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Abstract
Introduction: Automated cardiac arrest diagnosis offers the possibility to significantly shorten the interval between onset of out-of-hospital cardiac

arrest (OHCA) and notification of EMS, providing the opportunity for earlier resuscitation and possibly increased survival.

Methods: Automated cardiac arrest diagnosis was one of six focus topics for the Wolf Creek XVII Conference held on June 14–17 2023 in Ann

Arbor, Michigan, USA. Conference invitees included international thought leaders and scientists in the field of cardiac arrest resuscitation from aca-

demia and industry. Participants submitted via online survey knowledge gaps, barriers to translation and research priorities for each focus topic.

Expert panels used the survey results and their own perspectives and insights to create and present a preliminary unranked list for each category

that was debated, revised and ranked by all attendees to identify the top 5 for each category.

Results: Top knowledge gaps include the accuracy of automated OHCA detection technologies and the feasibility and reliability of automated EMS

activation. The main barriers to translation are the risk of false positives potentially overburdening EMS, development and application costs of tech-

nology and the challenge of integrating new technology in EMS IT systems. The top research priorities are large-scale evaluation studies to measure

real world performance and user research regarding the willingness to adopt these technologies.

Conclusion: Automated cardiac arrest diagnosis has the potential to significantly impact time to resuscitation and survival of OHCA because it

could convert unwitnessed events into witnessed events. Validation and feasibility studies are needed. The specificity of the technology must be

high not to overburden limited EMS resources. If adequate event classification is achieved, future research could shift toward event prediction, focus-

ing on identifying potential digital biomarkers and signatures of imminent cardiac arrest. Implementation could be challenging due to high costs of

development, regulatory considerations and instantiation logistics.

Keywords: Automated cardiac arrest diagnosis, Out-of-hospital cardiac arrest, Resuscitation, Health technology, Smart devices, Wear-
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Introduction

Out-of-hospital cardiac arrest (OHCA) is a leading cause of mortality

in developed countries, with survival rates ranging from 4–25%.1–3

Efforts aimed to increase survival are often focused on optimization

of a series of interconnected steps, termed the ‘chain of survival’.4

The first step in the chain of survival involves timely detection of

the OHCA and alerting Emergency Medical Services (EMS). This

step is crucial because it initiates the entire chain, yet it is also chal-

lenging because it requires a human to be present and to quickly rec-

ognize the event as a cardiac arrest. Delays commonly occur both in
the recognition of cardiac arrest and in the alerting of EMS.5,6 More-

over, 34–51% of OHCA are unwitnessed,1,2 which translates to

nearly 150,000 arrests annually in the United States alone,2 resulting

in a substantial fraction of victims who have diminished chances of

survival due to delayed or no resuscitation.

Automated cardiac arrest diagnosis offers the possibility to signif-

icantly shorten the interval between onset of OHCA and notification

of EMS, transforming the opportunity for meaningful resuscitation

and survival among a majority of OHCA victims. In this paper, we dis-

cuss the current state, potential future state, knowledge gaps, barri-

ers to translation and research priorities regarding automated

cardiac arrest diagnosis.
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Methods

Since its inception in 1975, the Wolf Creek Conference has a well-

established tradition of providing a unique forum for robust intellec-

tual exchange between thought leaders and scientist from academia

and industry that focuses on advancing the science and practice of

cardiac arrest resuscitation.7 The Wolf Creek XVII Conference was

hosted by the Max Harry Weil Institute for Critical Care Research

and Innovation in Ann Arbor, Michigan, USA on June 15–17

2023.8 Automated cardiac arrest diagnosis was one of 6 focus topics

for the conference. Meeting invitees included international academic

and industry scientists as well as thought leaders in the field of car-

diac arrest resuscitation. All participates were required to complete

conflict of interest disclosures. Prior to the meeting, all participants

were asked via online survey to list up to three knowledge gaps, bar-

riers to translation and research priorities for each topic. Participants

were instructed that the topic of automated cardiac arrest diagnosis

would focus on wearable, audio, and video technologies (including

from smartphone and other smart devices) capable of diagnosing

cardiac arrest and activating the system-of-care.

Knowledge gaps were defined as areas where our understanding

or knowledge is incomplete or limited. These gaps can arise due to

various factors, such as lack of research, inadequate information,

limited access to data or resources, or simply because the topic is

new or complex. Barriers to translation were defined as obstacles

that can prevent the successful transfer of knowledge or innovations

from research or development settings to practical applications in the

real world. Research priorities were defined as the areas of study

that are considered most important or urgent by the scientific com-

munity or society as a whole. These priorities are often determined

by a range of factors such as knowledge gaps, scientific break-

throughs, new challenges, societal needs or funding opportunities.

Panels made up of experts in each topic used the survey results

and their own perspectives and insights to create an initial unranked

list of up to ten items for each category. During the conference,

expert panelists provided an overview of the current state and poten-

tial future state of the field lay the groundwork for an informed

debate. This was followed by presentation and initial ranking of the

knowledge gaps, barriers to translation, and research priorities by

all attendees using electronic voting, discussion and revision by

the panel and attendees, and then re-ranking (Supplemental figure).

The top 5 items in each category underwent final review on the last

day of the conference. An overview of the current and potential future

state of the field and prioritized results for automated cardiac arrest

diagnosis are presented and discussed in this manuscript.

Current state

More than half of the global population uses the Internet and there

are more than 8 billion mobile phone subscriptions globally. More

than 80% of the global population is in range of a 4G mobile net-

work.9 The newest communication technologies are wearable elec-

tronics such as smartwatches and smart rings. Ownership of

wearable devices has increased substantially over the past decade10

with more than 500 million units shipped in 2021.11 The ubiquity of

mobile phones12 and wearables offers the opportunity for continu-

ous, mostly passive monitoring, an approach already established
across an array of medical domains, including cardiovascular health,

metabolic diseases, mental health, movement disorders etc.13,14

Wearable technologies could theoretically use photoplethysmog-

raphy (PPG), ECG, temperature and accelerometer sensors to

detect cardiac arrest events and the cessation of circulation.15 The

audio sensors (i.e., speakers and microphones) of smart devices

have been shown capable of detecting agonal breathing, a respira-

tory manifestation of cardiac arrest16 as well as dangerous breathing

patterns (e.g., apnea, hypopnea) using sonar.17 Research to date

shows promising results, with some technologies showing a sensitiv-

ity and specificity greater than 99%18,19 in controlled settings. How-

ever, the studies conducted have small sample sizes and limited or

no real-world data. Currently, many research groups are developing

technologies to automatically diagnose cardiac arrest.20–22

Potential future state

We envision a future where there are no unwitnessed cardiac

arrests. By using continuous monitoring to automatically detect every

OHCA, every unwitnessed arrest can become a witnessed arrest,

transforming OHCA victims’ chance of meaningful resuscitation

and significantly increasing survival rates. Using the United States

population from the CARES registry2 as an example; the incidence

of EMS-treated non-traumatic OHCA is approximately 88.8 per

100,000 population, and 51.2% of the EMS-treated OHCA was

unwitnessed. The survival rate of witnessed OHCA with resuscitation

was 14.2%. The survival rate of an unwitnessed arrest treated by

EMS was 4.1%. If every unwitnessed event was witnessed, poten-

tially more than 15,000 lives could be saved in the United States

annually. While this estimation might be optimistic and confined to

one country, the potential benefit of immediate detection of cardiac

arrest is considerable.23

Beyond the potential to make unwitnessed arrests witnessed,

automated detection could in theory significantly reduce the delay

in recognizing cardiac arrest and alerting the EMS when the event

is witnessed. In settings where an arrest is witnessed, it can take,

on average, 4 minutes to call EMS.6 If cardiac arrest can be automat-

ically detected and an alert can be sent to EMS with minimal delay,

this represents an expanded opportunity to improve survival, as

more rapid contact with EMS following collapse has been shown to

increase survival.24,25

Knowledge gaps

The following top 5 knowledge gaps were identified by conference

participants and discussed during the Automated Cardiac Arrest

Diagnosis Panel (Fig. 1).

1. Sensitivity and specificity of automatic diagnosis of cardiac arrest

in wearable devices.

Sensitivity and specificity of automated cardiac arrest detection

systems are critical and require a thoughtful approach contextualized

to the problem these systems look to solve. Currently, unwitnessed

OHCA victims experience materially worse survival, with people reg-

ularly found too late having no chance for meaningful resuscitation.

Thus, any sensitivity above zero has the potential to translate into

saved lives. Conversely, emergency medical services are a limited



Fig. 1 – Automated cardiac arrest diagnosis: Top 5

knowledge gaps as ranked by attendees at Wolf Creek

XVII, June 15-17, 2023, Ann Arbor, MI, USA.
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and important societal resource. Unnecessary notifications due to

false positives could prevent the system from being widely deployed.

Acknowledging this tradeoff is key in any automated OHCA detection

design and approach. Current research in automated cardiac arrest

detection mostly involves feasibility studies, whose primary focus is

sensitivity, with small populations or retrospective studies using data

to create a model to diagnose cardiac arrest.15 Prospective studies

with larger populations and real-world data from patients in the pre-

clinical setting are important to measure real-world performance of

these systems with respect to sensitivity and specificity. There are

several barriers to conducting this research, for example false posi-

tive rates, which we will discuss in the section on barriers to

translation.

2. Feasibility and reliability of automatic EMS system activation

If it is possible to automatically detect OHCA, it is imperative to

implement these systems into existing ‘chain of survival’ and EMS

infrastructures. Based on what we know about time to resuscitation

and improved survival, automatic activation of EMS can potentially

reduce time to resuscitation and improve survival. The feasibility

and reliability of automatic EMS activation depends on the availability

and compatibility of the technology with the local EMS. In order for

these systems to be effective, EMS infrastructure must be able

and willing to adopt this new technology. Adoption by EMS would

be directly related to classification performance, which depends on

the accuracy with which the technology can detect OHCA. False-

positive classifications, leading to unnecessary dispatches, has the

potential to strain the already limited resources available to EMS

and erode trust. While false positive dispatches, including for sus-

pected OHCA, have always been part of EMS operations, the ease

and scale with which commodity devices can contact 911 make this a

key consideration, which could result in longer response times to

other medical emergencies. This is a particular concern with this type

of system given that OHCA is a critical medical emergency and often

takes priority over most other EMS calls. Comprehensive testing and

validation is thus needed for stakeholders to make informed deci-

sions on implementation of these technologies.

3. Sensitivity and specificity of automatic diagnosis of cardiac arrest

using surveillance devises in high-risk areas (e.g. video/sound/

etc).

Approximately 70% of OHCA occurs in the home.1,2 Leveraging

detection systems people already have in their homes, such as smart

phones, smart speakers or cameras could enhance rapid detection
and in turn improve survival. One system researchers are developing

is a smartphone or smart speaker-based system to identify a sensi-

tive and specific sign present in cardiac arrest, agonal breathing,

through passive audio classification.16 This is an example of technol-

ogy that is well suited for home monitoring, as most people have

smartphones and increasingly many have smart speakers at home.

The technology looks promising as a widely scalable proof of princi-

ple, though further validation in real world contexts is necessary. In

addition, other sensing modalities such as radar and computer vision

have the potential to detect cardiac arrest. Video monitoring employ-

ing computer vision is currently used for a variety of applications,

including motion detection and human behavior detection.26 It may

be worth exploring whether this approach could also be used to

detect signs of cardiac arrest such as syncopal collapse, profound

hypoxia or even a bystander performing cardiopulmonary resuscita-

tion (CPR). In some countries, widespread community camera mon-

itoring is already being used to view public spaces.

4. Understanding underlying mechanisms of cardiac arrest to detect

prodromal signs.

Cardiac arrest is defined as a cessation of cardiac activity result-

ing in an absence of circulation with hemodynamic collapse. There

are numerous causes that can lead to cardiac arrest,27,28 which

can broadly be classified into 4 groups: ischemic heart disease,

non-ischemic/structural heart disease, no structural heart disease

and non-cardiac diseases.29,30 Approximately 50% of patients have

warning symptoms before cardiac arrest, and of these patients,

70% have symptoms within 24 hours of arrest, but only 19% call

EMS when they have these initial symptoms.31

Currently, the precise mechanism leading to collapse is often

unknown because cardiac arrests are rarely monitored. The underly-

ing mechanism can only be inferred based on information obtained

after the process of resuscitation has been initiated. Continuous,

passive monitoring, particularly using a wearable device, could in

theory provide insight into these prodromal signs of arrest. Such

insight would be useful from a research and prediction standpoint

and could provide new approaches to intervention if an OHCA was

detected to be imminent or a sudden spike in near-term risk were

identified.

5. Acceptability of use + impact on equity.

When implementing a new health technology it is important to

understand if the technology will meet the needs, values and prefer-

ences of end-users. Cultural values, social influences and local

health systems affect people’s willingness to adopt a technology.32

Involving the target population, including EMS stakeholders, through-

out the implementation process improves acceptability.33 In addition,

a new technology’s impact on equity must be evaluated to minimize

potential disparities and unintended consequences. Health equity

requires that those with equal needs have the same opportunities

to access health care.34 There are many reasons that can lead to

health disparities when a new technology is introduced, including

income, geographic location and ethnicity.34 For a system such as

this, where the condition of interest affects disproportionally tradition-

ally underserved communities,35 extra care must be taken to ensure

these systems do not exacerbate existing disparities.



Fig. 2 – Automated cardiac arrest diagnosis: Top 5

barriers to translation as ranked by attendees at Wolf

Creek XVII, June 15-17, 2023, Ann Arbor, MI, USA.
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Barriers to translation

The following top 5 barriers to translation were identified by confer-

ence participants and discussed during the Automated Cardiac

Arrest Diagnosis Panel (Fig. 2).

1. Risk of automatic cardiac arrest diagnosis increasing the burden

on system of care due to large numbers of false positives.

A significant barrier to real-time predictive models and continuous

monitoring centers on concerns around false positives and generally

misclassifications that lead to unnecessary communication with

emergency medical services. False positives are a major barrier

due to 2 problems. First, data is needed to train algorithms and to

optimize performance, and accurate (sensor) data of cardiac arrest

are scarce. Although there are machine learning techniques to opti-

mize the use of available data, in general, performance grows as

data from true events expands.36 Secondly, due to the nature of con-

tinuous monitoring with many points of measurement, even tests with

very high specificity will have false positives. In addition, a technol-

ogy may have a high sensitivity and specificity in preclinical studies,

but this may not be the case when the technology is tested in a real-

world setting at scale. It is imperative that the current EMS is not

overwhelmed with false alarms, which could increase the burden

on EMS systems, lead to alarm fatigue37 and foster distrust of these

technologies. Research focused on determining what false positive

rate is acceptable to communities and EMS systems, that acknowl-

edges the opportunity to save more lives, could be beneficial. In addi-

tion, proof-of-concept studies are needed to demonstrate clinical and

technical feasibility, including communication to EMS to help under-

stand the incidence of false positives38 that lead to escalations to

dispatchers.

2. Cost as barrier to both development and widespread application

of new technology for automated cardiac arrest diagnosis.

To develop a new technology is very expensive. First, funding is

needed for research and development of a novel system, and secur-

ing funding for high-risk, high reward projects remains a perennial

challenge.39 The availability of regional or national funding varies

greatly across regions and countries. Beyond research, instantiation

of research systems into usable products is a complicated and

expensive process. Furthermore, if a system is eventually made

widely available, continuous maintenance is necessary for its contin-

ued optimal performance and safety, particularly if these systems

rely on machine intelligence.40 To reduce development costs, one
possible solution is using pre-existing devices (smartwatch, smart-

phone, smart speaker etc.) used by the general population. Further-

more, using pre-existing devices may simplify distribution and

facilitate easier integration, though this is not guaranteed.

3. Integrating new technology with current EMS or health care ser-

vices IT systems has historically been challenging.

Introducing new technologies into existing healthcare environ-

ments presents various challenges. First, strict regulations must be

followed to ensure patient safety and data protection. Historically, a

common experience within the healthcare systems is that the various

clinical IT components are poorly integrated even within the same

healthcare system, and communication and data transfer between

systems can be notoriously challenging. This is true of EMS systems

as well which do not have shared and uniform IT systems. Several

large investments made into new IT systems for healthcare systems

have been controversial with high development costs, substantial

need for troubleshooting and concerns over patient safety. Concerns

and uncertainties were raised concerning healthcare professionals,

healthcare administrators and tech industry appetite for research

and development into the integration of new cardiac arrest detection

technologies with current EMS and healthcare IT systems.

Resources are scarce and policymakers must make decisions about

the use and acquisition of any technology. A comprehensive evalua-

tion of the technology, as stated previously, helps to make an

informed decision about whether or not to implement the technol-

ogy.41 Finally, the introduction of new technology to EMS may be

challenged by regional differences in IT infrastructure and other tech-

nologies in use. When implementing an automated OHCA technol-

ogy, the EMS IT infrastructure must be compatible and able to

accommodate the new technology.

4. Lack of commercial interest and collaboration with industry.

There needs to be a strong business case to make this work.

This touches on the second barrier; cost as barrier to develop-

ment and application. Since the development cost of creating a

new technology is high, it may be preferable to collaborate with

industry to create a device or technology that can detect OHCA. His-

torically business incentives have played a key role in facilitating new

research and change.40 An example of this is the introduction of the

implantable defibrillator which would not have been possible without

close collaboration with industry. Over the last decade we have seen

an exponential growth in the health Artificial Intelligence (AI) market,

from around 717 million dollars in 2016 to over 6 billion dollars in

2021 in the United States alone.42 This shows that companies are

interested in investing in AI in health and that business cases sur-

rounding health AI are feasible. However, the question whether AI-

based technologies improve outcomes and add value to healthcare

has yet to be proven,40 so a strong business case is needed.

5. Regulatory barriers with respect to data privacy and data security.

Building and improving AI algorithms require a continuous supply

of patient data. This will include sensor data, but also personal data

will be collected.

Governments and regulatory entities are developing guidelines

and new regulatory frameworks for technologies and medical

devices that use AI to ensure the patient safety. The Federal Drug
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Administration (FDA), along with the International Medical Device

Regulatory Forum (IMDRF), has defined the category Software as

Medical Device (SaMD). In 2013, the IMDRF created a working

group to provide guidance on quality management, clinical evalua-

tion and a risk categorization framework.43–45 Several other regions

have established guidelines. For instance, in 2017, the China State

Council developed an AI which includes a plan promoting AI in

healthcare. Moreover, in the same year, the European Parliament

adopted a set of comprehensive set of regulations from the General

Data Protection and Regulation (GDPR), this includes use of per-

sonal data, data collection and storage.46 These comprehensive

guidelines will provide safety and security for patients, but also a high

administrative burden for researchers.47

Research priorities

The following top 5 research priorities were identified by conference

participants and discussed during the Automated Cardiac Arrest

Diagnosis Panel (Fig. 3).

1. Large scale prospective validation of algorithms derived from

commonly used wearables.

There are currently no prospective studies to validate cardiac

arrest detection algorithms in real-world settings using commodity

smart devices. Real-world evaluation presents a wide range of com-

plexities and unexpected variables that cannot be replicated in a

generally controlled laboratory setting. Given the rarity of the event

of interest, designing prospective randomized studies adequately

powered to capture cardiac arrest events, would require following

at-risk participants over years, represents a challenge from a

resource perspective. In addition, product development can also be

an iterative process with prospective evaluation at scale following a

release (e.g., release of and iteration of fall detection and atrial fibril-

lation systems on commodity wearables), where potential system

performance challenges can be unearthed and fixed. If done

thoughtfully (i.e, system release is done only after comprehensive

testing and validation), these large scale, real-world evaluations

can lead to feedback that help improve performance and increase

acceptability and reliability.

2. In a population of patients with increased risk of OHCA, does

wearing a device that can diagnose cardiac arrest and activate

the EMS system, compared to not wearing such a device,

improve survival from the OHCA within the defined number of life

years?
Fig. 3 – Automated cardiac arrest diagnosis: Top 5

research priorities as ranked by attendees at Wolf

Creek XVII, June 15-17, 2023, Ann Arbor, MI, USA.
The introduction of any technology that can automatically detect

cardiac arrest must demonstrate that it improves the outcome of the

arrest to be widely accepted and implemented. Identifying the appro-

priate population level of risk for cardiac arrest as well as the accept-

able diagnostic sensitivity and specificity levels would inform a study

designed to evaluate the effectiveness of an automated cardiac

arrest detection device. While acknowledging that a significant pro-

portion of cardiac arrest victims cannot currently be identified as

“at risk” prior to their arrest, focusing studies on patients with known

risk factors might be preferable for feasibility purposes, due to the

rarity of an arrest event and the scale of the study needed to assess

the effectiveness of the technology.

3. What proportion of the general population or high-risk groups

would accept/pay for wearable/video/audio surveillance?

There are large variations in the general public’s willingness to

have biometric data captured, processed, stored and shared. This

key consideration arises when trying to understand people’s willing-

ness to use these systems to detect arrest events. A large part of the

population is already accustomed to sharing personal and biometric

data, for example heart rate to detect arrhythmia’s or sleep pattern

recognition. It may stand to reason that a large percentage of this

population would also be willing to use their heart rate data to detect

a cardiac arrest, but this may not always be the case. For example,

there could be fears about having a system that can automatically

call 911. This is one example but points to the larger issue of the

research community having an incomplete understanding of peoples’

desire for this functionality and how it might conform to their needs,

values and preferences. In the absence of such data, the implemen-

tation of this technology could inadvertently lead to or exacerbate

existing health disparities. While it seems plausible and even likely

that people would desire a potentially life-saving system, empiric

evaluation of these questions would be important for long term and

sustained success of these systems.

4. For people who wear devices capable of physiologic monitoring,

do specific biomarkers compared to other or no biomarkers reli-

ably predict imminent cardiac arrest?

Research to identify specific biomarkers to detect imminent car-

diac arrest is a tantalizing and important research area. As an

increasing number of people use devices capable of physiologic

monitoring, the potential for leveraging continuously collected data

for early detection and possibly prediction increases. Identification

of biomarkers that could predict cardiac arrest with high accuracy,

could potentially improve patient outcomes. This research question

also relates to knowledge gap 4: understanding the underlying mech-

anisms of cardiac arrest to identify prodromal signs. Supporting this

area of research is data indicating that approximately 50% of patients

have warning symptoms before their cardiac arrest, and of these,

70% have symptoms within 24 hours of arrest, but only 19% call

EMS when they experience symptoms.31 Gaining insight into the dig-

ital signatures that may accompany these prodromal symptoms is

important to understand if they can serve as potential biomarkers

for imminent onset of arrest. These digital signatures may also pro-

vide more information about cardiac arrest etiology, if it is possible to

identify or differentiate between etiologies, such as aortic rupture or

myocardial ischemia due to thromboembolism, it may offer the pos-

sibility to adjust interventions accordingly. If validated, biomarkers
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could in theory be used to accurately detect imminent cardiac arrest

and potentially prevent cardiac arrest.

5. For individual or group of people in a defined physical location,

does video/audio surveillance that diagnoses OHCA and acti-

vates EMS compared to without such a system improve OHCA

outcomes over a defined period of time?

People in a defined physical location represents another potential

population where the efficacy and effectiveness of automated car-

diac arrest detection may be evaluated. Computer vision, whereby

a machine can make inferences based on dynamic images, has

been shown capable of detecting falls and measuring heart rate

and respiratory rate, all of which are relevant in cardiac arrest.48–50

Research is needed to confirm that automated diagnosis using pas-

sive, audio-visual inputs is feasible and to identify locations where

evaluation is possible. Conducting comparative analyses over a

defined period of time could provide useful insights on the potential

benefits and implications of implementing these kinds of

surveillance-based classification systems. Because many of these

systems are already in place (e.g., CCTV), these investigations could

be undertaken in theory with relatively fewer resources (vs. standing

up this infrastructure from scratch).

Conclusions

This paper provides an overview of the Automated Cardiac Arrest

Diagnosis expert panel session during the 2023 Wolf Creek XVII

Conference, including the top 5 knowledge gaps, barriers to transla-

tion and research priorities.

Automated cardiac arrest diagnosis, using smart devices such as

wearables and phones, is a new and innovative field of research.

With these devices’ capability to communicate and summon emer-

gency medical services, they hold the capability to convert unwit-

nessed cardiac events to effectively witnessed events, which have

a higher association with survival – in some locations up to 5x. Cur-

rently, several research teams are attempting to develop technolo-

gies that can accurately detect OHCA. To date these studies have

primarily been feasibility studies with smaller populations or they

have relied on retrospective data given the inherent difficulty of cap-

turing these individually rare events. There are also several barriers

that need to be overcome before this technology can be responsibly

introduced. One of the main barriers is false positives. The specificity

of the technology must be acceptably high to avoid overburdening

limited emergency medical services resources. Integrating the tech-

nology successfully with local EMS and IT infrastructures is complex

as is adhering to regulations regarding privacy and data protection.

Despite these challenges, the opportunity to impact OHCA survival,

particularly in unwitnessed circumstances, is potentially transforma-

tive. The focus of future research should be to validate that these

systems can both automatically detect cardiac arrests and have

acceptable false positive performance at scale, ideally with prospec-

tive research done in real-world settings. Further research is also

needed to determine the acceptability of this technology to end-

users, both patients and EMS systems, and its potential to exacer-

bate health disparities. Once feasibility of these systems can be

established, interesting follow-on research questions immediately

emerge, such as can these systems be used to understand the

underlying mechanisms of arrest events and are there potential dig-
ital biomarkers of imminent cardiac arrest. Given the critical role of

recognition in the chain of survival, automated cardiac arrest detec-

tion represents an important and new frontier in resuscitation science

with considerable potential to improve cardiac arrest outcomes.
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