR and would expand
the range of QT intervals to include prolonged values; in this
regard, the design of the study was a conservative one.
Typically, there is variability in values obtained from the 12
different leads of an ECG, a phenomenon known as QT
dispersion [32,33]. Therefore, the algorithm measured the QT
interval from one specific lead as an approximation of the
longest QT interval of the 12 leads.

Limitations

There are a number of limitations in this study that warrant
mention. First, smartwatch and 12-lead ECG recordings were
obtained sequentially and not simultaneously. However, the
brief intervening period should not be expected to substantially
impact results. Second, this pilot study evaluated healthy
individual s without known heart disease, and the results cannot
be extrapol ated to those with known heart disease. Theresearch
group intends to perform a follow-up study including patients
with heart disease. Third, the 12-lead ECG measurements were
not made by multiple people but by a single experienced
investigator (JL). In future studies, the study group plansto get
the 12-lead ECG measured by more than one investigator to
take into account interobserver variability.

Strengths

A strength of the study isthat it included aracially diverse group
of study participants in which 50% were African American.
While darker skin color has been reported to adversely affect
smartwatch recording capabilities [34], we did not perform
racial comparisons.

Conclusion

Despite these limitations, we conclude that QT and QTc
intervals obtained by the Apple smartwatch coupled with the
platform are comparable to those from a 12-lead ECG. Future
research is planned to build upon the learnings in this study,
expanding to alarger sample of patients that includes patients
with cardiac disease as well as multiple cardiologists and
assessments of their reliability with regard to manual annotation
of ECG tracings. With these learnings and further refinements,
remote monitoring using this technology holds promise for the
identification of QT prolongation.
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