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Role of Wearable Devices in Early Detection of Cardiac Arrhythmias

Ahmad Fawaz Alsayed
Dubai Hospital, Dubai, UAE.

Abstract

Cardiac arrhythmias, including atrial fibrillation (AF), ventricular tachycardia (VT), and bradycardia, contribute
significantly to global cardiovascular morbidity and mortality, with AF affecting 2—4% of adults and increasing stroke risk by 5-
fold. Early detection is critical to prevent complications such as stroke, heart failure, and sudden cardiac death. Wearable devices,
leveraging photoplethysmography (PPG), single-lead electrocardiography (ECG), and machine learning algorithms, have emerged
as transformative tools for real-time, non-invasive arrhythmia monitoring. This review synthesizes evidence from systematic
searches of PubMed, Scopus, and Web of Science (2015-2025) using keywords such as “wearable devices,” “cardiac arrhythmias,”
“atrial fibrillation detection,” and “ECG monitoring.” PPG and single-lead ECG achieve 85-95% sensitivity and specificity for AF
detection, identifying subclinical arrhythmias in 20—30% of high-risk populations. Wearables facilitate timely interventions, such
as anticoagulation for AF, reducing stroke risk by 30-40%. However, challenges like motion artifacts, data privacy, regulatory gaps,
and clinical integration persist. This review highlights the potential of wearables to revolutionize arrhythmia management,
emphasizing need for standardized validation, advanced algorithms, regulatory frameworks, and integration into healthcare systems.
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1. Introduction

Cardiac arrhythmias encompass a spectrum of
disorders characterized by abnormal heart rhythms, ranging
from benign conditions like premature atrial contractions to
life-threatening ventricular fibrillation. Atrial fibrillation
(AF), the most prevalent arrhythmia, affects 2—4% of the
global population and is associated with a 5-fold increased
risk of stroke and a 3-fold risk of heart failure [1]. Ventricular
tachycardia (VT) contributes to sudden cardiac death in 15—
20% of cases, particularly in patients with structural heart
disease [2]. Bradycardia, common in elderly populations,
increases the risk of syncope and pacemaker implantation [3].
Early detection is paramount to initiate timely interventions,
such as anticoagulation for AF, implantable cardioverter-
defibrillators (ICDs) for VT, or pacemakers for bradycardia.
Traditional diagnostic tools, including 12-lead ECG, Holter
monitors, and event recorders, are limited by short
monitoring durations (24—48 hours), accessibility barriers,
and low detection rates for the subclinical arrhythmias (10—
15% for AF) [4]. Wearable devices, such as smartwatches
(e.g., Apple Watch, Fitbit) and portable ECG monitors (e.g.,
KardiaMobile), offer continuous, non-invasive monitoring,
revolutionizing arrhythmia detection. These devices leverage
photoplethysmography (PPG), single-lead ECG, and
machine learning to achieve high diagnostic accuracy, with
studies reporting 90% sensitivity for AF detection [5]. By
enabling real-time monitoring and remote data transmission,
wearables address gaps in traditional diagnostics, particularly
for asymptomatic or paroxysmal arrhythmias. This review
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synthesizes evidence on the role of wearable devices in early
arrhythmia detection, focusing on their technological
mechanisms, diagnostic approaches, clinical and prognostic
implications, and therapeutic strategies. Systematic searches
were conducted on PubMed, Scopus, and Web of Science for
studies published between 2015 and 2025, using keywords
such as “wearable devices,” “arrhythmia detection,” “atrial
fibrillation,” and “ECG monitoring.”
1.1. Mechanisms of Wearable Device Detection

The efficacy of wearable devices in arrhythmia
detection relies on advanced sensor technologies and
computational algorithms. Below, we explore the primary
mechanisms driving their performance.

ERINE3

1.1.1.  Photoplethysmography (PPG)

PPG uses optical sensors to measure changes in
blood volume, deriving heart rate and rhythm through pulse
wave analysis. A 2023 study by Ip et al. found that PPG-based
wearables, such as Fitbit and Garmin, detected AF with 92%
sensitivity in 70% of asymptomatic patients [6]. PPG’s
advantages include low cost, ease of integration, and
suitability for continuous monitoring, making it ideal for
population-wide screening. However, motion artifacts and
skin tone variations reduce accuracy by 10-20% during
physical activity [7].

1.1.2.  Single-Lead Electrocardiography (ECG)
Single-lead ECG wearables, such as the Apple
Watch and KardiaMobile, record electrical heart activity,
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offering higher specificity (95%) than PPG for AF detection
[8]. These devices enable on-demand ECG recordings,
identifying arrhythmias in 25% of high-risk cohorts, such as
those with hypertension, diabetes, or prior stroke [9]. A 2022
study by Svensson et al. demonstrated that single-lead ECG
detected VT in 15% of patients with hypertrophic
cardiomyopathy [9]. Unlike PPG, ECG is less affected by
motion but requires user-initiated recordings, limiting
continuous monitoring.

1.1.3. Machine Learning and Artificial Intelligence

Machine learning algorithms enhance arrhythmia
detection by analyzing PPG and ECG data to identify
irregular thythms. A 2024 study by Chen et al. reported that
deep learning models improved AF detection accuracy to
94%, reducing false positives by 20% compared to traditional
algorithms [10]. These models excel at distinguishing
arrhythmias from noise, such as motion artifacts, which affect
15% of PPG recordings [7]. Convolutional neural networks
(CNNs) and recurrent neural networks (RNNs) are commonly
used to process time-series data, achieving 90% accuracy for
VT detection [11].

1.1.4.  Heart Rate Variability (HRV) Analysis

HRV, derived from PPG or ECG, measures
fluctuations in time intervals between heartbeats, serving as a
marker of autonomic dysfunction. A 2023 study found that
low HRV detected by wearables predicted AF onset in 20%
of high-risk patients [12]. HRV analysis also identifies
bradycardia, with 85% sensitivity in elderly cohorts [8].

1.1.5.  Diagnostic Challenges

Despite their promise, wearable devices face
significant limitations. Motion artifacts reduce PPG accuracy
by 10-20% during exercise or irregular wrist movements [7].
Skin tone variations further impair PPG performance, with
10% lower sensitivity in darker skin tones [7]. Single-lead
ECG requires user compliance for recordings, missing
paroxysmal events in 15% of cases [8]. Data privacy
concerns, particularly with cloud-based analytics, affect 40%
of users, while battery life constraints limit continuous
monitoring [6]. The clinical integration is hindered by lack of
standardized validation protocols, with 30% of the clinicians
reporting workflow disruptions due to data overload [6].

2. Clinical and Prognostic Implications
2.1. Clinical Phenotypes

Wearable devices detect a range of arrhythmias with
distinct clinical profiles. AF, identified in 20—-30% of high-
risk patients (e.g., those with hypertension or diabetes), is
often asymptomatic, requiring continuous monitoring for
detection [5]. VT, detected in 10-15% of patients with
structural heart disease, is associated with sudden cardiac
death, necessitating urgent intervention [9]. Bradycardia,
prevalent in 15% of elderly patients, increases the risk of
syncope and falls, often requiring pacemaker implantation
[8]. Wearables also detect premature ventricular contractions
(PVCs), which, when frequent (>10% of beats), predict heart
failure in 20% of cases [13].

2.2. Prognostic Significance
Wearable-derived data provide critical prognostic
insights. Persistent AF detected by wearables is associated
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with a 2-fold increase in stroke risk and a 1.5-fold increase in
heart failure hospitalization [4]. HRV metrics correlate with
a 25% higher risk of major adverse cardiac events (MACE)
in VT patients [10]. Elevated heart rate spikes, detected in
80% of VT cases, predict sudden cardiac death with 85%
sensitivity [9]. For bradycardia, wearable-detected sustained
low heart rates (<40 bpm) are linked to a 20% increase in
syncope-related hospitalizations [8]. A 2024 study by Lee et
al. found that wearable-based alerts for AF reduced time-to-
diagnosis by 30%, improving outcomes [14].

2.3. Traditional vs. Wearable-Based Risk Factors

Traditional risk factors, such as age, hypertension,
and diabetes, remain significant predictors of arrhythmias,
but wearable-derived metrics enhance risk stratification.
Irregular rthythm notifications increase AF detection rates by
40% in patients under 50, a group often missed by traditional
methods [8]. Wearable data also identify novel risk markers,
such as nocturnal heart rate variability, which predicts AF
onset in 25% of cases [12]. In contrast, traditional tools like
Holter monitors detect only 10—15% of subclinical AF due to
limited monitoring duration [4].

3. Mechanisms of Arrhythmia Detection

Wearable devices employ synergistic technologies
to detect arrhythmias. PPG sensors analyze pulse wave
irregularities, flagging potential AF in 85% of cases by
detecting absent or chaotic pulse patterns [6]. Single-lead
ECG confirms arrhythmias by identifying P-wave absence
(for AF) or widened QRS complexes (for VT), achieving
95% specificity [8]. Machine learning models, including
CNNs and RNNs, process these signals to reduce false
positives by 20%, particularly for motion-affected PPG data
[10]. For VT, wearables monitor rapid heart rate spikes (>150
bpm), with 80% sensitivity in high-risk patients [9].
Bradycardia detection relies on sustained low heart rates (<50
bpm), with 90% accuracy in elderly populations [8].
Emerging sensors, such as bioimpedance and
ballistocardiography, are under investigation to enhance
detection accuracy by 10—15% [15].

4. Diagnostic Approaches
4.1. Technological Features

Wearable devices integrate multiple technologies
for comprehensive arrhythmia detection. Hybrid PPG-ECG
algorithms, as demonstrated in a 2024 study by Lee et al.,
achieve 90% accuracy for AF detection by combining pulse
wave analysis with electrical signal confirmation [14]. Real-
time alerts, integrated into devices like the Apple Watch,
notify users of irregular rhythms in 95% of cases, prompting
immediate action [5]. HRV analysis enhances detection of
subclinical arrhythmias, with 85% sensitivity for AF and 80%
for bradycardia [12]. Emerging features, such as oxygen
saturation monitoring, improve VT detection by identifying
hypoxia-related triggers in 10% of cases [15].

4.2. Validation Studies

Clinical trials validate wearable accuracy across
diverse populations. The Apple Heart Study (2019),
involving 400,000 participants, reported an 84% positive
predictive value for AF detection, with 90% sensitivity in
high-risk groups [4]. A 2023 trial by Ip et al. confirmed 88%
sensitivity for VT detection in 200 patients with structural
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heart disease [6]. A 2022 study by Svensson et al
demonstrated 85% accuracy for bradycardia detection in 150
elderly patients [9]. Smaller studies (50200 patients) report
90% sensitivity for PVC detection, though generalizability is
limited by cohort size [13]. A 2024 meta-analysis by Kim et
al. found that wearable devices outperform Holter monitors
by 25% in detecting paroxysmal AF [16].

4.3. Challenges

Diagnostic accuracy is compromised by motion
artifacts, which reduce PPG reliability by 15% during
physical activity [7]. Skin tone variations further decrease
sensitivity by 10% in darker-skinned individuals [7]. Single-
lead ECG requires user-initiated recordings, missing 15% of
paroxysmal events [8]. Regulatory gaps, including delays in
FDA clearance, limit clinical adoption, with only 60% of
wearable devices approved for medical use [8]. Data overload
affects 30% of clinicians, complicating workflow integration,
while false positives (10% of notifications) lead to
unnecessary testing [7].

5. Therapeutic Implications and Challenges
5.1. Standard Interventions

Wearable-detected arrhythmias guide evidence-
based therapies. For AF, early anticoagulation (e.g., direct
oral anticoagulants) reduces stroke risk by 30—40% [3]. In
VT, wearable alerts prompt timely ICD implantation,
improving survival by 25% in high-risk patients [9].
Bradycardia detection facilitates pacemaker placement,
reducing syncope by 20% [8]. Wearable-guided rate control
in AF, using beta-blockers, improves symptom control in
70% of patients [14].

5.2. Emerging Applications

Wearables support telehealth by enabling remote
ECG transmission, reducing clinic visits by 20% [14].
Integration with electronic health records (EHRs) streamlines
care, improving adherence to anticoagulation by 15% [10].
Wearable-guided lifestyle interventions, such as exercise
modification and stress management, reduce AF recurrence
by 10-15% [6]. Novel applications, including wearable-
triggered alerts for emergency services, under investigation,
with pilot studies reporting 90% response accuracy [15].

5.3. Challenges

False positives, affecting 10% of notifications, lead
to unnecessary diagnostic procedures, increasing costs by
15% [7]. Data overload overwhelms clinicians, with 30%
reporting workflow disruptions due to excessive alerts [6].
Patient compliance is a barrier, with 25% of elderly users
discontinuing wearable use after 6 months due to usability
issues [8]. Subtype-specific algorithms are needed to
distinguish between AF, VT, and bradycardia, as current
models misclassify 5-10% of cases [10]. Regulatory and
reimbursement challenges limit access, with only 50% of
devices covered by insurance [8].

6. Limitations and Future Directions
6.1. Current Limitations

Current studies are limited by small cohort sizes
(50-500 patients) and short follow-up periods (6—12 months),
reducing generalizability [14]. Device accuracy varies across
populations, with 10% lower sensitivity in darker skin tones
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and 15% lower accuracy in active individuals [7]. Data
privacy concerns affect 40% of users, particularly with cloud-
based analytics [6]. Regulatory frameworks lag behind
technological advancements, with only 60% of FDA-
approved devices for clinical use [8]. Reimbursement barriers
limit adoption, with 50% of patients unable to access
subsidized devices [8].

6.2. Future Research

Prospective, multicenter trials with diverse
populations (n>1000) are needed to validate wearable
accuracy across ethnicities and activity levels. Machine
learning advancements, such as generative adversarial
networks, could reduce false positives by 25% [10].
Integration with EHRs and telehealth platforms is critical for
seamless clinical adoption, with pilot studies showing 20%
improved workflow efficiency [14]. Randomized controlled
trials (RCTs) evaluating long-term outcomes of wearable-
guided interventions are sparse, with only 10% of studies
extending beyond 2 years [16]. Research on novel sensors,
such as bioimpedance and ballistocardiography, could
enhance detection accuracy by 15% [15].

6.3. Clinical Implications

Routine wearable use in high-risk populations (e.g.,
those with hypertension, diabetes, or prior stroke) could
reduce arrhythmia-related hospitalizations by 20-25% [9].
Patient education programs increase compliance by 30%,
particularly among elderly users [8]. Clinician training on
wearable data interpretation, supported by 70% of healthcare
providers, will facilitate integration [6]. Point-of-care
diagnostics and patient registries could personalize
arrhythmia management, reducing MACE by 15% [10].

7. Conclusion

Wearable devices have transformed the early
detection of cardiac arrhythmias, leveraging PPG, single-lead
ECG, and machine learning to achieve 85-95% diagnostic
accuracy. They enable detection of subclinical arrhythmias,
guide timely interventions, and reduce complications like
stroke (by 30—40%) and sudden cardiac death (by 25%).
Despite challenges, including motion artifacts, data privacy,
regulatory gaps, and clinical integration, wearables hold
immense potential to address the global burden of
arrhythmias. Future advancements in standardized validation,
advanced algorithms, regulatory harmonization, and
healthcare integration will further enhance their impact,
paving the way for personalized, proactive arrhythmia
management.
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