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Aims Atrial fibrillation (AF) is a major cause of morbidity and mortality. Current guidelines support performing electrocar-
diogram (ECG) screenings to spot AF in high-risk patients. The purpose of this study was to validate a new algorithm
aimed to identify AF in patients measured with a recent FDA-cleared contact-free optical device.

...................................................................................................................................................................................................
Methods
and results

Study participants were measured simultaneously using two devices: a contact-free optical system that measures
chest motion vibrations (investigational device, ‘Gili’) and a standard reference bed-side ECG monitor
(MindrayVR ). Each reference ECG was evaluated by two board certified cardiologists that defined each trace as:
regular rhythm, AF, other irregular rhythm or indecipherable/missing. A total of 3582, 30-s intervals, pertaining
to 444 patients (41.9% with a history of AF) were made available for analysis. Distribution of patients with active
AF, other irregular rhythm, and regular rhythm was 16.9%, 29.5%, and 53.6% respectively. Following application
of cross-validated machine learning approach, the observed sensitivity and specificity were 0.92 [95% confidence
interval (CI): 0.91–0.93] and 0.96 (95% CI: 0.95–0.96), respectively.

...................................................................................................................................................................................................
Conclusion This study demonstrates for the first time the efficacy of a contact-free optical device for detecting AF.
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Introduction

The prevalence of atrial fibrillation (AF) is increasing and is expected
to double by 2050.1 The cost of care for AF is expected to be around
2% of total healthcare expenditure in high-income countries.2

Diagnosing AF is of paramount importance since anticoagulation has
been shown to reduce the incidence of stroke by up to 65%.3,4 In
patients presenting with ischaemic stroke, about 10% will be diag-
nosed with AF for the first time.5 The current European Society of
Cardiology recommends screening by opportunistic pulse palpation
or electrocardiogram (ECG) in all patients >_65 years when in contact
with health service.6 It was shown to be cost effective in this age
group.7 The existing gold standard for arrhythmia diagnosis is the
ECG, done and interpreted by a trained medical professional.

Currently, there are several self-monitoring devices that can
detect cardiac arrhythmia including AF; however, they all require

contact and may result in discomfort to the user thereby limiting
their use. Repetitive screening has been showed to increase the
sensitivity of AF detection—the Swedish STROKESTOP Study8

screened 7173 participants aged 75–76 years from the general
population with a single-lead ECG and found that 0.5% had previ-
ously undiagnosed AF and up to 3% if repeated ECGs are per-
formed in a 2-week period. Recently, this same study showed a
positive net clinical benefit including stroke and bleeding suggest-
ing that is safe and beneficial.9 Another study suggested even
higher rate of undiagnosed AF to be higher, i.e. closer to 10%.10 In
patients with a recent stroke, extended screening for AF led to
higher rates of AF being discovered.11 Screening patients with
hypertension, led to a 10-fold increase in AF diagnosis and the
initiation of anticoagulant therapy.12

Clearly, patient adherence to monitoring protocols is key to
increasing the chances for identifying episodes of AF. In addition,
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..making the screening process easier has been shown to be associated
with higher usage.13

In this sense, contact-free measurement solutions offer simplified
and non-intrusive user-experience, potentially enhancing long-term
adherence to screening protocols. Such contact-free screening tools
may also be of particular interest amid the recent COVID-19
pandemic.

The purpose of this study was to validate a new algorithm aimed
to identify AF in patients measured with a recent FDA-cleared con-
tact-free optical device.

Methods

Ethics and study population
Patients presenting to the cardiology ward and/or outpatient clinics at the
Tel Aviv Sourasky Medical Center for various indications were prospect-
ively recruited to this study (IRB approvals # TLV-0168-19, TLV-0438-
18, and TLV-0692-20). All study subjects provided written informed con-
sent before their participation. For all subjects, the following information
was recorded: demographics, height, weight, medical history, concomi-
tant medications and components of the CHA2DS2-VASc (congestive
heart failure, hypertension, age, diabetes mellitus, previous stroke, vascu-
lar disease, and sex category) score.3 Assignment of patients into active
arrhythmia/control groups were based on blinded analysis of their re-
spective ECG traces as recorded during study procedure (see below).

Study devices
Study participants were measured simultaneously using two devices: (i)
Gili Pro BioSensor (investigational device, ‘Gili’) and (ii) a standard refer-
ence bed-side monitor, inclusive of a 6-lead ECG (MindrayVR

BenevisionTM N1 or SomnomedicsVR SOMNOtouchTM NIBP). The Gili
device is an FDA-cleared, contact-free optical system consisting of an op-
tical sensing unit controlled by a tablet. The device consists of an illumi-
nating light source (Class 1, eye safe laser), digital image sensor, range
meter, and firmware to facilitate data processing (Figure 1). The system
functions on the principle that subtle movements of a given surface (e.g.
the thoracic wall) are recognized when illuminated via the light source

while the device simultaneously captures the back reflected light pattern
via the image sensor. Temporal changes in the reflected light pattern
(known as speckle pattern) are coupled with the motions of the illumi-
nated surface, which are affected by heart and breathing motions.
Analysis of these motion-coupled light patterns enables correlation of
these motions with different physiological manifests (e.g. seismo/phono-
cardiography) of which specific vital signs, like heart and respiratory rates,
may be derived.14–17 The device is placed on a rigid surface in front of the
inspected subject and captures only motion-vibration data, without any
physical contact. No full-scale images of the inspected subject are taken
at any time via the Gili device, essentially maintaining the subject’s privacy.
The device has been validated on, and capable of measuring patients with
different BMIs, chest shapes, skin pigmentation, and multiple clothing
layers17 and is cleared for use in different ambient lighting conditions for
spot-measurement of heart rate and respiratory rate (FDA authorization
# DEN200038). Of note—the Gili device is intended for spot-
measurement purposes only, on a patient compliant with the measure-
ment procedure, and not for continuous measurement of physiological
data.

Study endpoints
The two co-primary endpoints of this study were sensitivity and specifi-
city, i.e. estimates of the Gili AF algorithm to correctly detect or rule out
AF compared to standard cardiologist overread ECG (CORE), with point
estimates of at least 0.9 each endpoint separately.

Procedure and test methods
Following signing of informed consent, patients were asked to sit calmly
either in a chair in front of a table on which the Gili device was placed, or
in a bed with the backrest raised in front of a cardiac table on which the
device was positioned. For comparative reference measurements, ECG
electrodes were placed on the patient’s chest according to the manufac-
turer’s guidelines. The Gili and reference devices were prompted to take
a synchronized measurement session of up to 5 min. During this time,
patients were asked to remain still and refrain from talking. Following
completion, data were exported from both devices for offline compari-
sons. Representative comparative signals derived from the ECG, Gili, and
photoplethysmogram (PPG) are depicted in Figure 2.

Figure 1 Gili Pro BioSensor. (A) Gili sensing unit. (B) Measurement setup.
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Annotation of reference data
All analyses were based on 30-s measured intervals, similar to other mar-
keted spot-measurement devices e.g. the AliveCorVR KardiaMobile ECG
device.18 Verification of reference ECG waveform data quality was done
via manual inspection by two board certified cardiologists blinded to each
other. Main criteria for verifying waveform validity was based on confirm-
ing the absence of: low-quality signals/artifacts/missing data. In order for
an interval to be considered valid, both cardiologists were to agree as to
the validity of each interval. In case either cardiologist deemed an interval
as non-valid, it was excluded from further downstream analysis. Intervals
with an active pacemaker rhythm were also excluded as they could bias
the results obtained via downstream analyses. For intervals that were
deemed valid by both cardiologists, in case their interpretation was not
precisely agreed upon, a third cardiologist was sought and a decision was
made based on the majority rule. Ultimately, ECG traces were annotated
via one of the following options: (i) regular rhythm (normal rhythm), (ii)
AF, (iii) other irregular rhythm [i.e. ventricular premature beat, atrial pre-
mature beat (APC), sinus arrhythmia, 2nd/3rd degree atrio-ventricular
(AV) block], and (iv) indecipherable (low quality, artefacts, missing, etc.).

Development and evaluation of the Gili AF

algorithm’s diagnostic accuracy
Algorithm development was conducted on the basis of a classifier that pro-
vides an output on a scale of zero (0) to one (1), essentially representing
the likelihood that the measured interval is deemed to be a case (i.e. close
to 1) or a control (i.e. close to 0). As such, a borderline score close to 0.5 is
deemed inconclusive and is thus omitted from being displayed as part of
the device’s outputs. Above-mentioned annotated data were used for algo-
training and validation purposes based on a cross-validation approach19–21

(see below). Algo-training was done to: (i) define a machine learning model
which includes parameters applied to a set of descriptors relating to period-
icity and time-frequency properties of the processed signal and (ii) specify
thresholds used to define the best cut-offs for discriminating between a
predicted case, control and inconclusive measurements with borderline
scores (i.e. to maximize the performance accuracy of the algorithm).

Cross-validation19–21 was used to estimate the preliminary accuracy of
the algorithm. Our implementation of cross-validation was based on the
‘leave one user out’ approach: we assume our training database contains

N users with one or multiple measurements each; the ‘leave one user
out’ process is repeated N times, with one iteration per every user; at
each iteration, all measurements from a specific user are to be used for
testing, while the data from the rest of N � 1 users is used to optimize
(train) the algorithm’s parameters. Eventually, the scores for all measure-
ments are computed based on an algorithm trained on data that did not
contain a single measurement of a tested user per each iteration. The
overall method sensitivity and specify were computed at all possible clas-
sification thresholds and were visualized via the receiver-operator charac-
teristics curve. Ultimately. the recommended classification threshold was
selected at the point of maximal balanced accuracy ([sensitivityþ specifi-
city]/2). Lastly, positive and negative predictive values (PPV and NPV)
were also estimated—once on the prevalence of AF within the studied
sample set, and second based on an expected AF prevalence of 10% in
the population aged >_65 years.10 Positive likelihood ratio (PLR) and nega-
tive likelihood ratio (NLR) were also estimated. The data underlying this
article will be shared on reasonable request to the corresponding author.

Covariate effects and additional statistical

considerations
Potential effects of covariates on device performance were assessed by
evaluating the impact of different covariates on the classification accuracy.
Specifically with respect to Gili, since the device measures motion-vibration
data, potential effects of conditions with acoustical manifestations and/or
manifestations on breathing patterns were also examined (i.e. presence of
valvular disorders and known respiratory conditions). For continuous and
non-binary covariates (age, height, weight, BMI, and CHA2DS2-VASc
score), the Kolmogorov–Smirnov test was applied; for all other binary
covariates, the Fisher’s exact test was applied. Descriptive statistics for
continuous variables are expressed as means and standards deviations if
normally distributed, or otherwise by medians with interquartile ranges.
Categorical variables were expressed using number of observations and
percentages. 95% confidence intervals (CIs) were constructed using a
1000 bootstrap resampling with replacement approach. Since there are
multiple measurement per each patient, the bootstrap resampling was
done as follows: (i) randomly pick a patient, (ii) randomly pick a measure-
ment for a selected patient, and (iii) repeat i–ii as the total number of

Figure 2 Comparative synchronized signals derived from electrocardiogram, Gili (investigational device), and photoplethysmogram for patients
with and without atrial fibrillation. The red dotted lines mark the R-waves on the electrocardiogram.
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..patients. A P-value of <0.05 was considered statistically significant. All
analyses were conducted using MATLAB (MathWorksVR ) release 2021b.

Results

Study population and distribution of
cardiac rhythms
A total of 558 patients were recruited. One hundred and fourteen
measured subjects were excluded due to the following reasons: 85
had pacemaker rhythm, 15 had non-valid or missing reference ECG
data, and 14 were missing valid Gili data. Ultimately, a final set com-
prising 444 patients (41.9% with a history of AF) encompassing 3582,
30-s intervals, was used for downstream analyses. Of the 3582 30-s
intervals, only 10 (0.3%) required a third cardiologist for determining
their final interpretation based on the majority rule. Of all evaluable
30-s intervals, prevalence of AF and other arrhythmias was 16.6%
and 15.5% (premature beats, etc.), respectively. Study flowchart is
depicted in Figure 3. Characteristics of the final set of analysed study
subjects are summarized in Table 1. Distribution of types of rhythms
present across all evaluable measurements is summarized in Table 2.

Diagnostic accuracy
Five percent of the measured segments were deemed inconclusive by
the algorithm, thus ensuing 95% of the segments with valid predictions
by the algorithm (which is comparable and even exceeds performances
reported for other marketed devices).22,23 Subsequently, the observed
sensitivity and specificity were 0.92 (95% CI: 0.91–0.93) and 0.96 (95%
CI: 0.95–0.96), respectively (Figure 4 and Table 3) accounting for a

balanced accuracy of 0.94. In all instances, the observed estimates of
PPVs and NPVs were at least 0.7 and 0.98, respectively (Table 3), which
are similar to those reported for other marketed devices.23,24 Lastly,
estimates of PLR and NLR were promising, with a minimum observed
PLR of 21 and a maximum observed NLR of 0.087 (Table 3), essentially
denoting a high probability of correctly identifying or refuting the pres-
ence of AF (respectively) based on device outputs.

Covariate effects
Covariate analysis (Table 4) revealed a significant difference/effect
with respect to the presence of other active arrhythmias on device
performance (P-value = 0.00101; constituting 15.5% of the measured
intervals). A more detailed assessment across specific types of
arrhythmias revealed that specifically multiple APCs are probably ac-
countable for this significant effect (P-values = 0.00731; constituting
3.5% of the measured intervals), whereas others do not. Lastly, al-
though a trend was identified with respect to effect of age on device
performance (P-values = 0.0861), this trend is most likely attributed
to the inherent age difference between patients presenting without
AF/other arrhythmias and those with active AF, with the latter being
higher at an average of 5 years compared to the former. No effects of
disease conditions with acoustical manifestations and/or potential
manifestations of breathing patterns on device performance were
observed.

Complementary analysis: potential
effects of inconclusive measurements
For completeness, to assess potential worse-case scenario, the diag-
nostic accuracy of the Gili AF algorithm was assessed once more,

Figure 3 Study flowchart.
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only this time without excluding the fraction (5%) of 30-s intervals,
which were deemed with inconclusive scores by the algorithm. In
this case, as expected, the observed diagnostic accuracy was
slightly impeded, with an estimated sensitivity and specificity of 0.9
(95% CI: 0.89–0.91) and 0.94 (95% CI: 0.93–0.95), but still met the
requirements set-forth via the co-primary endpoints (see
Supplementary material online, Table S1). No new significant cova-
riate effects were observed with respect to this broader sample
set (see Supplementary material online, Table S2).

Discussion

This study analysed a total of 444 subjects, 75 with active AF (of
which 91% had a previous history of AF) and 369 controls (a third of

which included intervals with other irregular rhythms). Overall, the
AF algorithm of the Gili device (an FDA-cleared contact-free optical
device) was able to detect AF with a 92% sensitivity and a 96% specifi-
city accounting for a diagnostic accuracy of 94% meeting the study’s
co-primary endpoints.

The performance of the algorithm was only affected by the
presence of other arrhythmias, with multiple premature beats
showing the most influential bias. Such a phenomenon is not un-
common and has been documented in other devices/mobile appli-
cations analysing non-ECG signals via algorithms relying on
properties of periodicity in the heart rhythm.25 In this sense, previ-
ous clinical investigations have identified a strong correlation be-
tween the presence of APCs and the risk for future AF
development.26 Analysis from the REGARDS study27,28 reported
an increased risk of 92% for future AF among patients with APCs.

................................... .......................................................

....................................................................................................................................................................................................................

Table 1 Characteristics of analysed study subjects (n 5 444)

Characteristics Total population

(n 5 444)

History of AF Active AF during measurement

Yes

(n 5 186)

No

(n 5 258)

Yes (n 5 75)

(68 with previous

AF history)

No

(n 5 369)

Age (years), mean (SD) 69 (13) 73 (10) 66 (14) 73 (10) 68 (13)

Gender (males), n (%) 291 (66%) 117 (63%) 174 (67%) 48 (64%) 243 (66%)

Gender (female), n (%) 153 (34%) 69 (37%) 84 (33%) 27 (36%) 126 (34%)

Height (cm), mean (SD) 168 (10) 168 (11) 168 (9) 168 (11) 168 (10)

Weight (kg), mean (SD) 80 (16) 79 (15) 80 (17) 79 (16) 80 (17)

BMI (kg/m2), mean (SD) 28 (6) 28 (5) 28 (6) 28 (5) 28 (6)

BMI >_30, n (%) 131 (30%) 53 (28%) 78 (30%) 23 (31%) 108 (29%)

Smoking, n (%) 67 (15%) 22 (12%) 45 (17%) 9 (12%) 58 (16%)

Risk factors

Heart failure, n (%) 354 (80%) 157 (84%) 197 (76%) 67 (89%) 287 (78%)

Hypertension, n (%) 256 (58%) 126 (68%) 130 (50%) 49 (65%) 207 (56%)

Diabetes, n (%) 148 (33%) 68 (37%) 80 (31%) 27 (36%) 121 (33%)

Stroke/TIA/thromboembolism, n (%) 39 (9%) 20 (11%) 19 (7%) 7 (9%) 32 (9%)

Vascular disease, n (%) 197 (44%) 81 (44%) 116 (45%) 31 (41%) 166 (45%)

CHA2DS2-VASc score, median (IQR) 4 (3–5) 4 (3–5) 4 (2–5) 4 (3–5) 4 (3–5)

CHA2DS2-VASc score >_2, n (%) 402 (91%) 180 (97%) 222 (86%) 75 (100%) 327 (89%)

Other medical conditions

Respiratory conditions (COPD, asthma, pulmonary

HTN, pulmonary embolism, lung cancer, etc.)

76 (17%) 40 (22%) 36 (14%) 16 (21%) 60 (16%)

Valvular disorders (any type; mild, moderate or severe) 210 (47%) 121 (65%) 89 (34%) 57 (76%) 153 (41%)

Medications

Anticoagulant, n (%) 191 (43%) 165 (89%) 26 (10%) 63 (84%) 128 (35%)

Antiplatelet, n (%) 229 (52%) 64 (34%) 165 (64%) 21 (28%) 208 (56%)

ACEi, n (%) 128 (29%) 47 (25%) 81 (31%) 16 (21%) 112 (30%)

ARB, n (%) 86 (19%) 46 (25%) 40 (16%) 17 (23%) 69 (19%)

CCB, n (%) 100 (23%) 50 (27%) 50 (19%) 20 (27%) 80 (22%)

Beta-blocker, n (%) 299 (67%) 153 (82%) 146 (57%) 67 (89%) 232 (63%)

Diuretic (any), n (%) 195 (44%) 114 (61%) 81 (31%) 52 (69%) 143 (39%)

Antiarrhythmic, n (%) 77 (17%) 72 (39%) 5 (2%) 24 (32%) 53 (14%)

ACEi, angiotensin-converting enzyme inhibitor; AF, atrial fibrillation; ARB, angiotensin receptor blocker; BMI, body mass index; CCB, calcium channel blocker; CHA2DS2-VASc,
congestive heart failure, hypertension, age, diabetes mellitus, previous stroke, vascular disease, and sex category; COPD, chronic obstructive pulmonary disease; HTN, hyper-
tension; IQR, interquartile range; SD, standard deviation; TIA, transient ischaemic attack.

110 B. Sadeh et al.
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In the appropriate clinical context, it might be worth to continue
screening these groups for AF and/or presence of multiple APCs.

When considering the short measurement duration required by
the device (30-s intervals), the diagnostic accuracy of Gili’s AF algo-
rithm is very much comparable to other marketed mobile applica-
tions and devices (assessing signals acquired via single-lead ECG,
PPG, or peripheral pulsations), that also commonly utilize short
measurement durations, or multiple measurements as means for
providing a single output.3,18,29–31 That said, it should be noted that
for detecting paroxysmal AF, longer measurement durations are pre-
ferred, in which continuous measurement devices are advantageous.

AF has been implicated in heart failure admissions,32 ischaemic
stroke,5 and death.33 Screening for AF has been recognized to im-
prove patient care and overall outcomes,4,34 ultimately leading to

reduction in healthcare expenditures, and as such has been incorpo-
rated as a recommendation in recent guidelines.6,8,35

Connected personal devices, such as wearables in the form of
watches, on-skin patches, chest belts, necklaces, etc., enable remote
monitoring of subjects for various vital signs. The advantage of using
mobile technologies to monitor and detect AF is well recog-
nized.3,12,31 Most of these are wearables that require close-contact
with the patient’s skin.36 The most well-recognized technology is
based on the measurement of single-lead ECG via smartwatches/
chest straps/patches. In recent years, attempts to use PPG technol-
ogy to identify AF have been sought, mainly via use of a device with
the classical light-emitting diode and a receiving photodiode, or via
use of smartphone cameras.37,38 Although results are promising, this
technology has two drawbacks: (i) those that require contact are
prone to bias by other factors such as skin colour, and motion arte-
facts, and (ii) those that operate remotely are also highly dependent
on ambient lighting conditions and temperature.39–41

However, such devices become redundant if patients or clinicians
are reluctant to use them for various reasons (discomfort, known al-
lergic reactions/irritations to ECG patches, technological limitations,
etc.).42 Such acceptance issues are becoming increasingly important if
one seeks to increase screening rates to diagnose AF, which is com-
monly a paroxysmal medical condition. In this sense, a recent review
across 31 studies showed that >60% of elderly people were inter-
ested in using connected devices, but also stressed the need to con-
sider human-factors associated challenges so to increase long-term
acceptance rate.43 Contact-free and accurate monitoring solutions
will most probably serve to ameliorate a lot of caveats associated
with wearable devices, thereby potentially advancing adoption and
patient adherence, not to mention ameliorating the risk for nosoco-
mial infections contracted at the in-clinic setting. In future context,
such systems may even be incorporated into personal computers,
televisions, etc.

In recent years, amid the COVID-19 pandemic, contact-free
medical data acquisition has transformed from a nice-to-have
technology to a must-have technology, especially outside the
clinical setting. Although the Gili Pro device is limited with

.................................................................................................

Table 2 Distribution of types of rhythms evident
across the 30-s intervals acquired during study measure-
ments (n 5 3582)

Type of rhythm # of segments % of segments

Normal rhythm 2433 67.9

APC (<4) 130 15.5

APC—multiple (>_4) 126

VPC (<4) 153

VPC—multiple (>_4) 69

2nd/3rd degree AV block 2

Sinus arrhythmia 76

Atrial fibrillation 593 16.6

Total 3582 100

Number of occurrences per 30-s intervals.
APC, atrial premature beat; AV, atrio-ventricular; VPC, ventricular premature
beat.

Figure 4 Receiver-operator characteristics curve depicting po-
tential performance of the Gili atrial fibrillation algorithm when
compared to cardiologist over-read electrocardiogram.

.................................................................................................

Table 3 Diagnostic accuracy of the Gili atrial fibrilla-
tion algorithm when compared to cardiologist overread
electrocardiogram

Variable Point estimates [95% CI]

Sensitivity 0.92 [0.91, 0.93]

Specificity 0.96 [0.95, 0.96]

PPVSample 0.81 [0.79, 0.82]

NPVSample 0.98 [0.98, 0.99]

PPV10% 0.7 [0.69, 0.72]

NPV10% 0.99 [0.99, 0.99]

PLR 21 [18, 25]

NLR 0.087 [0.078, 0.098]

Sample: based on prevalence from study sample set; 10%: Based on expected
prevalence of 10% (9).
CI, confidence interval; NLR: negative likelihood ratio; NPV, negative predictive
value; PLR, positive likelihood ratio; PPV, positive predictive value.
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respect to its usefulness at the in-patient setting (where other estab-
lished methods are more readily available), with proper usability ad-
justments (currently being deployed in a future model of the device),
such a device can be incorporated into current telemedicine/remote
patient care services for use on or even by patients at risk or with
confirmed arrhythmias for periodic measurements. Screening for ar-
rhythmia as part of the daily vital signs measurement already done by
patients (part of which the Gili Pro can also identify) could serve as

means for preventing future exacerbations and hospitalizations, es-
pecially among high-risk patients.
Although this study includes a large and diverse cohort of patients,

it has four main limitations: (i) The number of patients with active AF
made available for this study was relatively small compared to the
control set. (ii) The performance of the AF algorithm was based
on a cross-validation approach, which, although recognized as a valid
method for validating algorithmic performance, is not considered
routinely acceptable for true clinical validation purposes. Owing to
the above, a follow-up clinical validation study on a new and blinded
cohort of patients is mandated to re-validate this study’s outcomes.
(iii) The Gili Pro device in its current form is intended for spot-
measurement by a professional and thus requires the patient to sit
still, similar to other contemporary cardiovascular screening tools
(12-lead ECG, impedance cardiography, etc.). (4) The Gili Pro device
requires the patient to comply with themeasurement procedure and
as such its duration is short (30 s). Future models will enable passive
screening while watching television or working on a computer.
In conclusion, this is the first study to report the ability of a

contact-free optical system, Gili Pro BioSensor, to identify AF with
a high degree of accuracy (Graphical Abstract).
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