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Abstract

Objective: To evaluate the ability of a neural network to identify severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2) infection using point-of-care electrocardiography obtained with a portable device.
Patient and Methods: We enrolled 2827 patients in a prospective observational study, from December
10, 2020, through June 4, 2021, to determine the accuracy of a point-of-care, handheld, smartphone-
compatible, artificial intelligenceeenabled electrocardiography (ECG) (POC AI-ECG) in detecting
asymptomatic SARS-CoV-2 infection using a modified version of an existing deep learning model
framework trained on 12-lead ECG data.
Results: Study participants were 48% (n¼1067) female, 79% (n¼1749) White, and 7% (n¼153)
endorsed previous COVID-19 infection. We found the POC AI-ECG algorithm was ineffective for
detecting asymptomatic SARS-CoV-2 infection (area under curve, 0.56; 95% CI, 0.46-0.66), failing to
adequately discriminate between ECGs performed among participants who tested positive compared to
those who tested negative.
Conclusion: Contrary to the prior 12-lead ECG study, a POC AI-ECG failed to reliably identify asymp-
tomatic SARS-CoV-2 infection among adults. This study underscores the importance of prospective
testing, assuring similar populations, and using similar signals or data when developing AI-ECG tools.
Trial registration: clinicaltrials.gov Identifier: NCT04725097
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C OVID-19 disease, an acute respira-
tory syndrome caused by respiratory
tract infection with severe acute res-

piratory syndrome coronavirus 2 (SARS-
CoV-2), was declared a pandemic by the
World Health Organization on March 11,
2020.1,2 The infectious outbreak, believed to
have originated in Wuhan, China, in
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December 2019, was first reported in the
United States in January 2020.3 This disease
subsequently spread, with the United States
reporting the highest number of cases and
deaths in 2020 compared with other coun-
tries.4 The US COVID-19 vaccination program
started in December 2020, and 64.8% of the
total US adult population had been fully
the end of this article.
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vaccinated as of February 23, 2022.5 Despite
these efforts, waning immunity and the emer-
gence of new variants (Alpha,6,7 Delta,8 and
Omicron9-12) perpetuated the pandemic. In
addition, model estimates have suggested
that the burden of asymptomatic or undocu-
mented infections was as high as 78.2% in
the United States in 2020,4 and there were
concerns that these asymptomatic carriers
may be responsible for the continued propaga-
tion of the disease. It has been suggested that a
universal testing program rather than a
symptom-based approach may be key to
curbing the spread of infection.13 This strategy
was adopted by many countries for interna-
tional travelers,14-16 hospitals, health systems
before hospital procedures,17,18 and unvacci-
nated employees.19 However, these proced-
ures involve uncomfortable nasal swabs and
potential infection transmission from contact
with nasopharyngeal specimens when per-
formed in nonclinical settings, in addition to
varying times to obtain results, ranging from
10 minutes for rapid antigen tests to 24 hours
or more for polymerase chain reaction (PCR)
tests. As such, there is a critical need to
develop innovative, scalable, noninvasive
mass screening tools to detect SARS-CoV-2
infection. This would facilitate a hassle-free,
safe return to routine activities, such as inter-
national air travel, working from offices, and
participation in large gatherings and events.

Our team has previously demonstrated the
utility of artificial intelligenceeenabled electro-
cardiography (AI-ECG) based on 12-lead ECG
data for the detection of cardiovascular pathol-
ogies that are unrecognizable on routine cardi-
ologist interpretation of the ECG. Detected
pathologies include low left ventricular ejection
fraction,20 atrial fibrillation while in sinus
rhythm,21 cardiac amyloidosis,22 aortic steno-
sis,23 and SARS-CoV-2 infection.24 Although
the standard 12-lead ECG is a ubiquitous test,
it is rarely available in nonclinical settings. It
also requires some skill to perform and typi-
cally involves the placement of electrodes
directly on the skin while the patient is lying
in a supine position. This limits the scalability
of this technology for mass screening purposes
in nonclinical environments. Portable
smartphone-compatible devices, able to ac-
quire single-lead andmultilead ECG recordings
and produce reliable clinical measures25 and
Mayo Clin Proc Digital Health n December 2
diagnoses26-28 have gained US Food and
Drug Administration approval, offering a po-
tential alternative. In addition, recently pub-
lished studies have reported the utility of
portable AI-ECG for detecting low ejection
fraction29,30 and accurately predicting cor-
rected QT interval values.31 As such, we recog-
nized this as a unique opportunity to acquire
ECG recordings in nonclinical settings for
mass screening purposes.

On the basis of the known association be-
tween ECG changes and myocardial injury in
symptomatic COVID-19 disease32-34 and the
documented efficacy of a 12-lead AI-ECG to
detect symptomatic COVID-19 disease,24,35

we hypothesized that a neural network can
identify the presence of asymptomatic SARS-
CoV-2 infection using portable ECG device re-
cordings. To test that hypothesis, we per-
formed a prospective, multicenter,
observational study.

PATIENT AND METHODS

Study Design
We conducted a prospective, multicenter,
observational study to evaluate the accuracy
of a point-of-care, handheld, smartphone-
compatible, AI-ECG (POC AI-ECG) in detect-
ing asymptomatic COVID-19 infection. This
study is registered at ClinicalTrials.gov
(NCT04725097).

Study Population
Study locations included 6 US sites (Mayo
Clinic, Rochester, Minnesota; Mayo Clinic,
Phoenix, Arizona; Mayo Clinic, Jacksonville,
Florida; Hackensack University Medical Cen-
ter, Hackensack, New Jersey; Heart and
Vascular Institute, Henry Ford Hospital,
Detroit, Michigan; and Louisiana State Univer-
sity Health, Shreveport, Louisiana), and 3 in-
ternational sites (Sri Jayadeva Institute of
Cardiovascular Sciences and Research, Karna-
taka, India; Royal Brompton and Harefield
Hospitals and Imperial College, London,
United Kingdom; and Hospital General Uni-
versitario Gregorio Marañon, Madrid, Spain).
All patients who reported no symptoms and
were seen for routine SARS-CoV-2 screening
before a planned procedure or visit from
December 10, 2020, through June 4, 2021,
were approached to participate in the study.
023;1(4):455-466 n https://doi.org/10.1016/j.mcpdig.2023.07.007
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FIGURE 1. KardiaMobile 6L (AliveCor, Inc) ECG Recording. A, Portable ECG device is connected by Bluetooth to a smartphone or
tablet with installed Kardia application. B, In the sitting position, patients place both thumbs on the anterior electrodes, while
simultaneously placing the posterior electrode on the left ankle or left knee. C, Six-lead ECG of 30-second duration was recorded and
automatically saved into the KardiaPro (AliveCor, Inc) portal. ECG, electrocardiography.

ECG SCREENING FOR ASYMPTOMATIC COVID-19
Oral consent was obtained from each study
participant in accordance with local IRB rules
and guidance, and documented evidence of
each participant’s acknowledgement of oral
consent is housed at each site and can be pro-
vided upon request.

Measures
All study participants had a portable 6-lead
ECG recorded with the KardiaMobile 6L
(AliveCor, Inc) at the same time a nasal swab
was performed for SARS-CoV-2 PCR testing.
Study participants were considered to have
Mayo Clin Proc Digital Health n December 2023;1(4):455-466 n ht
www.mcpdigitalhealth.org
SARS-CoV-2 infection if the PCR test result
was positive. At least one 6-lead ECG of 30-
second duration using the KardiaMobile 6L
device was recorded for all study participants
in the sitting position with both thumbs
placed on the anterior electrodes while simul-
taneously placing the posterior electrode on
the left ankle or left knee (Figure 1). The study
staff who performed portable ECG recordings
were not privy to the results of the SARS-CoV-
2 PCR test at the time of the ECG recording.

Demographic data were self-reported by
study participants, and clinical information
tps://doi.org/10.1016/j.mcpdig.2023.07.007 457
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(including SARS-CoV-2 PCR test results) were
abstracted from the electronic health records.
For cases with positive PCR results, additional
medical history data were extracted. We
stopped data collection after enrolling at least
25 patients who tested positive for COVID-
19, the minimum number of positive cases
estimated based on the results of the planned
interim analysis. Enrollment in India was
brisk, and the total number of patients who
tested positive in the entire cohort was 40,
exceeding the minimum number required as
a result.

Our primary study end point was the
detection of SARS-CoV-2 infection using a
POC AI-ECG performed at the time of the
nasal swab for COVID-19 screening. For diag-
nostic accuracy assessment, the criterion stan-
dard was the SARS-CoV-2 PCR test. Data from
all sites were collected and managed using
research electronic data capture (REDCap), a
secure web-based platform database designed
to support data capture for research studies.36

The study was approved by the institutional
review boards at each participating site, with
Mayo Clinic, Rochester, Minnesota, serving
as the coordinating site.

Electrocardiography Data Processing
The 30-second, digital, 6-lead ECG record-
ings, obtained with the KardiaMobile 6L de-
vice, sampled at 300 Hz, were downloaded
from the AliveCor servers and preprocessed.
The ECG recordings that were flat lines (0
amplitude over the entire 30-second duration)
were flagged for exclusion from all analyses
owing to ECG acquisition error. The record-
ings were then analyzed with a modified
version of the previously developed AI-ECG
algorithm (based on 12-lead ECG data) to pre-
dict the presence of symptomatic SARS-CoV-2
infection.24 The model returned a score
ranging from 0-1, with higher values suggest-
ing infection, according to the original devel-
opment work. Some participants had
multiple ECGs recorded, and for those, the
mean model score was used for the analysis.

To develop the AI algorithm used in this
study, we trained 2 additional models using
pre-existing retrospective ECG data and
SARS-CoV-2 results from multiple sites24:
the original model used in the published retro-
spective study utilized data from all 12 leads24;
Mayo Clin Proc Digital Health n December 2
a second model was trained using data from
leads I and II alone, which together represent
all 6 limb leads (as leads III, aVR, aVL, and
aVF are linear functions of leads I and II),
and a third model was trained using data
from lead I only. All the models generated pre-
diction probabilities for multiple 2-second
windows, and the final prediction for each
10-second ECG recording was the average
score for 9 overlapping windows (in seconds:
0-2, 1-3, 2-4, 3-5, 4-6, 5-7, 6-8, 7-9, and 8-
10).

For the POC AI-ECG model used in the
current study, 6-lead ECGs were recorded
with the KardiaMobile 6L device, and the sec-
ond model described above was used to
analyze the data. The ECG recordings were
split into 2-second windows in a similar
manner as the model derivation steps, but
this time the result was the average of 29 over-
lapping 2-second windows (0-2, 1-3. 27-29,
28-30). The POC AI-ECG was considered a
positive screen if the AI prediction probability
crossed the previously determined threshold
of 0.44.24

Statistical Analyses
Sample size determination was based on tar-
geting a minimum number of positive PCR
tests to provide sufficient estimation precision
for sensitivity. To establish the minimum
number of COVID-19epositive patients, test
sensitivity was assumed to be 90%, and a
lower limit for the 95% CI was set at 70%,
the minimum clinically relevant amount of
sensitivity to warrant further use of the algo-
rithm in this population without model revi-
sion. To achieve this degree of precision, at
least 25 positive PCR tests were required.
The total sample size of the enrolled popula-
tion necessary to achieve the minimum num-
ber of positive PCR tests was estimated to be
up to 5000 participants, accounting for an
assumed w0.5% disease prevalence in an
asymptomatic population.

The primary outcome measure for the
study was the detection of SARS-CoV-2 infec-
tion. Operationally, this was defined as the
model discrimination measured by the area
under the receiver operating characteristic
curve (AUC). Secondary end points included
sensitivity for detecting a SARS-CoV-2 positive
test result via PCR and specificity. Two-sided
023;1(4):455-466 n https://doi.org/10.1016/j.mcpdig.2023.07.007
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Subjects enrolled
n=2,827

Final cohort
n=2,210

COVID-19 positive cases
n=40

COVID-19 negative cases
n=2,170

Exclusion
n=617

A combination of:
• No PCR results (n=20)
• No evaluable ECG
   information (n=597)

FIGURE 2. Study flow diagram. ECG, electrocardiography; PCR, polymerase
chain reaction.

ECG SCREENING FOR ASYMPTOMATIC COVID-19
95% CIs were computed for measures of diag-
nostic performance. For all measures except
AUC, an exact binomial CI was used. The
AUC CI was computed using the Sun and
Xu optimization for the Delong method using
the pROC package.37

The primary analysis was conducted
among patients with valid and readable
ECGs linked to confirmed SARS-CoV-2 test
results. Descriptive statistics were used to
describe the whole cohort and those who
tested positive. A P value of >.05 was consid-
ered statistically significant. Statistical analyses
were conducted using R version 4.0.3 (The R
Foundation).

RESULTS
We enrolled a total of 2827 asymptomatic
adults aged 18 or older from 9 US and interna-
tional sites and had 2725 ECG recordings
returned. Participants were excluded if PCR
test records were missing from the study data-
base. Flat ECG recordings and recordings that
could not be linked to study participant IDs
were also excluded. Study participants with
more than 1 recorded ECG had AI predictions
generated for all available ECGs, and the mean
prediction score was used. After the exclusions
listed above, the final sample size included
2210 patients with matched ECG and SARS-
CoV-2 PCR test results (Figure 2). There
were no adverse events reported related to
participating in the study.

Characteristics of the study population are
summarized in Table 1. Forty patients (1.8%)
had PCR-confirmed SARS-CoV-2 infection in
the study sample. There was no statistical dif-
ference in the rate of infection by sex (P¼.46).
Most participants identified as White, followed
by Asian, other race or multiracial, and Black
or African American. One hundred and sixty
(7.4%) were health care workers, and 153
(6.9%) had a previous SARS-CoV-2 infection;
however, neither group was statistically associ-
ated with infection rate (P>.05 for both).
Additional characteristics of the COVID-
19epositive patients are summarized in
Supplemental Table 1, available online at
https://www.mcpdigitalhealth.org/. Details
regarding patient enrollment sites are dis-
played in Table 2 and Supplemental
Figure 1, available online at https://www.
mcpdigitalhealth.org/.
Mayo Clin Proc Digital Health n December 2023;1(4):455-466 n ht
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Diagnostic Performance of the POC AI-ECG
Model
In this study, the POC AI-ECG algorithm was
unable to detect asymptomatic SARS-CoV-2
infection (AUC, 0.56; 95% CI, 0.46-0.66),
failing to adequately discriminate between
ECGs from patients who tested positive for
COVID-19 compared with those who tested
negative (Figure 3). Sensitivity for detecting
the virus was low at 63% (25 of the 40; 95%
CI, 46%-77%), which was limited in part by
the small number of positive test results in
the study. Specificity was lower at 47.2%
(1024 of the 2170; 95% CI, 45%-49%) and
the negative predictive value was 98.6%
(1024 of the 1039; 95% CI, 98%-99%). A
confusion matrix is displayed in
Supplemental Figure 2, available online at
https://www.mcpdigitalhealth.org/.

A stratified analysis (Supplemental
Figure 3, available online at https://www.
mcpdigitalhealth.org/) unpredictably showed
acceptable model performance among Black
patients (AUC, 0.79), albeit with very wide
CIs because of the small sample size (n¼94).
We also noticed higher AUC values among
women (0.63) compared with men (0.51).
These may suggest variable performance of
the POC AI-ECG model by race and sex; how-
ever, owing to the overall poor performance
tps://doi.org/10.1016/j.mcpdig.2023.07.007 459
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TABLE 1. Characteristics of the Study Populationa,b

Characteristic
COVID-19

ePositive (n¼40)
COVID-19eNegative

(n¼2170)
Overall

(N¼2210) P

Sex .46
Female 17 (42.5) 1050 (48.4) 1067 (48.3)
Male 23 (57.5) 1120 (51.6) 1143 (51.7)

Race <.001

Asian 24 (60.0) 164 (7.6) 188 (8.5)
Black/African
American

2 (5.0) 92 (4.2) 94 (4.3)

White 11 (27.5) 1738 (80.1) 1749 (79.1)
Other 3 (7.5) 176 (8.1) 179 (8.1)

Previous
COVID-19c

.89

Yes 3 (7.5) 150 (6.9) 153 (6.9)
No 37 (92.5) 2017 (93.1) 2054 (93.1)

Reason for
PCR testd

<.001

Inpatient
procedure

18 (46.2) 522 (24.1) 540 (24.5)

Outpatient
procedure

7 (17.9) 1254 (57.9) 1261 (57.2)

Clinic visit 14 (35.9) 271 (12.5) 285 (12.9)
Other 0 (0.0) 117 (5.4) 117 (5.3)

aAbbreviation: PCR, polymerase chain reaction
bData reported as No. (%).
cThree COVID-19enegative patients were missing prior COVID-19 histories.
dSeven patients were missing reason for PCR test (1 COVID-19epositive, 6 COVID-
19enegative). Other reasons for PCR testing included contact with or suspected exposure to
COVID-19einfected persons, patient choice, travel requirement, participation in other research
studies, dental procedures, and screening before clinical tests or therapies.

TABLE 2. Patient Enrollment Sites (N¼2210)

Site
n (%)
enrolled

Mayo Clinic, Rochester, Minnesota 864 (39.1)

Mayo Clinic, Jacksonville, Florida 609 (27.6)

Mayo Clinic, Phoenix, Arizona 203 (9.2)

Imperial College, London, United
Kingdom

201 (9.1)

Sri Jayadeva, Karnataka, India 192 (8.7)

Hospital General Universitario Gregorio
Marañon, Madrid, Spain

140 (6.3)

Hackensack University Medical Center,
Hackensack, New Jersey

1 (<0.1)

Henry Ford Hospital, Detroit, Michigana 0 (0.0)

Louisiana State University Health,
Shreveport, Louisianaa

0 (0.0)

aStudy was stopped before enrollment of the first patient at
these participating sites.
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and discrimination of the model
(Supplemental Figure 4, available online at
https://www.mcpdigitalhealth.org/), the differ-
ences noted may be entirely due to chance.

DISCUSSION
In this study, we found that a POC AI-ECG
was unable to effectively identify patients
with asymptomatic SARS-CoV-2 infection.
We hypothesized that the AI-ECG might
detect SARS-CoV-2 infection because (1) the
virus binds to angiotensin-converting enzyme
2 receptors, which are richly distributed in
multiple cardiac cell types38-40; (2) animal
data and human reports indicate the virus
may enter myocytes and that ECG changes
are associated with coronavirus infection32-34;
(3) troponin levels have been elevated in hu-
man infection consistent with myocardial
injury38; and (4) a retrospective global study
found a signal in the AI-ECG’s ability to detect
Mayo Clin Proc Digital Health n December 2
infection (AUC, 0.78).24 The absence of any
predictive power in this study underscores
the importance of careful, prospective assess-
ment of AI tools and may have stemmed
from (1) the inclusion of ambulatory, often
asymptomatic patients as opposed to mostly
hospitalized patients in the previous retrospec-
tive study; (2) the use of a 6-lead portable
ECG rather than the standard clinical 12-lead
ECG used in the retrospective study; or (3)
other as yet to be determined factors. The
planned interim analysis after 25 COVID-
19epositive patients were identified showed
poor discrimination of the AI-ECG model,
and the study was subsequently closed to
enrollment.

Because the specific feature signals
detected by AI tools are not known, prospec-
tively assessing their generalizability remains
an important step, as the performance of these
AI tools may vary in different clinical set-
tings.41 Although a prior retrospective study
conducted by our team showed an AI-ECG
based on 12-lead ECG data was able to detect
symptomatic SARS-CoV-2 infection in patients
across 4 continents with an AUC of 0.78,24 it
remains unknown if the presence of symptoms
such as fever may have influenced the perfor-
mance of the AI-ECG model as ECG changes
are also known to occur with fever.42,43 The
023;1(4):455-466 n https://doi.org/10.1016/j.mcpdig.2023.07.007
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F1 score: 4.1
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FIGURE 3. Receiver operating characteristic curve for identification of SARS-CoV-2 infection among
study participants using point-of-care artificial intelligenceeenabled electrocardiography. AUC, area under
the curve.

ECG SCREENING FOR ASYMPTOMATIC COVID-19
AI-ECG prediction probabilities in the retro-
spective study were also higher among pa-
tients with moderate to severe symptoms and
those requiring hospitalization compared
with those with mild symptoms without any
activity limitation. Furthermore, it is possible
that some positive SARS-CoV-2 PCR test re-
sults were false positives or that very low levels
of RNA in noninfectious patients may have
persisted for months after a previous infection.
Thus, asymptomatic patients enrolled in this
study may have even lower AI prediction
probabilities that may not differ significantly
from patients with negative PCR test results.
Another important consideration is the
signal-to-noise ratio related to the potential
variability in ECG changes as it relates to dis-
ease severity. The extent to which SARS-CoV-
2 infection impacts the ECG may determine
the test sensitivity. Another potential
Mayo Clin Proc Digital Health n December 2023;1(4):455-466 n ht
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hypothesis is that asymptomatic patients diag-
nosed with COVID-19 may not have the same
extent of cardiac involvement (with resultant
ECG changes) seen in those with more severe
disease, rendering the AI-ECG insensitive to
detect a difference. Indeed, in the previous
retrospective study, the signal was stronger
for inpatients than outpatients.24

The form factor used to collect data for AI
analysis may also be important, and AI models
would need to specify requisite inputs for ex-
pected model performance in terms of sam-
pling rate, dynamic range, and number of
leads. The prior AI-ECG models for detection
of SARS-CoV-2 infection were based on a
12-lead ECG obtained in a supine or semisu-
pine position, whereas our study used
portable 30-second, 6-lead ECG recordings
limited only to the limb leads acquired in a
sitting position. Although some AI-ECG
tps://doi.org/10.1016/j.mcpdig.2023.07.007 461
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algorithms appear robust whether using a sin-
gle lead recorded with a portable device or a
standard 12-lead ECG, as with detection of
low ejection fraction,30 this cannot be
assumed for all AI-ECG algorithms, and the
different form factor may have affected
performance.

It is also possible that information useful
for SARS-CoV-2 detection might rely heavily
on the precordial leads, which were not
captured in this study, or signals may be
slightly altered by patient positioning. Prior
studies evaluating the performance of an AI
model (originally trained on 12-lead ECG
data) using ECG obtained with a portable
smart stethoscope to detect low ejection frac-
tion focused on precordial and chest ECG
leads (V2 and V5, respectively), with lead V2
reporting the highest AUC in both studies.29,30

Although these studies aimed to identify low
ejection fraction, it is possible that the deep
learning model architecture gleans more useful
diagnostic information from the precordial
leads, which are missing from portable 6-
lead recordings (limb leads only). In clinical
practice, the location of the leads may not mat-
ter for certain conditions, such as atrial fibril-
lation, in which the abnormal ECG findings
can be visualized in all leads regardless of po-
sition. Alternatively, in cases of myocardial
ischemia, ECG changes may be concealed in
the limb leads but not in the precordial leads,
as seen with anterior ischemia,44 occlusion of
the right coronary artery or left circumflex cor-
onary artery, and posterior wall ischemia,
where supplemental leads are often
required,45,46 or in the presence of a bundle
branch block or ventricular pacing.47 Future
studies would be needed to evaluate the accu-
racy of the AI-ECG (using either limb or pre-
cordial leads alone or in combination) for
the detection of COVID-19 disease and overt
COVID-19erelated myocarditis, which may
also inform its potential utility for detection
of other inflammatory or infiltrative
cardiomyopathies.

Given the growing field of AI in medicine,
particularly for disease detection, there has
been an exponential increase in the number
of studies evaluating AI as a tool to help
curb the COVID-19 pandemic,48,49 for sur-
veillance, screening, drug discovery, and vac-
cine development.50 Several studies have
Mayo Clin Proc Digital Health n December 2
evaluated different AI models for SARS-CoV-
2 detection as potential screening tools, using
chest radiography,51,52 computed tomogra-
phy,53-55 clinical variables,56-58 lung ultraso-
nography,59 saliva,60 breath analysis,61 audio
recordings,62-64 biometric monitoring, and
sensor technology.65-67 Some concerns have
been raised about the clinical utility of some
imaging-based machine learning models for
detecting COVID-19, including methodologic
flaws, bias in data sets, and insufficient detail
in reporting, limiting the reproducibility of re-
sults.68 Many of these methods may also be
unsuitable for large-scale screening purposes
as imaging modalities such as radiography,
computed tomography, or ultrasonography
are mostly limited to clinical settings, are
expensive (relative to nasal swab testing),
and come with the potential risk for ionizing
radiation, even in low doses. In addition, the
use of clinical variables poses a risk for pro-
tected health information data breach, while
saliva and breath analysis may pose an infec-
tious risk owing to inadvertent contact with
body fluids or respiratory droplets. Other mo-
dalities, such as audio recordings and biomet-
ric monitoring or sensor technology, are
attractive options for mass screening, as is
our proposed portable ECG device. What re-
mains unknown is if these methods have
been sufficiently validated in prospective
studies and whether the infrastructure
required to scale these technologies for mass
screening is available.

While our study failed to demonstrate the
ability of a POC AI-ECG to screen for asymp-
tomatic SARS-CoV-2 infection, potential next
steps to further explore its use for screening
purposes include retraining the existing 12-
lead ECG models to use data from limb leads
only, prospective acquisition of a larger num-
ber of POC AI-ECG data from patients with
confirmed COVID-19 disease, and potential
data augmentation with adversarial networks
to increase the training examples needed for
model development and refinement.

CONCLUSION
A POC AI-ECG failed to reliably identify
SARS-CoV-2 infection among asymptomatic
adults undergoing testing before a procedure
or other hospital encounter. Our results un-
derscore the need to carefully assess AI tools
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developed in unique patient populations
before generalizing these tools to broad or
distinct populations. They also highlight the
importance of rigorous prospective validation
of AI-ECG tools in diverse (demographic and
disease-related) patient cohorts and across in-
stitutions and ECG devices (owing to preprog-
rammed variations in sampling frequencies,
signal processing, and filtering procedures)
before implementation. Thus, while AI is
poised to transform medical practice, further
studies on biological plausibility and clinical
deployment are needed.
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