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Abstract 

 

Atrial fibrillation (AF) affects over 50 million people worldwide and carries substantial 

downstream morbidity, mortality, and cost. Yet many contemporary screening programs rely 

primarily on age thresholds -- an approach that is operationally simple but can be imprecise for 

identifying near-term risk. AI applied to handheld single-lead ECGs can predict incident AF with 

accuracy similar to established clinical risk scores, but real-world deployment remains limited by 

signal noise, workflow complexity, and unclear risk thresholds. 

 

Main Text 

 

Atrial fibrillation (AF) is a growing public health burden, affecting about 52.6 million people 

worldwide in 2021, and accounting for roughly 340,000 deaths. In the U.S. alone, patients with 

AF incur an additional $6,200 in healthcare costs per year compared with those without1,2. 
European Society of Cardiology guidelines, for example, recommend screening in adults aged 

≥65 years during routine clinical encounters (that is, assessments performed ‘opportunistically’ at 

a regular visit rather than through a dedicated screening program)3. While this approach is easy 

to implement at scale, age thresholds can be an imprecise proxy for atrial substrate and near-term 

risk -- screening many people who will not develop AF soon while offering limited guidance for 

identifying higher-risk individuals under 65. 

 

One illustration of this trade-off comes from VITAL-AF, a pragmatic primary-care trial 

embedding handheld single-lead ECG screening into routine visits for patients aged ≥65 years4. 

Over two years, incident AF was identified in only a small fraction of screened individuals 

(3.1%), highlighting how an age cut-off can capture many people who will not develop AF in the 

near term4. Importantly, because VITAL-AF enrolled only older adults, it does not resolve how 

best to approach risk identification in those under 65—where age thresholds offer little guidance 

and where earlier atrial remodeling may still matter for prevention. 

 

Clinical risk prediction tools may offer a more targeted alternative. The Cohorts for Aging 

Research in Genomic Epidemiology Atrial Fibrillation (CHARGE-AF) model accurately predicts 

incident AF but requires calculation of 11 clinical variables, limiting its use in clinical practice5. 

As a result, despite guideline endorsement of risk-informed approaches, most clinicians fall back 

on the simple age threshold because it is practical, fast, and does not require additional data entry 

during routine visits. This gap between methodological rigor and real-world usability emphasizes 

the need for scalable screening strategies that balance predictive accuracy with clinical 

practicality. 

 

The Promise of Handheld Electrocardiography 

 

Handheld single-lead ECG devices (1L ECG) offer a potential solution to both the efficiency 

problem and the complexity of traditional risk scores6. These devices generate 30-second ECG 

recordings using finger electrodes, which are then uploaded via mobile apps to secure servers for 

automated analysis and review. The 2020 ESC guideline has accepted these devices as a Class I 

recommendation for opportunistic screening because of their diagnostic validity3. 
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While these devices detect current AF, they have rarely been used to predict future risk. 

Handheld ECG devices differ from standard 12-lead ECGs in several ways, including sampling 

rates, greater susceptibility to noise, and less controlled recording environments. These factors 

have historically limited the ability to directly apply machine-learning models trained on 12-lead 

ECGs to handheld devices7,8. Nonetheless, large-scale smartwatch studies using optical 

photoplethysmography have demonstrated the potential of wrist-worn wearables for AF detection 

-- the Apple Heart Study, for example, enrolled over 400,000 participants and found that 34% of 

those with an irregular pulse notification had AF on subsequent ECG patch monitoring, with 

84% of notifications concordant with AF9. 

 

Applying Transfer Learning to ECG Modalities 

 

The discrepancy in modalities is addressed by Khurshid et al. using transfer learning, where a 

pre-trained convolutional neural network model developed using data from over 450,000 single-

lead recordings extracted from 12-lead ECGs was applied to handheld 1L ECG recordings 

(Figure 1)10. The 1L ECG-AI model predicts incident atrial fibrillation using a multi-task 

architecture that processes thousands of data points per recording. A key practical innovation in 

this pipeline is the selection of the quietest 10-second window from each 30-second tracing, 

enabling the model to prioritize cleaner signal segments rather than learning from noise-

contaminated recordings.  

 

The transfer learning approach works remarkably well. Despite not having been trained on any 

data from handheld devices, the 1L ECG-AI model achieved performance similar to a model 

trained de novo on VITAL-AF data (AUROC 0.672 versus 0.667). Notably, fine-tuning the 

model on handheld-device data did not offer meaningful improvement, suggesting that broad 

pre-training on large ECG datasets captures features that generalize well across acquisition 

settings10. 

 

Clinical Performance and Risk Reclassification 

 

Beyond technical generalizability across ECG modalities, a key question is whether this transfer 

learning approach improves clinical risk stratification in practice. In the complete VITAL-AF 

population, the 1L ECG-AI model combined with age and sex (1L ECG-AI AS) achieved an 

AUROC of 0.695 (95% CI 0.637–0.742), which was not significantly different from CHARGE-

AF (AUROC 0.679, 95% CI 0.623–0.730)10. 

 

Notably, 1L ECG-AI AS facilitates risk-informed screening that enables substantial efficiency 

gains. Using a ≥3% two-year risk threshold, the authors report favorable reclassification 

compared with an age ≥65 strategy, with decision curve analysis supporting net benefit across 

clinically relevant threshold probabilities10. This framing makes the central point: the output is a 

probability that can be aligned to local resources, follow-up capacity, and patient preferences if 

thresholds are defined transparently. 

 

The model demonstrates physiologic plausibility. Model-attention maps consistently emphasized 

the P-wave region -- an expected location for subtle signs of atrial stress -- suggesting the 

network is focusing on physiologically relevant patterns11. Performance is better for persistent 
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than paroxysmal forms of AF (AUROC 0.717 versus 0.601), likely reflecting more prominent 

ECG manifestations in persistent disease10. 

 

Implementation Challenges and Limitations 

 

Several barriers limit immediate clinical implementation. First, the computational requirements 

for model inference are modest and well suited to cloud-based deployment, but establishing 

robust signal-quality preprocessing pipelines and integrating these AI tools into existing clinical 

workflows may be challenging outside well-resourced health systems, particularly in smaller 

practices10. Signal quality also remains an issue: the VITAL-AF medical assistants were trained 

specifically for device operation, whereas consumers using these devices at home may obtain 

noisier tracings4,12. The confidence intervals in subgroup analyses, particularly for paroxysmal 

versus persistent AF, reflect these precision limitations10. 

 

Moreover, generalizability issues also persist. For example, the VITAL-AF trial population was 

mostly white (82.9%) from New England family practices, reducing confidence in how the 

model might perform in regions or populations with different AF prevalence, comorbidities, or 

typical ECG characteristics4. The algorithm has not been studied in younger populations or in 

patients with implanted devices10. The regulatory process for AI-assisted screening devices 

requires proof of clinical utility in addition to technical validation. Similar to other digital 

diagnostics, broader adoption depends on outcome studies that demonstrate real-world benefit 

beyond algorithmic accuracy alone13. 

 

Future Directions for Risk-Informed Screening 

 

Despite these limitations, several technical and clinical advances could address these barriers. 

Appropriate risk thresholds will need to balance sensitivity and specificity -- higher risk 

thresholds increase specificity and positive predictive value, which may be more cost-efficient in 

resource-limited environments by reducing false-positive referrals, whereas lower risk thresholds 

increase sensitivity, which may be preferable in broader screening programs where the priority is 

to minimize missed cases of incident AF10. Khurshid et al. report better performance in younger 

and lower-comorbidity groups, suggesting potential for screening extension to individuals under 

65 years10. Integration into electronic health records, which may allow automated calculation of 

AF risk during routine care, could make risk-informed screening easier to adopt.  

 

Longer-term monitoring strategies need further exploration. While the two-year prediction 

interval corresponds well to screening intervals, accumulating serial 1L ECGs may detect 

changes in atrial substrate over time10. Continuous or intermittent ECG analysis using devices 

such as smartwatches could offer richer information for dynamic risk updating than single-

timepoint screening, but it represents an “active” measurement that requires user engagement 

and is best suited for confirmatory testing and risk stratification14. In contrast, passive, always‑on 

photoplethysmography on smartwatches supports continuous, population‑scale surveillance, with 

ECG (whether handheld, phone‑based, or smartwatch‑based) reserved for rhythm confirmation 

and treatment decisions15,16.  

 

Conclusions 
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Age thresholds for AF screening can be considered somewhat crude instruments—they may 

catch too many people who will never develop the condition, while missing younger individuals 

already at risk. Khurshid et al. demonstrate that AI analysis of a handheld single-lead ECG can 

predict new cases of AF as effectively as traditional risk prediction scores, using just age, sex, 

and a 30-second rhythm strip10. Yet several challenges must be addressed before these 

technologies enter routine practice, including signal quality management, determination of 

appropriate risk thresholds, demonstration of clinical utility in diverse populations, and 

establishment of regulatory frameworks. Closing the gap between algorithmic potential and 

clinical adoption could shift AF screening from age-based thresholds to individualized, risk-

based prevention. 
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Figure 1. Transfer learning pipeline enabling AF risk prediction from handheld single-lead 

ECGs 

 
A schematic overview of the AI-enabled transfer learning pipeline used to predict atrial fibrillation (AF) risk from 

handheld single-lead (1L) ECG recordings. A convolutional neural network (CNN) is first pre-trained on over 

450,000 clinical 12-lead ECGs (Steps 1–2). Transfer learning adapts the model for use with handheld 1L ECGs 

(Step 3). A 30-second 1L ECG is acquired (Step 4), the cleanest 10-second window is automatically identified (Step 

5), and the segment is analyzed by the 1L ECG-AI model (Step 6) to produce an AF risk estimate (Step 7). 


