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ABBREVIATONS
AF – Atrial Fibrillation
AI – Artificial Intelligence
APW – Apple Watch
AT – Atrial Tachycardia
CR – Cart Ring
CE – Conformité Européenne (European Conformity)
CI – Confidence Interval
DOAC – Direct Oral Anticoagulant
ECG – Electrocardiogram
FDA – Federal Drug Administration
PPV – Positive Predictive Value
NPV – Negative Predictive Value
SL-ECG – Single-Lead Electrocardiogram
ABSTRACT
Background: Wearable devices are widely used for atrial fibrillation (AF) detection, yet most validation studies include only sinus rhythm or AF, likely overestimating diagnostic performance. 
Objective: This multicentre study assessed the performance of automated AF detection and physician interpretation of single-lead ECGs (SL-ECGs) from the Apple Watch (APW) and CART Ring (CR).
Methodology: Participants underwent simultaneous 12-lead ECG and SL-ECGs from APW and CR. Two cardiologists independently adjudicated all ECGs. APW and CR classified recordings as "AF", "Not AF", or "Unclassified". Diagnostic performance for automated AF detection was evaluated in ‘worst-case’ (all SL-ECGs) and lenient (excluding unclassified SL-ECGs) scenarios. Physician interpretation of SL-ECGs was also compared to 12-lead ECG.  
Results: Among 483 patients (median age 66 years, 29% female), 196 (39%) had AF across 3 UK centres. A total of 2,398 ECGs were analysed. Interobserver variability was excellent (Cohen’s kappa: APW 0.85, CR 0.84). In the ‘worst-case’ analysis, CR outperformed APW (sensitivity: 84.6% vs. 69.1%; specificity: 89.9% vs. 72.6%). APW had more unclassified SL-ECGs (20.1%) than CR (1.9%). The lenient analysis showed an improvement in sensitivity (CR 84.8 %, APW 86.4%) and specificity (CR 91.2%, APW 91.7%). Physician interpretation improved diagnostic performance for AF and sinus rhythm but remained limited for other arrhythmias
Conclusion: APW missed approximately one in three episodes of AF and a high number of unclassified SL-ECG. CR demonstrated superior performance. Physician interpretation significantly improved AF diagnosis but remained unreliable for other arrhythmias, emphasising the need for cautious integration of wearable ECGs into clinical practice.
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[bookmark: _Hlk190587987]INTRODUCTION
Atrial fibrillation (AF) is the most common sustained cardiac arrhythmia and it is associated with increased thromboembolic risk, heart failure, and death.1, 2 Conventional AF screening tools, such as 12-lead electrocardiograms (ECGs), Holter monitors or patches, have inherent limitations in the detection of infrequent arrhythmic episodes due to their brief period of monitoring .3 This can lead to delays in AF diagnosis and insufficient data to adequately inform effective management strategies. 
[bookmark: _Hlk193784550]Over the past decade, there has been a plethora of wearable devices equipped with advanced optical sensors that track heart rate with photoplethysmography, generate single-lead ECGs (SL-ECGs), and detect AF. These devices are an appealing and convenient alternative to traditional screening tools and are increasingly being used by patients. Numerous studies have demonstrated their feasibility for AF detection in large populations.4, 5 However, most validation studies have only included patients with either sinus rhythm or AF, potentially overestimating diagnostic performance by excluding other clinically relevant arrhythmias, which may be important sources of both false-positive and false-negative detections.6  
The Apple Watch was the first FDA-approved smartwatch to record SL-ECGs. In Apple’s clinical validation study with 545 patients, it reported that its Series 6 watch (algorithm version 1.0) had 98% sensitivity and 99% specificity for AF detection.7 Similarly, the CART Ring is the first CE-marked (Conformité Européenne) ring capable of recording a 30-second SL-ECG to its companion app by placing a finger in its metal casing.  The ring is designed to maximise comfort and to improve adherence. The clinical validation study of the CART ring SL-ECGs, funded by Skylabs ,also reported excellent diagnostic metrics for AF detection, with a sensitivity of 99.6%.8 
While these validation studies highlight excellent diagnostic performance, their applicability in real-world settings is still uncertain, particularly in patients with a wide range of cardiac rhythms beyond sinus rhythm and AF. In this multicentre study, we evaluate the diagnostic performance of the Apple Watch and CART Ring, focusing on automated AF detection and physician interpretation of SL-ECGs in a cohort of patients with a wide spectrum of arrhythmias.
METHODS
Study Design and Participants
The WEAR-TECH ECG study was a multicentre investigator-initiated diagnostic study conducted at three tertiary hospitals in the United Kingdom (Oxford University Hospital, University Hospital Southampton, and Queen Elizabeth Hospital) between December 2021 and December 2022. The study enrolled adult patients (aged ≥18 years) with a documented history of cardiovascular disease in their electronic patient records, defined broadly as any clinically diagnosed disorder affecting the heart or blood vessels. Cardiovascular conditions included, but were not limited to, AF or atrial flutter, ischaemic heart disease, heart failure, valvular heart disease, cardiomyopathy, hypertension, and peripheral vascular disease. 
Patients were eligible if they were undergoing a 12-lead ECG as part of routine clinical care. We recruited participants in various clinical areas, including coronary care unit, inpatient wards, outpatient clinic and those undergoing elective procedures in the catheterisation laboratories. Exclusion criteria was limited to tattoos on the wrists or fingers, which could potentially interfere with the accuracy of device recordings.
All participants provided written informed consent before enrolment. The study complied with the principles of the Declaration of Helsinki and CONSORT guidelines. Ethical approval was granted by the Health Research Authority (ref: 291671) and the study was registered on ClinicalTrials.gov (NCT05298553). 
Study Aim 
[bookmark: _Hlk190353979]The primary objective was to compare the diagnostic performance of the AF detection algorithms of the Apple Watch Series 6 (watchOS 7.0.2, Watch6,1, Algorithm Version 1) and the Skylabs CART Ring using physician-interpreted simultaneous 12-lead ECGs as the reference in patients with known cardiovascular disease. Secondary objectives included: evaluating the diagnostic performance for other atrial arrhythmias (atrial flutter and atrial tachycardia [AT]); assessing physician rhythm interpretation of SL-ECGS compared with 12-lead ECGs; evaluating interobserver agreement between physicians interpreting SL-ECGs; determining the proportion and distribution of unclassified recordings from each device.
Study Procedures
Participants were randomly assigned in a 1:1 fashion to one of two investigation arms (Figure S1). The Robust Randomisation app (RRapp) developed by the Icahn School of Medicine at Mount Sinai was used. Group 1 underwent SL-ECG recording with the SkyLabs CART ring first, followed by the Apple Watch, while Group 2 underwent the Apple Watch recording first, followed by the SkyLabs CART ring (Figure S2).
Each SL-ECG recording was performed simultaneously with a 30-seconds standard 12-lead ECG. If the initial recording was deemed uninterpretable due to artefact, a second recording was allowed.
The 12-lead ECGs were recorded using an ECG machine with a sweep speed of 25 mm/s and an amplitude of 10 mm/mV on millimetric paper. Recordings from the wearable devices followed their respective instruction manuals, with the research team providing demonstrations. The Apple Watch generated a 30-seconds SL-ECG by placing the participant’s opposite-hand finger on the watch’s metal crown, while the CART Ring generated a 30-seconds SL-ECG when participants placed a finger on the ring’s metal electrode.
After completing the SL-ECG recordings with both devices, participation in the study was concluded, with no follow-up visit required. All SL-ECG recordings from the wearable devices were stored in their respective smartphone app and subsequently exported in PDF format for adjudication. The 12-lead ECG machine also automatically generated and exported recordings in PDF format to the participant’s electronic patient records. 
[bookmark: _Hlk192500017]ECG adjudication and Statistical analysis
Two independent cardiologists adjudicated all SL-ECG recordings and 12-lead ECGs, with any disagreements resolved by a third cardiologist. All ECGs were assigned a rhythm diagnosis, which included AF, sinus rhythm, atrial flutter/AT, ectopy, heart block, ventricular tachycardia, or paced rhythm. Automated algorithms classified SL-ECG recordings into three categories: "AF", "Not AF" (labelled as sinus rhythm by the Apple Watch), and "Unclassified”. For the Apple Watch, unclassified recordings were further categorised by the device "Poor recording", "Heart rate above 120 beats per minute", "Heart rate below 50 beats per minute", and “Inconclusive” according to its internal criteria. ECG quality was graded on a three-point scale: 1 (high, confident diagnosis with minimal artefact), 2 (intermediate, diagnosis possible despite artefact), and 3 (uninterpretable, recording quality too poor for diagnostic interpretation).
[bookmark: _Hlk192500064]To assess the diagnostic performance of automated algorithms for identifying AF, SL-ECGs were compared with 12-lead ECGs, which served as the reference. To evaluate the impact of unclassified SL-ECGs on diagnostic performance, two analytic approaches were employed. The first, termed ‘worst-case’ scenario analysis, reflects a real-world scenario where unclassified ECGs cannot be further interpreted. In this approach, unclassified SL-ECGs by the wearable devices were treated as false positives if the corresponding 12-lead ECG showed no AF, and as false negatives if the corresponding 12-lead ECG confirmed AF. This approach provided a lower-bound estimate of diagnostic performance. The second, lenient analysis, reflected ideal conditions by excluding unclassified SL-ECGs, aiming to isolate the diagnostic performance of the algorithms under optimal circumstances. To assess performance for atrial arrhythmias, a detection was considered correct if either the algorithm or the physician interpretation of SL-ECGs identified any atrial arrhythmia (including AF, atrial flutter, or AT). This approach acknowledges the clinical significance of detecting any form of atrial arrhythmia, even if the specific subtype was not categorised correctly. Additionally, we evaluated the diagnostic performance of physician interpretation of SL-ECGs for all cardiac rhythms.
Continuous variables were presented as means with standard deviations or medians with interquartile ranges, according to their distribution. Categorical variables were expressed as frequencies and percentages. Outcome measures for each device tested included sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and overall accuracy. Comparison of diagnostic performance metrics was performed by using McNemar’s test for paired proportions.  For subgroup analyses the Fisher’s exact test was used. Interobserver agreement between cardiologists was formally quantified using Cohen’s kappa coefficient, where values >0.80 were indicative of excellent agreement. Statistical tests were two-tailed and performed using R (version 4.1.3), with statistical significance set at p < 0.05.
RESULTS
A total of 508 patients with cardiovascular disease were enrolled across three centres over a 12-months period. After excluding 10 patients with suboptimal 12-lead ECG recordings and 15 patients with ventricular pacing, 483 patients and 2,398 ECGs were included in the final analysis.  The median age of participants was 66 years (IQR, 57-75) and 29% were female. A history of AF was reported in 60.8% of patient, and 11.8% had a history of atrial flutter or AT. The presenting rhythm on the 12-lead ECG was AF in 194 (40%) of patients. Baseline characteristics are listed in Table 1. 
Physician adjudicators achieved 91.7% agreement for Apple Watch and 89.7% for CART Ring SL-ECG interpretations. Interobserver variability was excellent: Cohen’s kappa values of 0.85 for the Apple Watch and 0.84 for the CART Ring. No significant difference (p = 0.70) in the diagnostic quality of SL-ECGs was observed, with 78.1% and 79.3% of recordings categorised as a high diagnostic quality (Table S1).
Diagnostic Performance for Atrial Fibrillation Detection
Automated AF detection algorithms demonstrated notable differences in performance (Table 2, Figure 1). In the ‘worst-case’ scenario analysis, which included all SL-ECGs, the Apple Watch had a sensitivity of 69.1% (95% CI: 62.3–75.2) and a specificity of 72.6% (95% CI: 67.1–77.4). In contrast, the CART Ring had superior performance, with a sensitivity of 84.6% (95% CI: 78.9–89.0) and a specificity of 89.9% (95% CI: 85.9–92.9), both statistically significant (p <0.01).
The lenient analysis, with the exclusion of unclassified SL-ECGs (97 in the Watch group and 9 in the Ring group), was associated with improved performance for both devices. The Apple Watch showed an increase in sensitivity by 15.1% and in specificity by 19.1%. In this lenient analysis, there was no significant difference in sensitivity between the two devices (84.8% vs. 86.4%). False-positive AF detection in the Apple Watch were largely due to atrial flutter/AT (62.5%) and sinus rhythm (31.3%), while the CART Ring showed similar trends, with atrial flutter/AT (60%) and more contributions from sinus rhythm with ectopy (13.3%) (Table S2).
Physician interpretation of SL-ECGs markedly improved AF detection. Interpretation of SL-ECGs from the Apple Watch demonstrated slightly higher sensitivity of 95.4% (95% CI: 91.4–97.5) compared to the CART Ring [94.3% (95% CI: 90.1–96.8)], whilst the specificity of the Apple Watch [89.6% (95% CI: 85.6–92.6)] closely matched that of the CART Ring [88.9% (95% CI: 84.8–92.0)]. 
Unclassified ECGs
Unclassified SL-ECGs accounted for 20.1% (97) of the SL-ECGs recorded by the Apple Watch and only 1.9% (9) of those recorded by the CART Ring (Table 3). Among the unclassified recordings from the Apple Watch, 62% were categorised as “Inconclusive”, with 72% originating from ECGs demonstrating either AF or sinus rhythm. Twenty-four per cent of the unclassified SL-ECGs resulted from heart rates outside the diagnostic range (<50 bpm or >120 bpm). In contrast, the CART Ring had a markedly lower rate of unclassified (1.9%) SL-ECGs, with most poor-quality recordings seen in AF (44%) and sinus rhythm (33%). Physician interpretation correctly identified the rhythm on 76.2% (74) of unclassified Apple Watch ECGs and 66.7% (6) of unclassified CART Ring SL-ECGs.
Diagnostic Performance for Atrial Arrhythmias 
[bookmark: _Hlk192500125]Among 242 patients with atrial arrhythmias, 194 had AF and 48 had atrial flutter or AT. In the ‘worst-case’ scenario analysis for atrial arrhythmias, the CART Ring exhibited superior sensitivity at 77.2% (95% CI: 69.5-80.3) compared to 59.3% (95% CI: 53.0–65.2) for the Apple Watch (Figure 2, Table S3). This trend mirrors the CART Ring’s advantage observed in automated AF detection. The diagnostic performance of automatic detection for atrial arrhythmias was lower than for AF as the algorithm is designed to detect an irregularly irregular rhythm and atrial tachycardia can be regular or have limited irregularity. When unclassified ECGs were excluded (lenient analysis), it resulted in a marked increase in sensitivity of the Apple Watch to 75.8% (95% CI: (69.2-81.3)) and specificity to 96.9% [95% CI: (93.5-98.6)] comparable to the CART Ring. Physician interpretation of SL-ECGs improved diagnostic performance considerably for both the Apple Watch and CART ring, with sensitivities of 96.2% and 90.8%, respectively.
Of the 48 atrial flutter/AT ECGs, 24 had variable AV nodal conduction and an irregular ventricular rate, of which the Apple Watch identified 9 (38%) as AF compared to 13 (54%) using the CART Ring (Table 4). With a regular ventricular rate, the Apple Watch classified only 1 (4.2%) as AF, 11 (46%) as unclassified, and 12 (50%) as sinus rhythm. The CART Ring identified 5 (21%) regular rate cases as AF, with the remainder classified as sinus rhythm. 
Physician Interpretation for other cardiac rhythms	
Figure 3 demonstrates the distribution of true positives, false positives, and false negatives across all cardiac rhythms. Sensitivity for sinus rhythm was excellent, 92.1% (95% CI: 87.6–95.0) for the Apple Watch and 87.3% (95% CI: 82.2–91.2) for the CART Ring, with specificity of more than 92% for both devices. However, performance for other arrhythmias, such as atrial flutter and ectopy, was poor and these were frequently misclassified (Figure S3). The CART Ring had double the number of SL-ECGs classified as uninterpretable compared to the Apple Watch (17 [3.5%] vs. 7 [1.5%]; p = 0.032).
Impact of SL-ECG quality 
The diagnostic quality of SL-ECG recordings significantly influenced the performance of automated AF detection and physician interpretation of cardiac rhythms for both devices (Table S5, Figure S4). The CART Ring demonstrated superior automated detection compared to the Apple Watch for high-quality SL-ECGs (90.2% vs. 76.6%, p < 0.001). With intermediate-quality SL-ECGs, the Apple Watch's accuracy declined substantially to 51.7%, whilst the CART Ring maintained higher accuracy at 87.7% (p < 0.001). Notably, 51% of unclassified SL-ECGs from the Apple Watch were of high quality, compared to 32% from the CART Ring. Physician interpretation of cardiac rhythms remained robust across both devices, with an accuracy of over 80% and only modest declines observed between high- and intermediate-quality recordings.
DISCUSSION
This multicentre study offers valuable insight into the diagnostic performance of the Apple Watch and CART devices in a ‘real-word’ cohort of patients with different cardiac rhythms. Our findings reveal that sensitivity and specificity for automated AF detection were lower than previously reported, particularly for the Apple Watch, which missed one in three episodes of AF under the ‘worst-case’ analysis. In contrast, the CART Ring demonstrated greater diagnostic reliability, with a significantly lower unclassified ECG rate (1.9% vs. 20.1%), likely reflecting a more robust algorithm processing and signal quality.
[bookmark: _Hlk192501487]A key limitation of the Apple Watch was the large proportion of unclassified SL-ECGs, which is consistent with previous peer-reviewed studies (19-28%), but represents a significant challenge for patients relying on these devices for AF screening and monitoring. 9, 10 In this study, we used algorithm version 1.0 of the Apple Watch, which has a heart rate limit of 120 bpm for AF detection. Apple has since released algorithm version 2, which increased the limit to 150 bpm. Newer Apple Watch models may also incorporate improved sensors which may enhance signal quality. In Apple’s internal validation studies, which have not been published in peer-reviewed journals, the rate of unclassified ECGs decreased from 12.2% with version 1.0 to 7.1% with version 2.0.7 11 However, the rate of unclassified ECGs in independent studies have consistently been higher, underscoring the need for external validation of these devices. 
A recent study involving 247 participants and testing five smartwatches found that, despite multiple software updates and increased user experience, there was only a modest reduction in unclassified SL-ECGs over time. 12 Pepplinkhuizen et al.13 demonstrated that repeat recordings after an unclassified SL-ECG on the Apple Watch reduced the overall number of unclassified readings; however, this came at the cost of reduced accuracy and increased false-positive rates. In contrast, the CART Ring had a considerably lower rate (1.9%) (Figure S3). Among the 97 SL-ECGs unclassified by Apple Watch, the CART Ring correctly identified the rhythm in 81% of cases. These findings suggest that superior signal quality from its ring sensor and its cloud-based algorithm mitigates some of the limitations of on-device processing, allowing for more precise rhythm classification.
The clinical utility of wearable devices is not only determined by their sensitivity, but specificity and PPV should be taken into account. For AF screening, high specificity is paramount to minimise false-positive detection which can lead to unnecessary anxiety, overuse of healthcare resources, and even result inappropriate anticoagulation.14, 15 The combination of low specificity and a high number of unclassified SL-ECGs are concerning if the Apple Watch were used a screening tool. For ongoing AF management, high sensitivity is desired to avoid missing clinically significant recurrences that may influence management strategies. 
Physician interpretation of SL-ECGs for AF and sinus rhythm was excellent for both devices,  reinforcing the 2020 European Society of Cardiology guidelines, which, for the first time, recognised physician-interpreted SL-ECGs from wearable devices as evidence for the diagnosis of AF16. However, despite the large proportion of high-quality SL-ECGs in this study, physician interpretation of other rhythms was suboptimal. The heavily filtered nature of SL-ECGs has the effect of obscuring key features, such as P-waves, that are essential for the diagnosis atrial flutter/AT and heart blocks. Atrial and ventricular ectopy, however, were comparatively easier to identify, as their detection mostly relies on QRS timing and morphology. Although several case reports have showcased the potential utility of SL-ECGs in detecting other cardiac rhythms, our findings stress the need for cautious interpretation and management decision should be ideally corroborated by a 12-lead ECG.17, 18 
Atrial flutter and AT detection remain a major limitation of wearable ECGs. In this study, physician interpretation of atrial flutter and AT had poor sensitivity across both devices: 37.5% for the Apple Watch and 22.9% for the CART Ring. These challenges have significant implications for the clinical use of wearable devices in AF management. First, freedom from atrial arrhythmias is a key outcome following catheter ablation, and wearable devices are increasingly leveraged to monitor for arrhythmia recurrence.19, 20 The inability to reliably detect atrial flutter or AT undermines the utility of wearables in monitoring treatment success. Second, recurrence of atrial arrhythmias often dictates subsequent catheter ablation strategies, making accurate differentiation between AF and other atrial arrhythmias critical.20  
Moreover, poor rhythm discrimination is a challenge for new rhythm-guided anticoagulation strategies, such as ‘pill-in-the-pocket’ oral anticoagulation, where therapy is initiated during and shortly after an atrial arrhythmia. The REACT-AF trial (NCT05836987), a multicentre, prospective, randomised study of over 5,300 patients, is underway to compare rhythm-guided anticoagulation using the Apple Watch compared with continuous anticoagulation. Approximately one-fifth of patients with AF also have concomitant atrial flutter; these episodes may go undetected and do not trigger appropriate anticoagulation, leaving patients at risk of thromboembolic events. 21, 22
As wearable technologies evolve, machine learning and artificial intelligence (AI)  will likely continue to further improve their diagnostic metrics, learning through repeated use and training on increasingly large datasets.23 These innovations may potentially mitigate some of the limitations of current technologies identified in this study, such as high rate of unclassified SL-ECGs and inability to accurately identify non-AF arrhythmias. Similarly, progress has been made with implantable cardiac monitors, where the dual-state AI algorithm of the Reveal LINQII (Medtronic) led to an 88.2% reduction in false-positive AF alerts.24, 25 Comparable findings have also been reported with a convolutional neural network classifying AF episode from the Jot Dx (Abbott). 26
The strengths of this study are the inclusion of a broad range of arrhythmias, the use of simultaneous testing with the gold-standard 12-lead ECG, limiting the number of SL-ECGS attempts, creating a rigorous and clinically relevant testing environment. Prior validation studies have potentially overestimated diagnostic performance by focusing solely on AF and sinus rhythm.27  Ranine et al.10, in a similar study which included arrhythmias beyond AF and sinus rhythm, showed that automated AF detection had 69% sensitivity and 81% specificity, aligning with our findings. 
This study had several limitations. Our population was older adults with established cardiovascular disease, limiting the generalisability of findings to younger or asymptomatic individuals who increasingly use wearable devices. The higher prevalence of atrial arrhythmias in our study cohort impacts on performance metrics, such as PPV and NPV, and therefore these must be interpreted with caution. Our results are limited to Apple Watch algorithm version 1.0, and results may differ from improved algorithm versions which require further testing. The CART Ring software version tested has not been disclosed and may not reflect newer iterations. We also limited the number of SL-ECGs recordings to two per device, which may account for the high unclassified rate of SL-ECGs. Our unclassified rates are, however, comparable to those reported in studies without these restrictions, and reflects a more realistic assessment of real-world usability. Importantly, the SL-ECGs in this study were recorded under physician supervision, likely contributing to a good signal quality. In everyday use, where recordings are done independently by users, variability in signal quality may be greater, potentially resulting in even more unclassified ECGs. Lastly, manual adjudication by two independent cardiologists, while strengthening clinical validation, introduces the possibility of human error despite the high level of agreement we observed between adjudicators.
CONCLUSION
The CART Ring’s automated AF detection algorithm outperformed the Apple Watch, with greater sensitivity (84.6% vs. 69.1%) and a significantly lower rate of unclassified SL-ECGs (1.9% vs. 20.1%). Physician interpretation improved diagnostic performance for both AF and sinus rhythm; however, it remained poor for non-AF arrhythmias, such as atrial flutter and atrial tachycardia.
From a clinical perspective, these findings emphasise the limitations of relying solely on automated AF detection algorithms for AF diagnosis and guiding management decisions. The variability in sensitivity and specificity highlights the importance of caution when incorporating wearable devices automated detection into patient care without adequate physician interpretation. Hybrid models that combine automated analysis supplemented with physician interpretation should be prioritised in clinical workflows to maximise the diagnostic utility and reliability of wearable technologies.
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[bookmark: _Hlk193788064]Table 1. Baseline characteristics and demographics for the whole cohort, according to the presenting rhythm on the 12-lead ECG.
	[bookmark: _Hlk193787876]Characteristics
	Total
(N = 483)
	AF
(N=194)
	Not AF
(N=288)
	p-value

	Age, median (Q1-Q3)
	66 (57—75)
	67 (60—74)
	65 (54—75)
	0.041

	Female sex, no (%)
	139 (29%)
	57 (29%)
	57 (29%)
	0.9

	BMI, median (Q1-Q3)
	27.8 (24.9—32.5)
	28.9 (25.7—32.9)
	27.5 (24.5—31.6)
	0.06

	Ethnicity, n (%)
	
	
	
	0.6

	   Caucasian
	469 (97%)
	192 (98%)
	277 (96%)
	

	Co-morbidities, n (%)
	
	
	
	

	   Ischaemic Heart Disease
	113 (22.6%)
	20 (10%)
	88 (31%)
	<0.001

	   Myocardial Infarction
	68 (13.7%)
	12 (6.2%)
	55(19%)
	<0.001

	   Atrial Fibrillation
	292 (60.8%)
	182 (93%)
	110 (38%)
	<0.001

	   Atrial Tachycardia/Flutter
	59 (11.8%)
	22 (11%)
	37 (12%)
	0.9

	   Congestive Cardiac Failure
	101 (21%)
	53 (27%)
	48 (17%)
	0.008

	   Hypertension
	153 (32%)
	69 (35%)
	84(29%)
	0.2

	   Valvular Heart Disease
	86 (18%)
	46 (24%)
	40 (14%)
	0.009

	   Cardiac Surgery
	50 (10%)
	22 (11%)
	28 (9.7%)
	0.7

	   Stroke/TIA
	29 (6.0%)
	20 (10%)
	9 (3.1%)
	0.02

	   Diabetes Mellitus
	34 (7.0%)
	16 (8.2%)
	18 (6.3%)
	0.5

	Anticoagulation, n (%)
	
	
	
	

	   DOACS
	250 (51.7%)
	110 (36%)
	140 (49%)
	<0.001

	   Warfarin
	20 (4.0%)
	12 (6.2%)
	8 (2.6%)
	0.07

	Rate control drugs, n (%)
	
	
	
	0.006

	   Beta-blocker
	245 (50.7%)
	140 (72%)
	105 (36.%)
	

	   Calcium-channel blocker
	20 (4.0%)
	12 (6.2%)
	8 (2.6%)
	

	   Digoxin
	12 (2.8%)
	6 (3.1%)
	6 (2.2%)
	

	Antiarrhythmic drugs, n (%)
	
	
	
	0.016

	   Amiodarone
	42 (8.7%)
	21 (7.3%)
	21 (11%)
	

	   Dronedarone
	2 (0.4%)
	—
	2 (0.7%)
	

	   Flecainide
	23 (4.8%)
	4 (2.1%)
	19 (9.8%)
	

	   Propafenone
	2 (0.4%)
	1 (0.5%)
	1 (0.3%)
	

	   Sotalol
	19 (3.9%)
	12 (6.2%)
	7 (2.4%)
	


[bookmark: _Hlk193787965]AF, atrial fibrillation. BMI, body mass index. DOACS, direct oral anticoagulants. ECG, electrocardiogram. TIA, transient ischaemic attack.







[bookmark: _Hlk193788632]Table 2. Diagnostic performance of the automatic detection and physician-interpretation of single-lead ECG for AF using the 12-lead ECG as gold standard.

	[bookmark: _Hlk193788365]Device
	AF detection
	N
	Sensitivity 
(95% CI)
	Specificity 
(95% CI)
	PPV
(95% CI)
	NPV
(95% CI)
	Accuracy
(95% CI)

	Apple Watch
	Algorithm (all ECGs)
	483
	69.1(62.3-75.2)
	72.6 (67.1-77.4)
	62.9 (56.2-69.1)
	77.7 (72.4-82.3)
	71.0 (66.8-74.9)

	
	Algorithm (unclassified excluded)
	386
	84.8 (78.4-89.6)
	91.7% (87.4-94.6)
	87.6 (81.4-91.9)
	89.7 (85.1-93.0) 
	88.9 (85.3-91.6)

	
	Physician (all ECGs)
	483
	95.4 (91.4-97.5)
	89.6 (85.6-92.6)
	86.0 (80.8-90.0)
	96.6 (93.7-98.2)
	91.9 (89.2-94.0)

	CART
Ring
	Algorithm (all SL-ECG)
	483
	84.6 (78.9-89.0)
	89.9 (85.9-92.9)
	85.1 (79.4-89.4)
	89.6 (85.6-92.6)
	85.1 (84.7-90.4)

	
	Algorithm (unclassified excluded)
	474
	86.4 (80.8-90.5)
	91.2 (87.3-93.9)
	86.8 (81.3-90.9)
	90.8 (86.9-93.7)
	89.2 (86.1-91.7)

	
	Physician (all SL-ECG)
	483
	94.3 (90.1-96.8)
	88.9 (84.8-92.0)
	85.1 (79.7-89.3)
	95.9 (92.8-97.7)
	91.1(88.2 -93.3)
















[bookmark: _Hlk193788737]AF, atrial fibrillation. CI, confidence intervals. ECG, electrocardiogram. NPV, negative predictive value. PPV, positive predictive value. SL-ECG, single-lead electrocardiogram.
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[bookmark: _Hlk193788975]Figure 1. Diagnostic performance of the Apple Watch and CART Ring for AF detection compared to a 12-lead ECG. Panel A presents sensitivity, and Panel B depicts specificity, across three analytic categories: the worst-case scenario analysis (including all SL-ECGs), the lenient analysis (excluding unclassified ECGs), and physician interpretation of SL-ECGs.
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[bookmark: _Hlk193789576]Figure 2. Diagnostic performance of the Apple Watch and CART Ring for atrial arrhythmias compared to a 12-lead ECG. Panel A illustrates sensitivity, and Panel B outlines specificity, across three analytic categories: the worst-case scenario analysis (including all SL-ECGs), the lenient analysis (excluding unclassified ECGs), and physician interpretation of SL-ECGs.
[bookmark: _Hlk193789133]Table 3. Classification of unclassified ECGs from the Apple Watch and CART Ring compared to corresponding rhythms identified on 12-lead ECGs.

	
	Apple Watch
	
	CART Ring

	12- Lead ECG
	HR < 50 bpm
(N=16)
	HR > 120 bpm
(N=8)
	Inconclusive
(N=61)
	Poor recording
(N=12)
	
	Poor Recording 
(N=9)

	Atrial fibrillation
	1 (6.2%)
	3 (38%)
	28 (45%)
	5 (42%)
	
	4 (44%)

	Sinus rhythm
	9 (56%)
	1 (12%)
	16 (27%)
	6 (50%)
	
	3 (33%)

	Atrial Flutter/AT
	1 (6.2%)
	4 (50%)
	11 (18%)
	—
	
	2 (22%)

	Sinus rhythm with ectopy
	1 (6.2%)
	—
	4 (6.7%)
	1 (8.3%)
	
	—

	AF with complete heart block
	—
	—
	—
	—
	
	—

	Complete heart block
	3 (19%)
	—
	1 (1.7%)
	—
	
	—

	Ventricular tachycardia
	—
	—
	1 (1.7%)
	
	
	—

	Junctional rhythm
	—
	—
	—
	—
	
	—


AT, atrial tachycardia. bpm, beats per minutes. CHB, complete heart block.

Table 4. Automated detection and physician interpretation for atrial flutter/AT with regular and irregular block using all SL-ECG recordings (‘worst-case’ scenario analysis).   

	Device
	Detection Method
	Atrial flutter/AT with irregular block
(n=24)
	Atrial flutter/AT with regular block
(n=24)
	P-value

	Apple Watch
	Automated detection 
	
	
	0.012

	
	    • Atrial fibrillation
	9 (38%)
	1 (4.2%)
	

	
	    • Sinus rhythm
	10 (42%)
	12 (50%)
	

	
	    • Unclassified
	5 (21%)
	11 (46%)
	

	
	Physician Interpretation 
	
	
	0.002

	
	    • Atrial fibrillation
	18 (75%)
	6 (25%)
	

	
	    • Atrial flutter/AT
	5 (21%)
	13 (54%)
	

	
	    • Sinus rhythm
	1 (4.2%)
	5 (21%)
	

	CART Ring
	Automated detection 
	
	
	0.036

	
	    • Atrial fibrillation
	13 (54%)
	5 (21%)
	

	
	    • Sinus rhythm
	10 (42%)
	18 (75%)
	

	
	    • Unclassified
	1 (4.2%)
	1 (4.2%)
	

	
	Physician Interpretation 
	
	
	<0.001

	
	    • Atrial fibrillation
	21 (88%)
	5 (21%)
	

	
	    • Atrial flutter/AT
	—
	11 (46%)
	

	
	    • Sinus rhythm
	1 (4.2%)
	5 (21%)
	

	
	    • Sinus rhythm with ectopy
	
	
	

	
	   • Uninterpretable
	
	
	


AT, atrial tachycardia. SL-ECG, single-lead electrocardiogram.
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Figure 3. Physician interpretation of single-lead ECGs from the Apple Watch (A) and CART Ring (B) compared to rhythms identified on 12-lead ECGs. AF, atrial fibrillation. AT, atrial tachycardia. CHB, complete heart block. VT, ventricular tachycardia.
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