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Out-of-hospital cardiac arrest is a time-sensitive emergency that requires prompt
identification and intervention: sudden, unwitnessed cardiac arrest is nearly
unsurvivable' . A cardinal sign of cardiac arrest is sudden loss of pulse*. Automated
biosensor detection of unwitnessed cardiac arrest, and dispatch of medical
assistance, may improve survivability given the substantial prognostic role of time>>,
butonly if the false-positive burden on public emergency medical systems is
minimized®”. Here we show that a multimodal, machine learning-based algorithm
onasmartwatch can reach performance thresholds making it deployable at
asocietal scale. First, using photoplethysmography, we show that wearable
photoplethysmography measurements of peripheral pulselessness (induced through
anarterial occlusion model) manifest similarly to pulselessness caused by acommon
cardiac arrest arrhythmia, ventricular fibrillation. On the basis of the similarity of the

photoplethysmography signal (from ventricular fibrillation or arterial occlusion),
we developed and validated a loss of pulse detection algorithm using data from
peripheral pulselessness and free-living conditions. Following its development,
we evaluated the end-to-end algorithm prospectively: there was 1 unintentional
emergency call per 21.67 user-years across two prospective studies; the sensitivity
was 67.23% (95% confidence interval of 64.32% to 70.05%) in a prospective arterial
occlusion cardiac arrest simulation model. These results indicate an opportunity,
deployable at scale, for wearable-based detection of sudden loss of pulse while
minimizing societal costs of excess false detections’.

Unanticipated loss of pulse events arising from cardiac arrest are univer-
sally understood to be time-sensitive emergencies requiring immediate
intervention, most commonly cardiopulmonary resuscitation (CPR)
and defibrillation'?. Early recognitionis the cornerstone of successful
resuscitation, in large measure owing to the enormous prognostic
role of time*®. From the onset of pulselessness, a time-sensitive patho-
physiology begins whereby the heart and brain become increasingly
ischaemic and refractory to resuscitation’; survival decreases by 7-10%
per minute without rescuer care'®.

As direct acknowledgement of this time-sensitive relationship,
modern societies allocate substantial resources to minimize the
time from when someone loses their pulse to receiving resuscita-
tion™. This societal recognition has led to widespread CPR training
programmes for non-medically trained individuals (that is, laypeo-
ple) to recognize, treat and call for emergency medical assistance in

potential arrest situations'>. Moreover, in recognition of the direct
relationship between time to resuscitation and favourable outcomes,
strategic programmes leverage automated external defibrillators
to provide early defibrillation through first responders (that is, law
enforcement and emergency medical technicians) or public access
defibrillation programmes whereby automated external defibril-
lators are placed in public spaces, workplaces, schools and mass
transit centres® ™,

The inherent effectiveness of these rescue strategies depends on
their timeliness; thus, they rely in large part on whether the event is
witnessed and the witness immediately activates emergency response
and engagesincare. Too often, the arrestis unwitnessed and/or not rec-
ognized by the layperson. Approximately 50-75% of all out-of-hospital
cardiac arrests (OHCAs) are unwitnessed and as a result have higher
mortality'®”. Moreover, among individuals experiencing unwitnessed
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cardiacarrests, more than halfreceive no attempted resuscitation at all
owing to delayed discovery and a determination of futility'®*,

We propose that the fundamental challenge of witness status may
be meaningfully addressable given the past decade’s proliferation of
wearable devices capable of sensing pulseless events and, because
of their connectivity, summoning help or activating an emergency
response*?°22, Wearable devices capable of detecting time-sensitive
emergencies offer the potential to substantially improve public health
outcomes. However, the widespread adoption of wearable devices
presents a unique challenge: the potential to overwhelm emergency
response systems. Directly connecting devices and algorithmic clas-
sifications to 112 or 911 dispatch centres creates a risk of inundating
these critical public resources with false alarms®. Therefore, respon-
sible development and deployment of these devices requires careful
consideration of resource stewardship. This involves making design
choices that directly minimize false positives. These considerations are
magnified for always-on systems that utilize wrist-based photoplethys-
mography (PPG), asignal thatis susceptible to noise and reductionsin
amplitude from benign, everyday use activities®.

Informed by these constraints and the considerable public health
unmet need of unwitnessed arrest, we reasoned that awearable-based
PPG- and motion-based, multimodal model could classify loss of pulse
events with meaningful sensitivity and specificity, contextualized
for this specific challenge: unwitnessed loss of pulse events that are
nearly unsurvivable and that excessive false positives (particularly
those escalating to a call or to dispatch of emergency medical services)
are not implementable from a societal perspective. By effectively
transforming unwitnessed cardiacarrestsinto functionally witnessed
events, suchasystem has the potential to substantially affect resuscita-
tion opportunities and outcomes, carrying substantial public health
implications. Annual OHCA incidence is approximately 350,000 indi-
vidualsin the USA (about 100 per 100,000 inhabitants), and survival
rates nationally are 10%, with substantial regional variability*. The
annual incidence and mortality of OHCA are similar in Europe, with
anincidence between 67 to170 per100,000 inhabitants and survival
rates averaging 8% (ref. 25), also with substantial regional variability
(upward of 40%)%.

Here we describe a multimodal, PPG- and motion-based detection
system that runs on a consumer watch that identifies sudden loss of
pulse events with acceptable performance at a societal scale. Figure 1
describes development of the system, consisting of’: establishing a link
between central pulselessness inindividuals experiencing ventricular
fibrillation (VF) and peripheral pulselessness induced by means of arte-
rial occlusion; loss of pulse model development and evaluation using
free-living data in which no pulseless events occurred and induced
peripheral pulselessness through arterial occlusion; implementation
oftheloss of pulse model on asmartwatch, under design control; vali-
dation of the end-to-end loss of pulse detection system in prospec-
tive studies: specificity evaluation in two prospective, real-world
false-positive evaluations over 21.6 user-years and sensitivity evalua-
tionwithinduced peripheral pulselessnessin 2 evaluations, including a
cohortthatis diverse onthebasis of geography, age, sex, race and skin
tone and a study consisting of stunt people simulating OHCA events
withinduced arterial occlusion and collapse. Table1shows asummary
of allcohorts of individuals who were enrolled under informed consent
(Institutional Review Board numbers 00068623,00071247,00077141,
00078212 and 00079675, Advarra (Columbia, Maryland)).

Algorithm principles of operation

The loss of pulse detection algorithm is built with three assumptions
that should apply to most, although perhaps not all, unanticipated
OHCA events. These assumptions are that: the transition from a pul-
satile to pulseless state is rapid (of the order of seconds)??, enabling
building analgorithmbased on this transition; individuals are generally
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Fig.1|Overview of the sequential development of the loss of pulse detection
algorithm and the validation of the end-to-end system. Establishing alink
between central pulselessness (from VF) and peripheral pulselessness (from an
arterial occlusion model) is necessary to enable algorithm development and
validation because a prospective study waiting for in-the-wild OHCAs to occur
isprohibitive. Peripheral arterial occlusionis achieved using a specialized
pneumatic tourniquet that nearly instantaneously restricts limb blood flow.

motionless after cardiac arrest and not capable of purposeful motion,
allowing for such purposeful motionto serve as anindicator of alikely
false positive and thus asignal to de-escalate; and individuals who are
standingat the time of cardiac arrest generally experience anunbraced
collapse, onthe basis of literature and review of public domain footage
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Table 1| Cohorts used in development and validation

Cohort Activity Numberof  Contains Description® Usage
enrolled loss of pulse
participants events?
Loss of pulse algorithm development stage
Clinical Electrophysiology 100 Yes Patients under cardiac electrophysiology care with Establish link between central and
reference laboratory previously scheduled implanted defibrillator function  peripheral pulselessness: central
(cohort A) testing wore a Pixel Watch configured to collect pulseless PPG waveforms from cohort
PPG and accelerometer sensor data at the wrist A were compared to peripheral
before, during and after induction of VF. Limitations pulseless waveforms from cohort B. This
that preclude direct model development on this comparison informed and validated the
dataset include: limited pulseless duration (seconds);  methodology to train and validate loss
population limited to individuals with previously of pulse detection models on peripheral
scheduled procedure; artefacts from proceduralist pulselessness induced by arterial
induction of VF and implanted defibrillator shock. occlusion.
Retrospective Still (motionless) 99 Yes Participants who wore a Pixel Watch configured Establish link between central and
sensitivity and simulated to collect PPG and accelerometer data simulated peripheral pulselessness: see above.
(cohort B) collapse everyday activities (lie supine, lie laterally, stand Model development: training, validation
upright or simulated collapse) while experiencing and held-out test sets on sensor data
arterial occlusion through specialized pneumatic that contained pulsatile and pulseless
tourniquet, which can reproducibly and nearly windows.
instantaneously occlude peripheral limb blood
flow. Sensor data were collected for 3.5min for
each activity, consisting of 1.5min before arterial
occlusion and 2 min after arterial occlusion.
Retrospective Free-living 948 No Participants wore a Pixel Watch configured to collect Model development: training, validation
specificity PPG and accelerometer data in free-living conditions.  and held-out test sets on sensor data
(cohort C) that contained pulsatile data.

Prospective validation of the loss of pulse detection system conducted under design control

Prospective  Free-living 220 No Participants wore a Pixel Watch configured to run Prospective model validation: specificity
specificity the loss of pulse detection software in free-living evaluation of the end-to-end software.
(cohort D) conditions. The population was Google employees,

necessitating additional validation in a more

representative population in cohort E.
Prospective  Still (motionless) 135 Yes Sensitivity component: participants wore a watch Prospective model validation: sensitivity
sensitivity running the software while performing everyday evaluation in diverse participants of the
(cohort E) activities in a laboratory setting (all participants end-to-end software.

experienced arterial occlusion while lying supine and

prone). Participants were pulsatile for 1.5min, and

arterial occlusion was induced and maintained for

2min. The ability of the end-to-end software to detect

sudden loss of pulse and place a call was quantified.
Prospective  Free-living 135 No Specificity component: participants wore a watch Prospective model validation: specificity
specificity running the loss of pulse detection software in evaluation in diverse participants of the
(cohort E) free-living conditions for up to 31 days. No loss of pulse end-to-end software.

events occurred in this component of the study.
Prospective  Still (motionless) 21 Yes Stunt people who were trained to replicate collapses  Prospective model validation: sensitivity
sensitivityin ~ and simulated associated with OHCA wore a watch running the loss  evaluation in diverse participants of the
stunt people collapse of pulse detection software in a laboratory setting. end-to-end software.
(cohort F) These participants experienced the same protocol

as the sensitivity component of cohort E and also
experienced sudden arterial occlusion followed by
collapsing motion.

2Additional cohort details are provided in Supplementary Table 2.

of in-the-wild cardiac arrests®. This last assumption does not result
in building for a specific fall motion signature, as such motion may
be heterogeneous, but it does assume that the motion from loss of
consciousness to stillness, on average, will be efficient (that is, froma
motion state to a motionless state in seconds)® 3!

Given those assumptions, the loss of pulse detection algorithm
consists of stages of digital signal processing and machine learning
that run passively in the background on a smartwatch. The system
is built using several algorithmic gates that must be passed before a
pulseless classification occurs and includes both passive, always-on
components and active components that are triggered if earlier gates
are passed. This multi-gated system is designed to optimize specific-
ity and sensitivity for rare events, while minimizing societal costs of
excess false detections; maintain battery performance; and leverage
multiple wavelengths of light and currentintensities on the basis of the
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algorithmic stage (Fig. 2). Additional algorithm details are provided
in the Methods.

Pulseless arterial occlusion mimics VF

Giventheinability to follow arepresentative population prospectively
while waiting for OHCA events to occur, our initial experiments were
performedinanelectrophysiology laboratory. In the electrophysiology
laboratory, certain patients can experience anticipated, transient VF,
under medical supervision, to test their previously implanted cardio-
verter defibrillator (ICD; details in Methods). We enrolled 100 partici-
pants (all previously scheduled to have this procedure), of whom 90
had usable PPG sensor datalogged from a wearable smartwatch while
they experienced transient pulselessness from VF. Ten participants did
not have analysable data: investigational device failures occurred for
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Fig.2|Overview of the loss of pulse detectionalgorithm. a, Timeline shows
the detection sequence that culminatesina callto emergency services. The
algorithm consists of twoinitial phases that identify potential pulsatile-to-
pulselesstransitions. These are followed by user-facing alerts that consist

of haptics, audio and visual notifications thatinvite userinteraction. If the
user is persistently unresponsive, acallis placed to emergency services.

five participants; VF was not successfully induced in four participants;
and anartefact from anautomatedblood pressure cuffthat inflated at
the time of VF was present for one participant (Supplementary Table 2).

We found that optical PPG sensing from a wrist-worn wearable
could measure the transition from pulsatility to pulselessness due to
VF (Fig.3). We also observed that the pulseless PPG signature of VF did
not differ from the pulseless PPG signature from pulselessness due to
peripheral arterial occlusion (Fig. 3¢,d). Specifically, the power spec-
tral distributions of VF pulselessness and locally induced peripheral
pulselessness were not statistically different (Fig. 3e; P= 0.985, Mann-
Whitney U-test) at frequencies corresponding to typical pulse rates,
40t0220 beats per minute (BPM). The 40-220-BPM analysis window,
required to analyse the power spectral distributions, was chosen to
be sufficiently wide to capture the heterogeneity of pulse rates, while
excluding frequencies associated with respiration (below 40 BPM) that
couldresultinmotion artefactsresultingin spurious HR readings and
thusincrease the chance for false negatives.

Across 92 instances of central pulselessness arising from induced
VF in the 90 participantsin cohort A, the maximum power during the

De-escalate if the user is responsive

algo, algorithm. b, Design mocks show the user-facing stages, including the
de-escalation flow thatisinvoked by responsive users. ¢, Technical details
oftheloss of pulse detection algorithm are shownwith adescription of data
processing for the PPG and accelerometer sensors. DSP, digital signal processing;
ML, machinelearning.

pulseless window had a median of 65.8 dB (interquartile range (IQR)
0f 45.0-76.0 dB); the mean was 59.8 dB (95% confidence interval (CI)
of 54.8-64.7 dB). The maximum power across 108 sessions in which
peripheral pulselessness wasinduced in supineindividualsinthe train-
ing and validation splits of cohort B, who were in the same posture asthe
participantsincohort A, had amedian of 64.5 dB (IQR 0f 46.5-76.6 dB);
the mean was 60.2 dB (95% Cl of 56.2-64.2 dB). The observed median
noise floor in VF PPG pulselessness and induced peripheral pulseless-
ness had amedian of42.3 dB (IQR 0f 25.5-50.6 dB) and 44.3 dB (IQR of
24.8-56.9 dB), respectively.

Model development and validation

Model development

The foundational insight from the cardiac electrophysiology labo-
ratory, that locally induced peripheral pulselessness (by means of
sudden arterial occlusion) reproduces the essential characteristics
of central pulselessness from VF, enabled further model development
using the more scalable occlusion technique. We next developed a
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Fig.3|Arterial occlusion-induced peripheral pulselessness is similar to
central pulselessness from VF, asmeasured at the wrist using PPG. a, Central
pulselessness from VF induced inan electrophysiology laboratory is of short
duration (<10 s) and contains artefacts from shocking the heartinto and out
ofthe arrhythmia. a.u., arbitrary units. b, Peripheral pulselessness induced
through arterial occlusionis of longer duration (>60 s). ¢,d, Spectrograms of
the central (c) and peripheral pulselessness (d) windows are similar and show

loss of pulse detection algorithm with the training sets of wearable
sensor data collected from peripherally induced pulselessness with
47 participants (cohort B) and free-living data (495 participants,
cohort C). During model development, the model was run over the
validation sets of both cohorts to minimize risk of overfitting. Details
of these participants’ demographics are provided in Supplementary
Table 2. The model was developed by sweeping hyperparameters
(machine learning model characteristics such as learning rate) and
signal processing algorithm parameters (for example, alternating
current (a.c.) component percentage decrease, duration over which
a.c.component is calculated and stillness criteria). The model with
characteristics that were considered to generalize to real-world OHCAs
was locked. Thelocked algorithm was evaluated retrospectively on the
validation and held-out test sets of cohorts Band C (resultsin Supple-
mentary Table 3). After the retrospective validation on the held-out
sets, the algorithm was implemented on asmartwatch and evaluated
prospectively in pre-specified studies under design controlin cohorts
D-F. Notably, the prospective evaluations included all algorithmic
stages including those that could not be tested retrospectively: spe-
cifically, stages that require a custom PPG configuration or user input
(algorithm phase 3 and thereafter).

Prospective specificity validation
We conducted two prospective studies to evaluate the false detection
rate, defined as false algorithmic classification leading to asimulated
calltoemergency services. Inthese studies, conducted under informed
consent and design control, participants wore a watch in free-living
conditions. We quantified the number of false detections resultingin
anerrant call as well as the frequency of each user-facing algorithmic
gate being passed (Table 2). Details of participant demographics are
provided in Supplementary Table 2.

Inthe first study in cohort D, across 220 users in 13.92 user-years of
wear time, we observed 15 haptics check-in notifications, one haptics
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laboratory central
pulselessness (VF)
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the absence of pulsatility at typical pulse rates, 40-220 BPM. e, Thereis no
significant difference between the maximum power at these frequencies
during central pulselessness and peripheral pulselessness, as assessed by
comparing the medians across both groups (P=0.985, Mann-Whitney U-test,
two-sided). NS, not significant. The box plot shows the median, quartiles and
therange of the non-outlier data points, overlaid with allindividual data points.

and audio check-innotification, and zero errant calls (Clopper-Pearson
95% Cl of 0 to 0.26 calls per user-year).

We also conducted a second prospective study in cohort E across
three geographically diverse locations in the USA, enriched for older
populations and other demographic characteristics (Supplementary
Table2).Inthis cohort, we observed 16 haptics check-in notifications,
two haptics and audio check-in notifications, and one errant call, cor-
responding to a point estimate of 0.13 calls per user-year (Clopper-
Pearson 95% Cl of 0.00 to 0.72), or 1 call every 7.75 user-years.

Across all 7,914 user-days (21.67 user-years) inboth studies, there was
one errant call; the corresponding day-level specificity was 99.987%
(95% Cl0f 99.930% t0100.000%).

Prospective sensitivity validation

We finally evaluated the sensitivity of the sudden loss of pulse detection
system in a cardiac arrest simulation model, on the basis of the foun-
dational insight from the electrophysiology laboratory experiments
and subsequent model development. The primary outcome consisted
of quantifying the sensitivity of simulated calls to emergency services
following rapid arterial occlusion in a supine, prone and collapsing
motion condition (see Methods, cohorts Eand F). The evaluation cohort
was demographically diverse across age, sex, skin colour and race (Sup-
plementary Table 2).

The sensitivity in135 motionless (supine and prone) individuals was
72.46% (Clopper-Pearson 95% Cl of 69.11%to 75.63%; Table 2). We initially
planned for this cohort to simulate collapsing-type motion associated
with OHCA. Shortly after starting this aspect of the protocol, there was
concernthat participants, particularly those >60 years old, might not be
able to execute this motion faithfully® and be at risk for adverse events
related to the study procedure. Thus, both for participant safety and
toensure that valid datawere collected, after 31 participants had been
enrolledin the study, the sites and the sponsor met, and it was decided to
eliminate the simulated fall or go-to-ground study procedure fromthe



Table 2 | Key results from prospective validation

User-facing feature stage

Cohort Activity n Haptics notification

Haptics and audio notification Callplaced

Prospective  Free-living
specificity

(cohort D)

13.92 user-years®

0.93 per user-year (0.50-1.60)°

0.07 per user-year (0.00-0.40) 0.00 per user-year (0.00-0.26)

Prospective  Free-living
specificity

(cohort E)

7.75 user-years®

2.06 per user-year (118-3.35)

0.26 per user-year (0.03-0.93) 0.3 per user-year (0.00-0.72)

Prospective  Still (motionless) 748 sessions 72.86% (69.52-76.02)¢

sensitivity
(cohort E)

72.73% (69.38-75.89) 72.46% (69.11-75.63)

Prospective  Still (motionless) 126 sessions 68.25% (59.37-76.26)

68.25% (59.37-76.26) 68.25% (59.37-76.26)

sensitivity in
stunt people
(cohort F)

Simulated collapse 126 sessions 54.76% (45.65-63.64)

53.97% (44.86-62.88) 53.17% (44.08-62.12)

*The duration in cohort D includes only days on which each watch ran the loss of pulse detection software; thus, notification and call rates are conservative overestimates.

bFalse-positive unintentional calls per user-year presented with Clopper-Pearson 95% Cls derived from day-level specificity.

°The duration in cohort E includes only days on which each watch ran the loss of pulse detection software for greater than 10 h; thus, notification and call rates are conservative overestimates,
as events are counted in the numerator even if they did not occur on a day with greater than 10h of use.

9Session-level sensitivity presented with Clopper-Pearson 95% Cl.

protocol, which was under design control. Blinding was preserved and,
not wanting to exclude this aspect of evaluation, a separate prospec-
tive study with 21 professionally trained stunt people, capable of safely
simulating collapsing motion, was executed. We note this stunt person
cohort was similarly demographically diverse to the original cohort
(Supplementary Table 2). We found that these stunt people had a similar
sensitivity in motionless conditions (68.25%, Clopper—Pearson 95% CI
0f59.37%t076.26%) to those in the larger cohort and that the sensitivity
in the simulated collapse scenario was 53.17% (Clopper-Pearson 95%
Clof 44.08% to 62.12%). The relative ratio of sensitivities between the
simulated collapse and the motionless scenarios was 0.779 (bootstrap
95% Clof 0.560-1.012). We note that the first 31 participants were gener-
ally unable to comply with the simulated collapse protocol, reflected
in the sensitivity across 62 sessions of 30.65% (Clopper-Pearson 95%
Cl0f19.56-43.65%); data from these non-compliant sessions have still
beenincluded in our overall reported sensitivity.

Across all 1,062 sessions in the prospective validation studies in
cohorts EandF, the sensitivity was 67.23% (Clopper-Pearson 95% CI
0of 64.32%t070.05%). Details of performance across demographic strata
are provided in Supplementary Table 4. The algorithm had a latency
of approximately 57 s for a pulseless classification, followed by a20-s
countdown that culminated inasimulated call to emergency services.

Discussion

Inthis work, we reportawrist-worn, consumer wearable device capable
of detecting peripheral pulselessness with meaningful sensitivity (using
anarterial occlusion model) and high specificity in free-living contexts.
We also report that the PPG optical properties of VF pulselessness and
pulselessness from arterial occlusion are similar. This insightisimpor-
tant for building detection systems given the constraint that collection
of real-world OHCA events, through prospective studies, is prohibitive.
We also highlight that the end-to-end algorithm had no appreciable
difference in sensitivity across skin tone, sex or age strata, evidenced
by overlapping confidence intervals (Supplementary Table 4).
Successful resuscitation from loss of pulse events arising from
OHCA is possible but requires early recognition and coordinated,
rapid response. A critical measure of evidence from observational
and randomized studies of cardiac arrest resuscitation has established
the fundamental health services tenets for successful resuscitation.
The time-critical tenets, termed the links in the chain of survival,
include the time-dependent early activation of emergency care, early

CPR, early defibrillation, expert advanced life support and expert
post-resuscitation care®. The first link in the chain of survival is one
of the most important®, as recognition and activation are essential
to implement subsequent effective measures for resuscitation. Yet
this first link has been largely considered unmodifiable given the
assumption that a human witness is required. Passive, sensing-based
approaches to detect unwitnessed events challenge this paradigm.

Wearable-based detection of pulseless events using commonplace
technology could have a considerable impact on resuscitation out-
comes>*?3 particularly in unwitnessed (or unrecognized) settings
for which survival is low. Differences in survival between witnessed
and unwitnessed OHCA events is substantial, differing up to fourfold
in high-performing resuscitation systems®. Conceptually, if we con-
sider witness status as an intervention, the number needed to treat
(NNT) to save one life is quite favourable from a public health inter-
vention standpoint. To illustrate this point, consider the fourfold
example above, from Seattle, Washington; a witnessed arrest repre-
sented a 20% absolute risk reduction in mortality, translating to an
NNT of 5. For the approximately 50% of individuals who experience
unwitnessed OHCA that receive no attempted resuscitation (100%
mortality) because of futility, the NNT to save one life would probably
be lower.

Onereport* modelled the impact of biosensor detection on mortality
fromunwitnessed OHCA. The associated analyses, based on real-world
Vancouver, British Columbia, 2019-2020 OHCA registry data as abase
case, indicated that a biosensor that recognizes OHCA and contacts
emergency services, would enable up to 117 additional survivors to
hospital discharge per 1,000 OHCAs>. On the basis of the associated
real-world OHCA data from the Vancouver catchmentarea, abiosensor
with sensitivity ranging from 50% to 100% could have enabled an esti-
mated 456-1,196 additional individuals to survive over a2-year period>.

Despite the potential promise of a passive sensing approach on a
consumer device, any system deployed at scale must have adequate
specificity. OHCA represents arelatively rareindividualincident, and
an emergency medical response system could, in theory, be readily
overburdened by false-positive activations when deployed on amass
market device at populationscale. As aresult of thisunique attribute
of amass market device, prioritizing specificity over sensitivity was a
guiding principle of development of this system; higher sensitivity is
readily achievable but comes at a substantial cost of false activations.
Even with this approach, the epidemiological realities of positive
predictive value among low-incidence events remain. This concernis
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particularly acute when public resources such as emergency medical
system (EMS) agencies and dispatch are involved®. To help address
this concern, proactive communication with EMS agencies, ongo-
ing monitoring and design choices are needed to ensure that any
safety system is viable at scale and balances the competing goals to
save lives and preserve public resources. One notable example, fire
safety alarm systems, highlights how societies already make these
trade-offs with life-saving systems. These systems have low positive
predictive value (life-threatening fires are rare), and deaths aris-
ing from fires are 100 times less common compared to those from
OHCA (3,800 deaths compared to 356,000 deaths annually in the
USA, respectively)***, For cardiac arrest detection, design choices to
reduce publicresource strain may include algorithmic cool down peri-
ods for outliers (for example, due to repeated improper loose watch
wear), opt-instatus or potential call centre intermediaries before EMS
escalation. Unfortunately, addressing this issue by focusing system
use on high-risk individuals is not a solution: a well-described epide-
miological phenomenon highlights that most OHCA events arisein the
low-risk general population and that cardiac arrest is many individuals’
firstindication of underlying heart disease***. Truly high-risk indi-
viduals (with known advanced congestive heart failure and reduced
ejection fraction, a prior arrest or known genetic predisposition)
have other evidence-based pathways (for example, ICD placement,
medication management and serial monitoring) to mitigate mortality
risk from OHCA*®*, making consumer wearables less well suited for
these distinct cardiac populations requiring primary and secondary
prevention.

There are three limitations to this study. First, although the algo-
rithmwas developed toidentify sudden loss of pulse events, informed
by real pulseless arrhythmias (VF), and includes elements present in
actual out-of-hospital instances (absence of pulsatility, collapse and
motionlessness), our validation approach required simulated events
and may not capture the full heterogeneity of out-of-hospital pulseless
events and their presentations, which could affect the stability of our
estimates in real-world contexts.

Inthe electrophysiology laboratory experiments, central pulseless-
ness was present for only approximately 5-10 s owing to the automated
ICD shock, as intended. The loss of pulse algorithm was not trained
on these central pulseless events owing to the a priori design choice
to minimize false positives; requiring only 5-10 s of input would lead
to an extraordinarily high false-positive rate on a wrist-worn wear-
able device using PPG (hence the decision to train the model using
persistently pulseless datafrom anarterial occlusion-based method).
Arecentexample fromtheliterature highlights this consideration and
constraint. Inaproof-of-principle evaluation of a wrist-worn PPG-based
detectionsystemin people experiencingtransient circulatory arrest,
ref. 40 quantified specificity using intra-procedure pulsatile moments,
achievinga99.9% specificity at 1-minintervals. At first approximation,
this performance may seem clinically robust, but (as reported and
extrapolated outside the hospital) it would yield 338 false classifica-
tions per person annually*,

Second, we observed degraded performance in the walking to col-
lapsing portion of the stunt people protocol. We note this is, to some
degree, expected because motion is widely acknowledged to con-
taminate PPG measurements**?, especially given the reduced signal
quality of wrist PPG compared to measurement at the fingertip***.
The algorithm was explicitly designed to accommodate a diversity
of user motion before a transition to a pulseless and still state (that
is, the model was not trained explicitly on collapsing motion and was
built to accommodate both motion or stillness during the pulsatile
period). Although mitigating this by making the initial algorithm phases
more sensitive during high motion states is technically feasible, such a
mitigation would have a concomitant, material increase in false posi-
tives, which is not desired for a mass market device connected to an
emergency response system.
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Third, our system requires motionlessness during the period of
pulselessness given that the pathophysiology of central pulseless-
ness precludes purposeful motion. We note that such motionless-
ness is widely acknowledged after OHCA?’*'; we also acknowledge
that respiration (including agonal breathing*) and seizures (4.3% of
cardiac arrest events*®) can occur post-arrest. For respiration, the
wrist motion de-escalation thresholds were set so as to accommodate
potential post-arrest breathing motion. Regarding seizure motion,
the imprecise timing of seizure onset*** suggests that an unknown
but probably sizeable fraction may occur after a call to emergency
services has already been placed, on the basis of the latency of the
described system. Trying to accommodate for this relatively uncom-
mon scenario could have substantial impacts on false positives and
inappropriate EMS escalation.

These described limitations highlight the challenging design
trade-offs associated with development of a wrist-PPG-based detec-
tion system onamass market device. All of these trade-offs are balanced
against the status quo of unwitnessed arrest, whichis nearly unsurviv-
able, leading to our design choice to prioritize specificity. A cost of
high specificity, intended to make a system usable at a societal-level
scale, canbereduced sensitivity (forexample, our observed sensitivity
indicates that false negatives may occur approximately one-third of the
time). Addressing this considerationis paramount and requires ensur-
ing that users understand this possibility when opting into a system.
In addition, given that wearables enable data collection at massive
scale, there exist opportunities for algorithm refinement with more
real-world data, acompelling area for future research.

Finally, although this system was designed primarily to help address
the challenge of unwitnessed arrest eventsin the general population, a
wearable system may also credibly provide utility in witnessed arrests.
Inawitnessed event, the system could automatically alert emergency
services, helping bystanders recognize the nature of a collapse and
enable both bystanders and EMS to initiate care sooner.

Conclusions

We report the development and validation of a wearable-based auto-
mated loss of pulse detection system using a cardiac arrest simulation
model through arterial occlusionand free-living conditions. Validation
was enabled by the key insight that PPG measurements of pulseless-
ness due to VF and arterial occlusion are similar. Akey limitation of the
study involves the need for simulation-based cardiac arrest events,
highlighting the challenge inherent in building algorithms on con-
sumer devices for this use case and theimportance of further study in
real-world settings. Contextualized for the challenge of unwitnessed
OHCA and its near unsurvivability, the results indicate an opportunity
and new paradigm, deployable at scale, for passive cardiacarrest detec-
tion on consumer wearable devices.
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Methods

Principles of wrist-based PPG

Consumer wearable devices contain PPG sensors for health and well-
ness applications. Inthese systems, light-emitting diodes (LEDs) of the
watch sensor emit controlled pulses of light at different wavelengths
and capture the returned light using photodiodes. The emitted pho-
tons reflect off skin, tissue, bones and blood. An analogue front-end
controls the LEDs and converts the analogue current received by the
photodiodesinto adigital PPG signal. Changesin blood volume asso-
ciated with peripheral perfusion, due to contraction of the heart and
transmitted through the vasculature, enable measurement of pulsa-
tility in the PPG waveform. These devices, including the Pixel Watch
family, contain wrist-detection algorithms that produce PPG sensor
data only when a composite on-wrist detection sensor indicates that
the device is on a user’s wrist. This system can make a loss of pulse
classification only if the on-wrist detection algorithm confirms that
the device is on-wrist.

Loss of pulse detection algorithm details

The loss of pulse detection algorithm consists of multiple gates that
must be passed for pulselessness classification, including persistent
user unresponsiveness to audio, haptic and visual feedback. For ajus-
tification of the assumptions that are foundational to the algorithm
design, see the ‘Algorithm principles of operation’ section. At a high
level, these assumptions are that the transition from pulsatility to pulse-
lessness is rapid, of the order of seconds, and that individuals arein a
motionless state during pulselessness. The key steps of this algorithm
aredescribed below.

Overview of algorithm. Theinitial, passive algorithm identifies periods
with 90% drops in the PPG a.c. component over about 30 s and accel-
erometer stillness over 10 s using time domain analysis, after which a
convolutional neural network is run up to 9 times on 528 features that
arederived fromup to72 s of sensor data (consisting of 21 features com-
puted over 22 epochs of 5-s durationeach, and 3 features computed over
the entire receptive field and repeated across epochs, detailed in the
‘Algorithm phase 1’ section). Periods with high pulselessness probability
undergo additional DSP analysisin the time and frequency domains (low
autocorrelation and low signal-to-noise ratios in algorithm phases 2
and 3) to help ‘search for’ and thus confirm the absence of pulsatility
in up to seven PPG channels. The algorithm checks for unresponsive-
ness by prompting the user with caustic haptic and visual feedback
for up to 15 s while checking for stillness (user-facing alert stage 1).
The continued absence of detectable pulsatility, motionlessness and
non-responsiveness leads to an audible, haptic and visual prompt for
20 s (user-facing alert stage 2) that culminates in a call to emergency
services (user-facing alert stage 3).

Pre-processing and input signal quality verification. The first step of
the suddenloss of pulse detection algorithmisto ensure that the input
sensor data have adequate signal quality, are not saturated, and are
sampled atan appropriate frequency. As the PPG sensor is configuredin
reflectance mode, the number of backscattered and reflected photons
measured by the photodiodeis proportional to the number of emitted
photons (thatis, the LED current). The PPG sensor dataare normalized
by the LED current and undergo band-pass filtering to near-pulse fre-
quencies (about 0.5 to 4 Hz) to maximize the signal-to-noise ratio at
these frequencies. The algorithm uses this band-pass-filtered sensor
datain phaselofthe algorithm.

Algorithm phase 1. Thefirst phase of the algorithmidentifies possible
pulsatile-to-pulseless transitions through DSP and quantifies the prob-
ability of suddenloss of pulse through a convolutional neural network.
The signal processing algorithm is a gating algorithm that computes

the a.c. component of the band-pass-filtered PPG signal over 3 s and
identifies when the a.c. component drops by 90% or greater. Large a.c.
component drops accompanied by accelerometer stiliness over10 s
undergo additional investigation using machine learning.

The machine learning algorithm consists of a convolutional neural
network that processes features from sensor data (band-pass-filtered
PPG data and approximate accelerometer magnitude). The features
were engineered to require minimal computational power (linear
time complexity) and memory (constant space complexity) toenable
real-time computation on power-constrained wearables with minimal
battery life impact, while capturing the essential characteristics that
encode possibleloss of pulse events. Extended Data Figure 1shows the
key characteristics of the band-pass-filtered PPG current transfer ratio
during aloss of pulse event.

The 528 input features encode factors that change markedly between
the pulsatile period before asudden loss of pulse event and the pulse-
less period after, while minimizing the risk of overfitting to the central
transition region that may differ across heterogeneous sudden loss of
pulse events. The features input to the convolutional neural network
consist of standard descriptive statistics such as the variability of the
accelerometer sensor data (standard deviation and peak-to-peak),
approximate interbeat interval of the preprocessed PPG sensor data
(mean, median and standard deviation) and measures of signal fidelity
(frequency-domain signal and noise levels). These features are calcu-
lated across overlapping 5-s windows over the previous 72 swith astride
length of 2 s, omitting the central 13-21 s to avoid overfitting to the
transitionregionin Extended DataFig.1(thatis, the windows analysed
arefromthe prior1-6,3-8,5-10... seconds). Three of the features are
calculated across the entire receptive field (PPG and accelerometer
peak-to-peak and change in LED current) and are repeated across all
windows. The convolutional neural network consists of nine layers
(these consist of convolutions with rectified linear unit activations and
amaximum pooling step following every other convolutional layer),
along with afinal dense layer with sigmoid activation (Supplementary
Table 1). The machine learning model outputs a floating-point prob-
ability between 0 and 1, inclusive, that indicates the probability of a
sudden loss of pulse event. A classification of pulselessness requires
consecutive (7 of 9) and persistently high (above 0.88) machine learning
probabilities (3 model runs occur every 2 sforaperiod of 4 s, inclusive;
each model run has areceptive field of 64, 68 and 72 s) to proceed to
subsequent algorithm phases.

The machine learning model was trained on sudden loss of pulse
event data from cohort B. The session-level data were randomly
cropped with multiple, arbitrary start and stop times from each loss
of pulse session to prevent overfitting. Additional data augmenta-
tionstrategiesincluded the addition of random noise (Gaussian noise
with O mean and up to 150 units standard deviation), dataresampling,
stretch and squeeze transformations (up to £20%) and varied transition
period durations to further enable model generalizability. The model
was also trained on pulsatile free-living data from cohort C that were
cropped to the vicinity that passed the pre-machine learning, DSP
gating algorithm.

Algorithm phase 2. The second algorithm phase confirms that the
smartwatch sensor data are consistent with the physiological state
of pulselessness. This consists of verifying that the PPG signal at two
wavelengths (green and infrared) lacks pulsatility. The infrared PPG
may capture pulsatility more sensitively than the green PPG owing
to: increased skin penetration depth of infrared photons compared
to green photons, which reduces the impact of aggressors such as
excessive pressure on the watch face artificially reducing the green
PPG signal even when the user is pulsatile; less variation across users
with diverse skintones, in part owing to alower absorbance of the skin
pigment melanin at infrared wavelengths than at green wavelengths.
Infrared wavelengths have greater skin penetration depth thangreen



wavelengths owingto reduced optical scattering at higher wavelengths
(forexample, one mechanism of optical scattering is Rayleigh scatter-
ing, whichis proportional to wavelength to the negative fourth power;
inotherwords, Rayleigh scattering atinfrared wavelengths centred at
940 nmshould be about afactor of 10 lower than at green wavelengths
centred at 528 nm).

The absence of pulsatility in algorithm phase 2 is ascertained by
low signal-to-noise ratios at typical pulse rates (40-220 BPM) in the
frequency domain, along with low autocorrelationin the time domain
over10 sof PPG sensor data. The absence of pulsatility causes the algo-
rithmto proceed to phase 3.

Algorithm phase 3. The third algorithm phase attempts to confirm
whether the user is truly pulseless by checking for prolonged lack of
motion and the absence of pulsatility inadditional PPG channels. This
algorithm design was guided by the pathophysiology of central pulse-
less events, during which individuals become unconscious (and thus
do not show purposeful movement) and the limbs are no longer per-
fused (that is, no pulsatility in the PPG). To improve the specificity of
the algorithm and maximize the probability of detecting pulsatility if
present (especiallyin aggressor scenarios of reduced peripheral perfu-
sion, users withincreased skin pigmentation, loose wear or excessive
pressure on the watch face), this algorithm component activates a
custom PPG configuration that uses multiple combinations of LEDs and
photodiodes. The algorithm waits 2 s for the PPG signals to stabilize,
after which 10 s of data are acquired for analysis. In other words, this
algorithm phaseis ‘prospective’and adds 12 s of latency after the prior
two phases detect a potential sudden loss of pulse event.

The PPG sensor data from seven PPG channels, including the green
andinfrared channels from the prior phase and other PPG channels with
varied photodiode gain and LED current, undergo frequency-domain
signal-to-noise ratio and autocorrelation analysis asin the prior phase.
Inaddition, the accelerometer sensor data are analysed over this time
period to confirm persistent user stillness. If both the PPG and acceler-
ometer algorithms detect a state consistent with pulselessness, then
the algorithm proceeds to alert stage1to determine whether the user
isunresponsive.

Alert stage 1: haptics notification. This stage checks for user respon-
siveness. It is the first stage that is visible to the user. At a high level,
the feature displays a notification, provides a strong haptic stimulus
to the user, and looks for motion in the accelerometer indicative of
user responsiveness. The haptics pattern consists of a series of long
and shortduration haptics at maximum intensity for 15 s. The haptics
duration of 15 s is sufficiently long to minimize the risk of false posi-
tives from users who did not actually experience a loss of pulse event
(by giving those users adequate opportunity to respond) while being
sufficiently short to minimize the time to calling emergency servicesin
users who experience loss of pulse events. The algorithm analyses data
fromtheaccelerometer sensor to determine whether a user responds
to the haptic prompt. The design of this algorithm is broadly similar
to the stillness algorithms from the prior stages with one exception:
the accelerometer sensor datain all axes undergo low-pass filtering to
ensure the watch haptics do notinadvertently clear the alert.

Alert stage 2: audio and haptics notification. This stage, unlike prior
stages, does not consume sensor data, but consists solely of a notifica-
tion displayed to the user that is accompanied by strong haptics and
audio. The notificationis the first time that a classification of pulseless-
ness is shown to the user. The notification indicates that emergency
services will be contacted unless the user dismisses the alert within
20 s. Unlike in the prior stage, the user cannot dismiss this alert with
motion; rather, the user must tap the cancellation button onthe screen
todismiss thisalert.Ifthe user does not clear the alert, then the feature
will attempt to initiate a call to emergency services on the user’s behalf.

Model training and evaluation

Nomenclature and definitions of performance specifications.
Statements of model performance are based on all participants and
all sessions from the three prospective cohorts, with no data exclu-
sions (that is, all laboratory tourniquet sessions in cohorts E and
F had physician-confirmed pulselessness as described below). No
participants in the prospective studies were used for model train-
ing or development. The reported sensitivity was calculated as
the ratio of the number of attempted calls (alert stage 3 in Fig. 2) to
the number of tourniquet sessions (that is, each session contained
one tourniquet-induced pulsatile-to-pulseless transition that could
havebeen detected by the algorithm). The reported day-level specificity
(and corresponding annualized frequency of user-facing alert stages)
was calculated from the number of attempted calls in the free-living
portions of cohorts D and E and the duration (number of days) for which
the end-to-end software ran.

Cohort A—VF in electrophysiology laboratory. Individuals were con-
sented to wear a watch from the Pixel Watch family while undergoing
previously scheduled testing of their ICD. To test the ICD, patients have
VFinduced by a cardiac electrophysiologist*®. While wearing external
defibrillator pads, the patients experience this pulseless arrhythmia
to trigger their implanted device. Patients undergo this procedure
while on cardiac monitors, providing gold standard labels to confirm
thearrhythmiaand the presence of VF. VF typically lasts between 5and
12 s before a patient’s ICD firing, with defibrillator pads available as
backup in case of ICD failure. The goal of this evaluation was to deter-
mine whether pulselessness arising from VF, as measured on the wrist
by asmartwatch PPG sensor, has a similar spectral signature to pulse-
lessness achieved by using a pneumatic tourniquet, whichis a readily
reproducible way to create pulselessness.

Cohort B—peripheral loss of pulse (laboratory). The sudden loss
of pulse detection algorithm was trained on smartwatch sensor data
collected from diverse participants (age, sex and skin tone) in whom
peripheral pulselessness was safely and transiently induced. To simu-
late the sudden loss of pulse events, a pneumatic tourniquet (model
Zimmer Biomet ATS 4000) was applied on the non-dominant forearm
of participants while they were wearing the watch. A pulse fingertip
oximeter (model Masimo MightySat 9909) was used as aground truth
device. A watch from the Pixel Watch family was placed on the same
wrist to capture raw PPG, accelerometer and other physiological data.
Ablood pressure cuff (model Welch Allyn ABPM 7100) was used to meas-
ure blood pressure for screening purposes, to ensure that tourniquet
pressures were not excessively high. Participants recreated common
postures encountered in everyday life, namely simulated sleep (remain
stillinasupine or lateral posture before and after tourniquetinflation),
standing upright (to obtain lower perfusionindex databefore and after
tourniquet inflation) and motion (simulated collapse) conditions (in
which participants walked and then went to ground within seconds
after tourniquetinflation, to mimic collapses associated with OHCA).
Inall cases, sensor datawere recorded for about 90 s before tourniquet
inflation and 120 s after tourniquet inflation.

Cohort C—free-living pulsatile. Sensor data were acquired from
free-living users who were engaging in everyday activities such as
exercising, sitting, sleeping and walking. These users did not experi-
ence loss of pulse events. Data from the PPG (sampled at 25 Hz) and
accelerometer (25-100 Hz) sensors were uploaded to an encrypted,
access-controlled cloud server. The passive component of the sud-
denloss of pulse algorithm was retrospectively trained, validated and
tested on these data (495, 298, and 155 participants, respectively) to
estimate false-positive rates and model generalizability. Participants
wererandomly assigned to the training, validation or test sets, ensuring
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that datafrom eachindividual were assigned to one set; the validation
and test sets did not include any participants that were used in training.

Cohort D—prospective evaluation in free-living users. The sud-
den loss of pulse detection algorithm and end-to-end software was
implemented on a smartwatch in the Pixel Watch family of devices
and evaluated prospectively in free-living individuals who engaged in
activities similarly to cohort C. These participants also did not experi-
ence loss of pulse events.

Cohorts E and F—prospective evaluation in diverse populations.
A prospective validation study was conducted to evaluate the sen-
sitivity and specificity of the end-to-end sudden loss of pulse detec-
tion software. This consisted of cohort Eacross three clinical research
sitesand cohort F at one additional locationin the USA (in the states of
California, Georgia, Nebraska and Ohioin 2024). Both cohorts were of
diverse demographics, with varied age, sex and skin tone. Data were
collected and recorded with Google Sheets and Trialkit clinical study
data management software (Crucial Data Solutions). Data analysis
was performed in Google Sheets and Google Colaboratory using the
Python programming language (v3.11).

Sensitivity was quantified in a laboratory setting by inducing
peripheral pulselessness with a tourniquet in both cohorts Eand F.
The participants wore a smartwatch from the Pixel Watch family of
devices running the software on their left arm, along with a ground
truth fingertip pulse oximeter capable of displaying a PPG waveform
(Covidien Capnostream 20 or Masimo MightySat 9099), and the tourni-
quet cuff. The users performed everyday activities that entailed being
still (lying supine or lying prone) or undergoing motion (simulating a
collapse, which consists of walking and then going to the ground, asin
cohort B), after which the tourniquet was inflated to 250 mmHg to
induce peripheral pulselessness and the users went to or remained
motionless on the ground. Session validity was adjudicated by three
physicians who reviewed the ground truth PPG waveforms to confirm
the presence of peripheral pulselessness.

The specificity component of this study occurred after the in-
laboratory portion was completed in cohort E. Participants wore the
watch for 31 days in free-living conditions; these individuals did not
experience loss of pulse events.

The sample size for cohort E was estimated a priori to be 135 par-
ticipants to provide 90% power to show that the sensitivity to a pulse-
lessness event is significantly better than 50% and the frequency of
unintentional false-positive callsis significantly lower than 2 per person
per year, using conservative estimates for participant dropout rates
and within-participant correlation. Similarly, the sample size for cohort
F was estimated to be 21 participants to provide 90% power to show
that the sensitivity of cohorts Eand F combined is significantly better
than 50%. The sensitivity and day-level specificity are presented using

conservative Clopper-Pearson 95% Cls. The day-level specificity quanti-
fies the probability of not placing an unintentional, false-positive call
by the sudden loss of pulse detection feature on a per-day basis. To
improve interpretability of the specificity, we also report the frequency
of unintentional calls per user-year.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Thedatathat support the findings of this study are not openly available
owing to reasons of study participant privacy; clinical study data have
beenregistered (NCT06430216) and submitted to regulatory agencies
for their review. The informed consent agreements do not allow for
sharing of participant-level data.

Code availability

A pseudocodeimplementation of the loss of pulse detection algorithm
isavailable in the Supplementary Information.
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Population characteristics Demographics of study participants at the cohort level are provided in Supplementary Table S2 and additional population
characteristics are in the Methods section.

Recruitment Participants were recruited via website, email, phone calls, and posters, as detailed in the protocols for individual studies that
are provided with the submission. We are not aware of any potential causes of self-selection bias that may impact the results
that are presented in this manuscript. Recruitment for the prospective validation studies was performed by a 3rd party
contract research organization (CRO); participants were not told the identity of the company sponsoring the research at the
recruitment stage in order to minimize the risk of potential selection bias.

Ethics oversight All cohorts were enrolled under informed consent (IRB #00068623, 00071247, 00077141, 00078212, 00079675, Advarra

(Columbia, MD)).
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Sample size The sample size of the prospective validation studies was estimated a priori. The sample size for Cohort E was estimated a priori to be 135
participants to provide 90% power, using conservative estimates for participant dropout rates and within-participant correlation. Similarly, the
sample size for Cohort F was estimated to be 21 participants to provide 90% power. The sample size of Cohort A was pre-specified at 100
participants.

Data exclusions  No data were excluded from the prospective validation studies. Data from 10 (of 100) participants from Cohort A were excluded due to a lack
of analyzable data: investigational device failures occurred for five participants; ventricular fibrillation was not successfully induced in four
participants; and an artifact from an automated blood pressure cuff that inflated at the time of VF was present for one participant. This is

described in the main text.

Replication All attempts at replication were successful, as indicated by the consistency of results across Cohorts D and E (specificity) and Cohorts E and F
(sensitivity).

Randomization  Thisis not applicable because all data from all participants were analyzed for the prospective validation studies.

Blinding The investigators were blinded to the interim results of the prospective validation studies, which were performed under design control.
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Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  NCT06430216

Study protocol The protocols were included in the original submission for the convenience of the reviewers and have been submitted to regulators
for their review. The CONSORT checklist was not completed because the validation study was not a phase Il or phase Ill randomized
controlled trial.

Data collection The prospective validation studies were conducted at the following locations in 2024:
- Cohort E: The laboratory component was conducted at 3 contract research organization (CRO) sites in the United States (Georgia,
Nebraska, and Ohio).
- Cohort F: The study was conducted by a CRO in California.

These details are disclosed in the Methods section.

Outcomes The prospective validation study primary outcomes were the sensitivity and specificity of the Loss of Pulse Detection system at the
stage at which emergency services is contacted. The secondary outcomes entailed quantifying the sensitivity and specificity of the
stages before emergency services is contacted. Both the primary and secondary outcomes, along with a detailed data management
plan, were pre-specified in the clinical study protocols, submitted to the Institutional Review Board, and maintained under design

control as part of our Quality Management System.

These endpoints were met in the prospective studies as described above and shared with, and reviewed by, regulatory agencies.

Plants

Seed stocks Not applicable as no plants were used in this study.

Novel plant genotypes  Not applicable as no plants were used in this study.

Authentication Not applicable as no plants were used in this study.
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