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ABSTRACT 

Atrial fibrillation (AF) increases the risk of stroke and heart failure, yet accurate quantification of AF burden in daily life remains 
difficult. Although smartwatch photoplethysmography (PPG) supports continuous monitoring, complex rhythms and signal noise 
can impair burden estimation. We developed an AI-enhanced dual-modal framework that combines continuous watch-based 
PPG (W-PPG) with intermittent single-lead watch-based ECG (W-ECG). A hybrid convolutional neural network–long short- 
term memory model uses high-fidelity W-ECG segments as dynamic anchors to correct long-term W-PPG classifications. In 
this prospective validation study, 1,054 patients with AF undergoing catheter ablation (mean age, 62.1 years) were evaluated 
against patch-based ECG as the reference standard. After ECG-based correction, the system achieved 98.60% sensitivity and 99.27% 

specificity. The mean absolute percentage error of AF burden decreased by 23.4%, from 1.11% to 0.85%, while the Pearson correlation 
remained 0.9988. This dual-modal approach offers a scalable and clinically practical solution for long-term AF monitoring, 
improving burden estimation beyond PPG-only devices without requiring continuous multi-lead ECG. It may support personalized 
AF management and large-scale cardiovascular screening in real-world settings. (NCT06552468) 
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 Introduction 

trial fibrillation (AF) is the most common sustained cardiac
rrhythmia encountered in clinical practice. Pathophysiologi-
ally, it is characterized by rapid and highly disorganized atrial
lectrical activity, which results in the loss of effective atrial
echanical contraction and gives rise to an absolutely irregular
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ventricular rhythm [ 1–3 ]. With global population aging, the
prevalence of AF has risen dramatically and now represents a
major public health burden [ 4, 5 ]. The latest Global Burden of
Disease (GBD) study showed that the number of individuals
with AF and atrial flutter increased from 22.2 million in 1990 to
59.7 million in 2021, representing an increase of more than 160%
[ 4 ]. Projections further suggest that the prevalence of AF will
se, which permits use, distribution and reproduction in any medium, provided the 
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ontinue to increase and may even double by 2050, thereby posing
 profound challenge to global healthcare systems in this century
 6 ]. 

he clinical burden of AF extends far beyond the arrhythmia itself
nd is largely driven by its association with a series of severe com-
lications [ 7, 8 ]. Patients with AF have an approximately fivefold
igher risk of ischemic stroke than those without AF, and AF-
elated strokes are generally associated with greater disability and
ortality. Previous studies have shown that approximately 20%–
0% of ischemic strokes are directly related to either subclinical or
reviously diagnosed AF [ 9, 10 ]. In addition, AF and heart failure
xhibit a complex and tightly intertwined bidirectional relation-
hip. AF increases the risk of heart failure by approximately
hreefold and is associated with a marked increase in all-cause
ortality [ 11 ]. In recent years, the adverse impact of AF on
eurocognitive function has also attracted increasing attention.
vidence indicates that AF is associated with a 39% increase in
he risk of cognitive impairment and a 1.4- to 2.2-fold higher
isk of dementia, including Alzheimer’s disease. This association
emains significant even after adjustment for clinical stroke,
uggesting that microembolism and cerebral hypoperfusion may
lay important pathogenic roles [ 12, 13 ]. 

eyond its substantial impact on disease risk, AF also imposes
 considerable economic burden. Studies have shown that the
nnual per-patient healthcare expenditure in individuals with
F is approximately US$6000–12 000 higher than that in those
ithout AF, with more than 70% of the total cost attributable to
ospitalization and the management of related complications [ 14,
5 ]. However, because AF is often highly occult, particularly in
he setting of asymptomatic AF, many patients remain undiag-
osed until severe adverse events such as stroke occur [ 16–18 ].
herefore, the development of highly accurate early screening
echnologies and continuous dynamic monitoring strategies is of
ritical importance not only for optimizing individualized treat-
ent and preventing adverse cardio-cerebrovascular events, but
lso for alleviating the growing global healthcare and economic
urden. 

t present, the diagnosis and assessment of AF still rely pre-
ominantly on short-term event-detection tools, such as 12-lead
lectrocardiography (ECG) and 24 h Holter monitoring [ 19–21 ].
lthough Holter monitoring can capture AF episodes occurring
ver a short observation window, its limited monitoring duration
akes it insufficient for reflecting round-the-clock and long-
erm variations in rhythm burden. Implantable cardiac electronic
evices, such as implantable cardioverter-defibrillators or con-
inuous rhythm monitors, can provide longer-term continuous
ecordings; however, their invasiveness, high cost, and procedural
omplexity limit their broad applicability in large-scale popula-
ion screening [ 22–24 ]. More importantly, AF is not merely a
inary condition defined by the presence or absence of arrhyth-
ia, but rather a dynamic disease with continuous-spectrum
haracteristics [ 23, 25 ]. AF burden, defined as the proportion
f cumulative AF duration over the total monitoring time, is
losely associated with long-term adverse outcomes, including
troke, heart failure, and mortality [ 25, 26 ]. Nevertheless, cur-
ent clinical practice and most existing monitoring technologies
emain largely focused on event identification, whereas precise
uantitative assessment of AF burden remains insufficient. 
of 19
With the rapid development of wearable devices and artificial
intelligence (AI), AF screening based on portable, low-cost,
and continuously operating monitoring platforms has emerged
as an important research direction in this field [ 27–29 ]. Pho-
toplethysmography (PPG) is a noninvasive optical biosensing
technique that indirectly reflects cardiovascular dynamics by
detecting changes in light reflection caused by cyclic fluctuations
in microvascular blood volume [ 30–33 ]. Because PPG can be
readily integrated into wearable terminals such as smartwatches
and enables continuous monitoring with minimal user burden, it
has shown considerable promise for AF screening and long-term
management [ 34–36 ]. Pereira et al. reported that PPG-based mon-
itoring strategies combined with signal processing and machine
learning/deep learning algorithms have already demonstrated
favorable performance in AF detection and hold promise for
large-scale public health screening [ 37 ]. 

More recently, smartwatch-based PPG algorithms have also
been explored for quantitative AF burden assessment. Wang
et al. developed and validated a PPG-based machine learning
model for AF burden estimation using smartwatch monitoring
and demonstrated good concordance with Holter-derived AF
burden metrics, supporting the potential of wearable PPG for
noninvasive and convenient tracking of AF progression [ 38 ].
In addition, the DoubleCheck-AF study evaluated a wrist-worn
device integrating continuous PPG-based AF screening with
instant ECG rhythm confirmation and showed that the addition
of ECG could help maintain high specificity, particularly in
patients with frequent premature contractions [ 39 ]. These recent
findings further support the clinical value of wearable PPG
monitoring while highlighting the importance of ECG-assisted
confirmation or correction to improve diagnostic reliability in
real-world settings. 

Methodologically, PPG-based AF detection mainly relies on the
capture of pulse interval variability and other time-domain and
frequency-domain features, which are subsequently combined
with conventional statistical methods or machine learning mod-
els to discriminate AF from sinus rhythm [ 37, 40 ]. However, PPG
signals are highly susceptible to motion artifacts, ambient light
interference, and nontarget physiological noise, thereby limiting
detection accuracy and robustness [ 30, 41, 42 ]. To improve
recognition performance under complex real-world conditions,
deep learning approaches have been widely introduced into PPG
signal analysis [ 43–45 ]. Aldughayfiq et al. developed a hybrid
architecture integrating convolutional neural networks (CNNs)
and long short-term memory (LSTM) networks to classify AF by
fusing ECG and PPG time-series data, achieving approximately
95% accuracy, 88% precision, and 85% sensitivity in the test
set [ 46 ]. These findings indicate that CNNs can automatically
extract rich local features from raw time-series signals, including
waveform morphology and instantaneous amplitude variation,
whereas LSTMs are well suited for modeling long-range tempo-
ral dependencies, such as the persistent evolution of irregular
rhythm patterns. Together, these complementary capabilities
substantially enhance the robustness of AF recognition. 

Similarly, Aschbacher et al. compared multiple analytical strate-
gies for AF detection using PPG-derived data and showed that,
whereas logistic regression analysis based on heart rate variability
achieved an area under the receiver operating characteristic curve
Advanced Science, 2026
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AUC) of 0.717 (sensitivity, 0.741; specificity, 0.584), the LSTM
odel trained on heart rate data improved the AUC to 0.954
sensitivity, 0.810; specificity, 0.921). Notably, the deep neural
etwork trained directly on raw PPG waveforms yielded the best
erformance, with an AUC of 0.983, sensitivity of 0.985, and
pecificity of 0.880 [ 47 ]. This further highlights that deep neural
etworks can not only automatically learn key discriminative
atterns embedded in PPG signals, but also suppress noise
nterference to a certain extent, making them particularly suitable
or continuous monitoring in dynamic environments. 

he application of PPG in practical wearable devices has also
radually entered the stage of clinical validation. Mobile health
pplications such as FibriCheck, through joint analysis of PPG
nd single-lead ECG signals, achieved approximately 96% sen-
itivity and 97% specificity for AF screening in primary care
opulations [ 48 ]. In addition, several recent studies have reported
hat CNN-based PPG models can achieve real-time AF detection
ith accuracy and sensitivity exceeding 98%, further underscor-
ng the potential of integrating deep learning with PPG for
earable AF monitoring [ 49 ]. 

espite these advances, current studies and applications still
ace several substantive challenges. First, PPG signals are highly
ensitive to motion artifacts and ambient light interference,
esulting in insufficient detection stability. Second, the perfor-
ance of existing algorithms often deteriorates substantially in
igh-noise scenarios, such as vigorous movement or complex
hythm disturbances. Finally, most currently available PPG-
nly strategies remain primarily focused on AF event detection,
hereas investigations into the continuous and precise quan-
ification of AF burden remain relatively limited. Collectively,
hese limitations have markedly constrained the clinical transla-
ion of PPG technology for large-scale screening and long-term
ontinuous dynamic monitoring. 

o address the limitations of existing AF monitoring strategies,
e developed an AI-enhanced multimodal smartwatch system
hat combines continuous PPG monitoring with ECG-assisted
orrection to enable more continuous and accurate quantification
f AF burden. The system employs a deep learning framework
ntegrating convolutional neural network (CNN) and long short-
erm memory (LSTM) architectures for precise interpretation and
ynamic correction of multimodal signals. In this framework,
PG serves as the primary modality for long-term, continu-
us rhythm surveillance, whereas ECG provides high-fidelity
lectrophysiological reference information for calibration. Specif-
cally, the CNN module automatically extracts high-level local
eatures from the signals, including waveform morphology and
eat-to-beat interval fluctuations, thereby reducing reliance on
andcrafted feature engineering, and improving the accuracy of
F recognition and assessment. The LSTM module further cap-
ures long-range temporal dependencies within the time-series
ata, making it particularly suitable for identifying persistent
rregular rhythm patterns and their temporal evolution, and
hereby enhancing the fine-grained evaluation of AF burden. 

o further improve monitoring accuracy and robustness, the
martwatch is additionally equipped with a single-lead ECG mod-
le, which acquires ECG signals through three complementary
odes: scheduled ECG triggering, event-triggered ECG acqui-
dvanced Science, 2026
sition following positive screening results, and user-initiated
ECG recording. These ECG recordings are used to calibrate
and correct PPG-derived AF burden estimates under real-world
conditions. Because PPG signals are inherently susceptible to
motion artifacts, premature beats, and other nonspecific interfer-
ences, the inclusion of ECG enables verification and refinement
of PPG-based results, thereby improving both reliability and
quantitative precision. Through the joint analysis of continuously
acquired PPG signals and intermittently recorded ECG signals,
this multimodal system achieves more continuous, accurate, and
robust AF burden monitoring than single-modality approaches. 

Overall, the system developed in this study consists of two
independent but complementary modules: a smartwatch module
for signal acquisition and a cloud-based algorithmic module for
computational analysis. Together, these modules enable precise,
reliable, and continuous dynamic assessment of AF burden and
are well suited for long-term monitoring in real-world settings.
By combining the continuity and scalability of PPG with the
diagnostic fidelity of ECG, together with CNN- and LSTM-based
signal correction, this approach has the potential to overcome the
limitations of traditional AF monitoring strategies in timeliness,
accessibility, and quantitative capability. It may therefore provide
an efficient, user-friendly, and clinically translatable solution for
future AF screening, burden assessment, risk stratification, and
long-term health management. 

2 Results and Discussion 

2.1 Design of the Dual-Modal Wearable 
Monitoring System 

Clinicians typically assess irregular cardiac electrical activity
using standard ECG, while simultaneously analyzing pulse
rate variability and rhythm irregularity from PPG signals. This
combined approach enables a quantitative evaluation of AF
burden, defined as the percentage of time spent in AF over the
total analyzable recording duration. Inspired by the synergistic
monitoring of multimodal physiological signals, we developed
a dual-modal wearable monitoring system for continuous and
precise AF surveillance. This system, provided by Chengdu Xin-
jikang Technology Co., Ltd., consists of two core components: a
wrist-based ECG acquisition module (W-ECG) and a wrist-based
PPG acquisition module (W-PPG) (Figure 1B ). By integrating
PPG and single-lead ECG signals within a smartwatch platform,
the system enables uninterrupted PPG monitoring together with
user-initiated ECG recording on demand, thereby overcoming
the short-term limitations of conventional Holter monitoring and
reducing the cost burden associated with invasive devices. 

2.1.1 Watch-Based PPG Module (W-PPG) 

The W-PPG module was integrated into a smartwatch and
constructed around an optical sensing system optimized for stable
long-term acquisition. To improve light penetration and enhance
signal fidelity, the optical probe was tailored to the optical
properties of human skin and operated at a sampling frequency
of 25.6 Hz. The probe adopted a reflective optical architecture
and incorporated a multi-wavelength LED source, including a
3 of 19

ive C
om

m
ons L

icense



FIGURE 1 AI-Enhanced Dual-Modal Smartwatch and Patch System for Accurate Atrial Fibrillation Burden Assessment. This figure illustrates the 
hardware, data processing workflow, and diagnostic performance of the dual-modal wearable system integrating smartwatch PPG/ECG and patch-based 
ECG with AI correction. (A) Exploded view of the patch components, including upper and lower shells, power button, battery, main PCB, and light PCB. 
(B) Exploded view of the smartwatch components, including screen, main PCB, sensor switch, battery, housing, sensor PCB, back cover, and electrodes. 
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25 nm green LED, together with multiple large-area photodiode
eceivers, thereby enabling sensitive detection of pulsatile blood
olume changes. 

o support prolonged wearable use, the smartwatch back cover
as fabricated from biocompatible materials to ensure skin
afety and wearing comfort, while the silicone strap provided
lexibility, breathability, and skin compatibility. During operation,
trap tightness could be adjusted to maintain stable skin con-
act and improve signal-to-noise ratio, while avoiding excessive
ompression of superficial capillaries that might otherwise distort
he PPG waveform. The module was built on a low-power
AX86176 pulse-sensing platform embedded in an Android-
ased smartwatch. Under continuous monitoring conditions, the
luetooth unit and main controller consumed an average current
f ≈ 7 mA, whereas the total system current was ≈ 10 mA, with W-
PG accounting for the major share of power consumption. This
ower-management strategy supported continuous operation for
ore than 24 h, together with rapid recharging within ≈ 1 h. 

.1.2 Watch-Based ECG Module (W-ECG) 

he W-ECG module incorporated two dry stainless-steel elec-
rodes: one located on the back of the watch case, remaining
n continuous contact with the wearer’s wrist, and the other
ositioned on the front/upper side of the case, contacted by a
inger of the opposite hand to complete the measurement circuit.
 separate capacitive touch switch, activated by the opposite-
and thumb, was used to initiate and terminate ECG recording
Figure 2C ). ECG signals were acquired at 512 Hz. This design
enerated a potential difference between the left and right upper
imbs and was therefore functionally equivalent to a standard lead
 ECG configuration. 

o improve practicality in everyday use, the smartwatch incorpo-
ated a rapid-start mechanism that allowed W-ECG recording to
e initiated by a simple touch, enabling convenient operation and
fficient signal acquisition in daily-life scenarios. Unlike most
xisting smartwatches that restrict each W-ECG recording to a
ixed 30 s duration, the present device supported extended record-
ngs beyond 30 s according to user habits and actual monitoring
eeds, thereby allowing the capture of richer electrophysiological
nformation. 

.1.3 Patch-Based ECG Module (P-ECG) 

he P-ECG module employed a flexible patch-based single-
ead device designed for extended wear and continuous ECG
cquisition in clinical settings. The device incorporated standard
lectrode interfaces and an ergonomically optimized structure,
ncluding refined electrode layout and fitting curvature, to
mprove wearing stability on the chest surface (Figure 1A ). By
C) Workflow showing simultaneous W-PPG and W-ECG signal acquisition. W-
ased AF classification, and patch-based ECG (P-ECG) was used as the gold
efore (blue) and after (orange) AI correction. Metrics include AUC, SE, SP,
fter correction. Abbreviations: AF: Atrial Fibrillation; W-ECG: Watch-based E
atch-based Electrocardiogram; AI: Artificial Intelligence; SE: Sensitivity; SP: S
CC: Accuracy. 

dvanced Science, 2026
integrating highly sensitive flexible electrodes with an ultra-
low-power analog front-end circuit, the system enabled stable
ECG acquisition at a sampling frequency of 250 Hz and ensured
reliable capture of irregular cardiac rhythms. 

To reduce baseline drift and external interference, standard-
ized skin preparation was performed before use, including hair
removal, and degreasing with 75% alcohol. The long-endurance
performance of this module relied on an MCU-based architecture
combined with an ultra-low-power analog front-end chip, with
a typical average current of ≈ 1.5 mA under a 3.3 V supply. This
configuration supported continuous wear for up to 7 days and
was therefore suitable for prolonged clinical monitoring. Func-
tionally, this acquisition mode was comparable to conventional
Holter recording, and the collected data were used as the gold
standard throughout the study. 

2.1.4 Communication and Time-Synchronization 

Module 

The communication and synchronization module comprised a
lithium battery pack and a Bluetooth Low Energy (BLE) interface,
enabling precise temporal synchronization across devices. The
smartwatch and patch were paired in real time via the BLE
protocol, with timestamp alignment applied to ensure accurate
correspondence between signals during subsequent analyses,
thereby minimizing the influence of temporal drift on RR interval
or pulse-peak interval assessment. In addition, this module
supported low-power wireless signal transmission, preserving the
overall energy-efficient characteristics of the system. 

2.1.5 System-Level Collaborative Acquisition Strategy 
and Monitoring Principle 

Based on the above hardware design, we established a
smartwatch-centered dual-modal monitoring strategy that
enabled coordinated acquisition of W-PPG and W-ECG,
thereby providing complementary physiological information for
continuous AF monitoring and burden assessment. Specifically,
W-PPG served as the primary modality for long-term, low-burden
pulse-wave acquisition and captured pulse rate variation and
rhythm irregularity, whereas W-ECG provided short-duration yet
high-specificity electrophysiological information and functioned
as a real-time anchor for signal correction. By combining these
two modalities, AF-related features could be identified jointly
from both hemodynamic and electrophysiological dimensions,
thereby improving the accuracy of AF detection and burden
estimation. 

At the signal-analysis level, AF is typically manifested in PPG
as markedly irregular pulse intervals and loss of rhythmic con-
sistency, whereas in ECG it is characterized primarily by the
ECG was used to correct W-PPG via feature extraction and deep learning–
 standard for evaluation. (D) Radar plot comparing model performance 
 PPV, NPV, ACC, and F1 score, demonstrating substantial improvement 
lectrocardiogram; W-PPG: Watch-based Photoplethysmography; P-ECG: 
pecificity; PPV: Positive Predictive Value; NPV: Negative Predictive Value; 

5 of 19

 articles are governed by the applicable C
reative C

om
m

ons L
icense



FIGURE 2 Smartwatch-Based PPG Sensor and Touch-Based ECG: Structural and Functional Overview. This figure illustrates the physical 
structure, optical working principle, ECG acquisition, and interpretation of systolic and diastolic components in the smartwatch-based cardiovascular 
monitoring system. (A) Watch-Based PPG Sensor: Physical Structure and Optical Path. Exploded view of the smartwatch PPG sensor, showing the 
LED light source, photodiode detector, and light propagation through the epidermis, dermis, and subcutaneous tissue to detect radial artery pulsation. 
(B) Optical Working Principle: Pulsatile Blood Volume Change. Schematic illustrating how changes in blood volume during systole and diastole affect 
reflected light intensity, forming the basis for PPG signal acquisition. (C) Touch-Based Watch ECG. Illustration of single-lead ECG acquisition via two dry 
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 article
bsence of P waves and absolute irregularity of RR intervals.
n this basis, the system adopted a collaborative strategy of
ontinuous W-PPG monitoring with key W-ECG correction, in
hich W-PPG served as the main source for long-term dynamic
urveillance and W-ECG acted as a correction reference to
educe false-positive and false-negative classifications caused
y motion artifacts, pulse deficits, premature beats, and other
ources of interference. Through joint modeling of these two
ignal types using deep learning algorithms, the system enabled
ore accurate identification of AF episodes and more reliable
stimation of AF burden. 

n addition, the P-ECG module provided highly reliable single-
ead ECG recordings, and the acquired data were used as the
old standard to validate the accuracy of the smartwatch-based
ual-modal monitoring results and performance evaluation.
ollectively, this system established a smartwatch-centered dual-
odal collaborative monitoring framework, and thus provided a
echnical foundation for long-term, noninvasive, and precise AF
onitoring (Figure 1C ). 

.2 Characterization of W-PPG and W-ECG 

etection Principles 

.2.1 Detection Principle of W-PPG 

PG is a noninvasive optical sensing technique that indirectly
eflects cardiac activity by detecting cyclic changes in microvascu-
ar blood volume over the cardiac cycle. In this study, the W-PPG
odule was integrated into the underside of the smartwatch
nd implemented in a reflective optical configuration. A green
ED with a primary wavelength of 525 nm was used as the
ight source to illuminate the skin tissue. Part of the emitted
ight was absorbed by hemoglobin, whereas the remaining light
as scattered and reflected by the tissue before being captured
y multiple large-area photodiode receivers. The optical design,
ncluding the wavelength selection and light intensity setting,
as optimized according to the optical properties of human skin,
uch as absorption and scattering, to ensure effective penetration
nto the superficial tissue layer and maximize signal contrast
Figure 2A ). 

uring systole, increased arterial blood volume enhances light
bsorption and reduces reflected intensity. During diastole, the
pposite occurs, producing cyclic changes that photodiodes con-
ert into the PPG waveform (Figure 2B ). These cyclic changes
n light intensity are converted by the photodiode receivers into
lectrical signals, thereby generating the PPG waveform. Both the
requency and morphology of the waveform directly correspond
o rhythm dynamics and peripheral pulse behavior (Figure 2D ). 

everal characteristic morphological landmarks can be identified
n the PPG waveform. The systolic peak represents the highest
lectrodes (an upper/front electrode contacted by the opposite-hand finger, and
apacitive touch switch, and the resulting single-lead W-ECG waveform (P, Q,
ystem. Conceptual diagram illustrating the physiological interpretation of th
ontext of cardiac electrical conduction and pulse generation. Abbreviations: PP
ode; AV node: Atrioventricular Node. 

dvanced Science, 2026
point of the waveform and corresponds to maximal peripheral
arterial expansion. The dicrotic notch appears as a downward
inflection on the descending branch and is associated with
aortic valve closure, often being more pronounced in young
individuals with preserved vascular elasticity. The diastolic peak
is a secondary peak following the dicrotic notch and is mainly
attributed to reflected waves from the peripheral vasculature. 

Under sinus rhythm, the pulse-to-pulse interval sequence derived
from continuous hardware acquisition is highly consistent with
the cardiac rhythm, showing low beat-to-beat variability and
high waveform reproducibility. The raw optical signal exhibits
stable periodic oscillations with relatively uniform amplitude.
By contrast, under AF, the rapid and disorganized atrial activity
gives rise to irregular ventricular response, which is reflected in
the PPG signal as pronounced pulse interval irregularity, loss
of rhythmic consistency, and the absence of a fixed temporal
pattern. In addition, waveform amplitude fluctuates markedly,
and the height of the main systolic peaks becomes unstable,
reflecting disturbed peripheral hemodynamics. In some cycles,
missing peaks or fused peaks may occur, corresponding to
rapid ventricular response or premature beats. These signal-level
manifestations form the physiological basis for AF detection
using PPG. 

To ensure signal quality at the hardware level, optical probes were
subjected to factory SNR screening under standardized testing
conditions, and only units with SNR > 10 dB were selected
for deployment. Because PPG signals are inherently susceptible
to multiple sources of interference, the robustness of the W-
PPG module was further characterized experimentally. Motion
artifacts, such as those caused by arm movement or muscle
contraction, may induce baseline drift and spike-like noise. To
mitigate these effects, the module adopted a silicone strap-based
fixation design to reduce relative displacement between the
sensor and skin. In addition, factory screening and experimental
validation confirmed that the optical probe maintained stable
SNR under standardized illumination and skin-mimicking con-
ditions, with a mechanical response time of < 50 ms, thereby
supporting the capture of transient rhythm changes. The system
also exhibited stable output across a humidity range of 20%–100%
and a temperature range of 20 C–40 ◦C. Moreover, no obvious
deterioration in signal quality was observed after 3 months of
storage. Together, these results demonstrate the reliable acquisi-
tion capability of the W-PPG system across different operating
conditions and support its suitability for long-term wearable
monitoring. 

2.2.2 Detection Principle of W-ECG 

W-ECG is a bioelectric sensing modality that directly reflects
cardiac electrophysiological activity by detecting voltage changes
 a back electrode in contact with the wearing wrist), activated by an ECG 

 R, S, and T). (D) PPG Waveform Interpretation and Cardiac Conduction 
e PPG waveform, showing the systolic and diastolic components in the 
G: Photoplethysmography; ECG: Electrocardiogram; SA node: Sinoatrial 
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enerated during myocardial depolarization and repolarization.
n this system, the W-ECG module employed dry stainless-steel
lectrodes to acquire weak cardiac electrical signals through a
ingle-lead circuit. The acquired signal was processed by a high-
ain, low-noise analog front-end circuit, while a driven-right-leg
ircuit was used to suppress common-mode interference and
mprove signal clarity. ECG signals were sampled at 512 Hz,
eeting the requirements for clinical rhythm monitoring. 

he ECG waveform contains several canonical features
Figure 2C ). The P wave reflects atrial depolarization and
ypically exhibits an amplitude of 0.05–0.25 mV. The QRS
omplex reflects ventricular depolarization, with an amplitude
f 0.5–2 mV, and is the most prominent component of the ECG
ignal, representing ventricular electrical activation associated
ith contraction. The T wave reflects ventricular repolarization
nd typically ranges from 0.1 to 0.5 mV. 

nder sinus rhythm, the ECG signal shows regular RR intervals,
lear waveform morphology, low variability, and stable baseline
haracteristics. In contrast, under AF, the ECG signal is charac-
erized by the disappearance of distinct P waves or the presence of
ibrillatory waves, together with absolute irregularity of RR inter-
als and the absence of a fixed repetitive pattern. These features
an be captured directly and accurately by the high-sampling-
ate recording hardware. Meanwhile, the baseline fluctuation
emains relatively limited and the QRS morphology is generally
reserved, unless concomitant conduction abnormalities are
resent, allowing stable representation of ventricular electrical
ctivity. These electrophysiological characteristics provide the
irect basis for AF detection using ECG. 

he hardware complies with YY 9706.247-2021 (equivalent to
EC 60601-2-47) for ambulatory ECG systems, achieving > 95%
RS detection sensitivity, < 30 µV p-p noise levels, and ± 4 ms
R interval accuracy. To further evaluate the reliability of ECG-
ased rhythm monitoring, standardized verification procedures
ere performed, confirming that the device met general require-
ents for acquisition accuracy, noise suppression, safety, and
ffectiveness in clinical settings. 

he ECG hardware performance was characterized in several
spects. First, for noise suppression, the module incorporated
uilt-in 50/60 Hz notch filtering and an amplifier with a
ommon-mode rejection ratio > 80 dB, enabling effective sup-
ression of mains interference and other external noise sources.
lectromyographic interference was further controlled through
ardware thresholding, ensuring clear and stable ECG acqui-
ition. The measured noise level remained below 30 µV p-p,
upporting high-quality signal collection. Second, for long-term
tability, simulated continuous-use testing showed that QRS
mplitude attenuation was < 3%, indicating robust performance
ver prolonged operation. Stable hardware performance was
aintained across varying humidity and temperature gradients,
n compliance with the service-life requirements specified in YY
706.247-2021 (equivalent to IEC 60601-2-47). Third, for popula-
ion adaptability, testing across individuals of different sex, body
eight, and skin type showed that QRS amplitude was not sig-
ificantly associated with sex or body weight. Although R-wave
mplitude was slightly reduced in obese participants, it remained
ufficient for diagnostic use. In addition, signal quality did not
of 19
exhibit significant degradation under sweating conditions, and
the waterproof performance satisfied the corresponding liquid-
protection requirements, supporting stable operation in diverse
real-world scenarios 

In the present analysis, 3280 W-ECG recordings were included,
with 740 participants contributing at least one recording. The
mean number of W-ECG recordings was 3.11 ± 3.37 per partici-
pant, with a median of 2 and a range of 0–15 recordings. 

2.2.3 Synergistic Roles of W-PPG and W-ECG 

The principal advantage of the dual-modal system arises from the
complementary strengths of W-PPG and W-ECG. While W-PPG
enables continuous optical monitoring suitable for prolonged
rhythm surveillance, W-ECG supplies high-fidelity electrophys-
iological data that serve as anchors for verification and correction
of PPG-derived measurements. The integrated platform complies
with GB 9706.225-2021 (equivalent to IEC 60601-2-25), ensuring
consistent stability and accuracy during real-world operation. 

On this basis, the dual-modal system enables effective AF mon-
itoring by combining continuous hemodynamic sensing with
high-specificity electrophysiological anchoring. This design not
only improves detection accuracy and robustness through mul-
timodal integration, but also overcomes, to a certain extent, the
limitations of conventional short-term monitoring approaches.
In clinical practice, the system offers a more comfortable and
practical solution for prolonged rhythm surveillance, while pro-
viding clinicians with more reliable data for early AF screening
and precise management. 

2.3 Mechanistic Basis of AF and Characteristic 
Changes in PPG Signals 

PPG reflects the optical modulation of peripheral microvascular
blood volume over the cardiac cycle, with each pulse peak
corresponding to the mechanical pulsation transmitted to the
periphery. Under sinus rhythm, cardiac electrical activity is
governed by the sinoatrial node in a regular manner, resulting in
stable systemic hemodynamics. Accordingly, the PPG waveform
exhibits highly periodic oscillation with a typical biphasic profile,
including a primary systolic wave and a reflected diastolic
component. The peak-to-peak intervals remain highly consistent
and beat-to-beat amplitude variation is minimal, collectively
indicating stable blood flow and rhythm dynamics (Figure 3 ). 

By contrast, during AF, the rapid and disorganized atrial electrical
activity leads to irregular conduction through the atrioventricular
node, giving rise to an “absolutely irregular” ventricular response.
This irregularity is directly reflected in the PPG signal as unpre-
dictable fluctuations in pulse intervals and increased complexity
of the temporal rhythm pattern. Meanwhile, owing to beat-to-beat
variation in ventricular filling time and stroke volume, the pulse
morphology often becomes unstable under AF. Such instability is
manifested as irregular fluctuations in pulse amplitude, variation
in the upslope and peak width, and inconsistency in the visibility
and position of the dicrotic notch. In some cases, pulse deficit may
also occur, where electrical depolarization is present on ECG, but
Advanced Science, 2026
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FIGURE 3 Smartwatch-Based PPG Sensing and AI-Based Atrial Fibrillation Detection Workflow. This figure illustrates the hardware configura- 
tion, optical signal acquisition, signal processing, and AI-enabled AF classification of the smartwatch-based PPG monitoring system. (A&B) Hardware 
Configuration. Top and side view of the smartwatch PPG sensor, showing the cover material (black PC + ABS), transparent PC lens, tri-color LED 

transmitters, and photodiode detectors (VEMD8080) used for optical signal collection. (C) Signal Processing and AI Classification Workflow. Raw 

PPG signals undergo signal conditioning (filtering and noise removal), feature extraction (R-R sinus rhythm vs atrial fibrillation), and deep learning 
classification to output AF or normal rhythm. (D) Diagnostic Outcome and Wearable Integration. Final classification output displayed on smartwatch 
interface, highlighting non-invasive, real-time, and continuous monitoring with AI-based correction. Abbreviations: PPG: Photoplethysmography; AF: 
Atrial Fibrillation; PC: Polycarbonate; ABS: Acrylonitrile Butadiene Styrene. 
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eripheral perfusion is insufficient to generate a clear pulse wave,
esulting in attenuated or even missing peaks in PPG. 

ased on these features, AF identification from PPG gener-
lly relies on the combined recognition of interval irregularity
nd waveform inconsistency, with temporal alignment to W-
CG used for window-level verification to improve clinical
nterpretability and traceability. This multimodal collaborative
trategy not only improves detection accuracy, but also reduces
isclassification arising from the intrinsic limitations of a single
ignal modality. 

.3.1 Core Sources of False-Positive and False-Negative 
redictions 

n wearable monitoring under free-living conditions, errors
n PPG-based AF detection can be broadly attributed to two
cenarios: irregular patterns not caused by AF, and insuffi-
ient or masked expression of AF-related features. False-positive
redictions mainly arise from physical artifacts or physiolog-
cal non-AF arrhythmias. For example, arm motion, changes
n skin–sensor contact pressure, or loose wearing may intro-
uce motion artifacts, severe baseline drift, and peak jitter. In
dvanced Science, 2026
addition, frequent premature atrial contractions or premature
ventricular contractions, bigeminy or trigeminy, and marked
sinus arrhythmia, such as respiratory sinus arrhythmia, may
produce genuine interval perturbation or rhythm irregularity. If
classification is based primarily on interval irregularity without
sufficient constraints from waveform morphology and signal
quality, these conditions can be erroneously classified as AF
(Figure 3C ). 

False-negative predictions are more likely to occur when periph-
eral perfusion is poor, waveform amplitude is markedly reduced,
or pulse deficit leads to an insufficient number of effective beats.
Under such conditions, the irregularity of AF may be obscured
by missed peak detection and waveform degradation, thereby
preventing reliable recognition by the model. In addition, short
paroxysmal AF episodes or transition states between AF and
sinus rhythm may exhibit only atypical irregularity within a
limited time window, making it difficult for the model to accumu-
late sufficient evidence for confident classification. Furthermore,
temporal misalignment between PPG and ECG, inconsistency
in annotation granularity across windows, and label noise may
all compromise the effectiveness of supervised learning, thereby
increasing the risk of missed detection and weakening model
generalizability. 
9 of 19
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FIGURE 4 Workflow for AI ‑enhanced AF burden estimation from wearable signals. This figure outlines the comprehensive process of data 
acquisition, model implementation, feature matching, and label correction to enhance the accuracy of AF burden assessment using wearable devices. 
(A) Data input and management. Continuous photoplethysmography (W-PPG) and single-lead electrocardiography (W-ECG) are recorded by the 
smartwatch. User-initiated triggers, algorithm-detected PPG events and scheduled prompts ensure synchronous acquisition of W-ECG segments for 
subsequent calibration. (B) AI model implementation. Continuous W-PPG data are segmented and processed by a parallel CNN-LSTM model. The CNN 

branch extracts local waveform morphology and short-term structural features, whereas the LSTM branch captures long-range temporal dependencies 
and rhythm dynamics. The feature representations from the two branches are concatenated and passed through a fully connected classification layer 
to output a predicted rhythm label, either atrial fibrillation (AF) or non-AF, for each segment.(C) AI Correction logic. Feature vectors derived from 

the W-PPG segments are compared with template features extracted from W-ECG–synchronized epochs. Segments exhibiting high feature similarity to 
W-ECG templates are identified, and the corresponding W-PPG labels are corrected. W-PPG labels are recalibrated by comparing the W-PPG feature 
cluster to the W-ECG label and the predefined P-core (positive) and N-core (negative) regions. Segments within the P-core of a W-ECG-positive epoch are 
re-labelled as positive (P), and segments within the N-core of a W-ECG-negative epoch are re-labelled as negative (N). Ambiguous segments (SPN sets) 
are resolved by specified criteria to minimize misclassification. Abbreviations: SENS: Sensitivity; SPEC: Specificity; AUC: Area Under the Curve; PPG: 
Photoplethysmography; ECG: Electrocardiogram; CNN: Convolutional Neural Networks and LSTM: Long Short-Term Memory; P: positive; N: negative; 
SP: set P; SN: set N; SPN: set both. 
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.4 AI-Enhanced Correction Model for 
PG-Assessed AF Burden 

.4.1 Data Collection and Processing 

.4.1.1 Multimodal Signal Acquisition. After
articipants wore the smartwatch and ECG monitoring
evice, the acquisition system continuously recorded two
ypes of long-term signals during daily activities, namely
-PPG and P-ECG. Meanwhile, short-term W-ECG signal
cquisition was initiated through three triggering modes. First,
ymptom-triggered acquisition was activated when participants
xperienced symptoms suggestive of arrhythmia, such as
alpitations or chest discomfort. Second, scheduled acquisition
as initiated according to predefined device strategies, including
eriodic scheduled recordings and event-triggered recordings
hen real-time W-PPG analysis indicated a suspected positive
pisode. Third, user-initiated measurement allowed participants
o actively start W-ECG recording through the smartwatch
nterface when they wished to perform an additional rhythm
ssessment. Once triggered, the system recorded W-ECG
ignals. Because W-ECG acquisition depends on factors such
s participant compliance and electrode contact quality, it
as regarded as intermittent data. To ensure that at least one
omplete rhythm assessment window was covered, each W-ECG
ecording was required to last for no less than 30 s (Figure 4A ). 
0 of 19

t

2.4.1.2 Signal Segmentation. For signal segmentation, W-
PPG and P-ECG were divided chronologically into nonoverlap-
ping 30 s segments. For continuously recorded W-ECG signals
obtained from a single acquisition event, a sliding-window strat-
egy with a step size of 1 s was adopted to generate multiple 30
s segments from the short continuous sequence, resulting in 29
s overlap between adjacent segments. This strategy was used to
maximize data utilization and reduce the influence of occasional
poor contact. Among the resulting segments, the one with the best
signal quality was selected for subsequent correction analysis. 

2.4.1.3 Annotation of P-ECG Segments. All 30-s P-ECG
segments were independently annotated by two certified cardi-
ologists blinded to PPG results and clinical data; disagreements
were resolved by a third cardiologist. According to the reading
results, each segment was assigned to one of three categories:
AF, Non-AF, or Invalid. Invalid segments generally resulted from
signal noise, artifacts, or electrode detachment and could not be
interpreted reliably; these segments were therefore excluded from
subsequent training and evaluation. 

2.4.1.4 Quality Assessment and Filtering of W-PPG Seg-
ments. To prevent low-quality W-PPG segments from introduc-
ing misleading rhythm features, signal quality assessment was
performed before AF identification. Each 30 s W-PPG segment
was assigned a binary quality label, namely Qualified or Unqual-
Advanced Science, 2026
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fied. First, segment-wise Z-score normalization was applied to
educe the influence of amplitude variation and baseline drift.
ubsequently, a binary quality assessment model based on a one-
imensional residual network was used to classify signal quality.
he model took single-channel sequences as input (shape: Batch
ize, Channel = 1, Sequence Length = 768; sampling rate: 25.6 Hz)
nd extracted multiscale features through multiple groups of par-
llel one-dimensional convolutional layers, ultimately outputting
he predicted quality class. Based on the model output, W-
PG segments predicted as unqualified were discarded, whereas
he remaining qualified segments were retained for subsequent
F-related feature extraction and matching analysis. 

.4.1.5 Synchronous Segment Matching and Construc-
ion of Valid Samples. After W-PPG quality control and
anual annotation of P-ECG were completed, W-PPG and P-
CG were synchronously matched based on 30 s time windows
o construct paired segments. Only segment pairs satisfying all
he following criteria were regarded as valid samples: the W-
PG segment was qualified, the P-ECG segment was interpretable
ather than invalid, and the two signals were temporally aligned
nd complete. If any of these conditions was not met, for example,
f the W-PPG segment was unqualified, the P-ECG segment
as uninterpretable, temporal alignment failed, or data were
ncomplete, the corresponding segment pair was excluded from
ubsequent AF identification, feature matching, and correction
rocedures. 

.4.2 Model Prediction 

or W-PPG segments that passed quality control (Qualified),
egment-level rhythm inference was performed using a deep
earning model. The model generated a binary prediction for each
egment, classifying it as either AF or Non-AF (Figure 4B ). 

he model was built on a CNN–LSTM hybrid architecture
Figure 5 ), consisting of a CNN-based morphological feature
ranch, an LSTM-based temporal feature branch, and a fusion
lassification module. Both branches took the same W-PPG
egment as input but focused on complementary aspects of the
ignal. Specifically, the CNN branch was designed to capture
ocal waveform morphology and short-term structural patterns,
hereas the LSTM branch was used to characterize rhythm
ynamics and long-range temporal dependencies across sequen-
ial time steps. 

he CNN branch employed four parallel 1D convolutional layers
ith different receptive fields to extract multiscale morphological
eatures from the input signal. After channel-wise fusion of
he outputs from the parallel branches, the extracted features
ere fed into the convolutional backbone. The backbone con-
isted of multiple stacked convolution blocks. Each convolution
lock adopted a “BN–Conv1d–BN–Conv1d” unit structure and
ncorporated max-pooling for down sampling. In addition, a
esidual shortcut pathway was introduced, in which the input was
ransformed through a matching operation, including Conv1d
nd MaxPool when necessary, and then added to the output of the
ain branch. This design ensured dimensional consistency while
acilitating effective information and gradient propagation. The
ackbone output was subsequently aggregated along the tempo-
dvanced Science, 2026
ral dimension by global average pooling to generate a fixed-length
segment-level vector, which was further transformed by two fully
connected layers to obtain the CNN-derived representation of
overall morphological patterns. 

To model temporal dependencies, an LSTM module was intro-
duced to characterize rhythm evolution and long-range sequen-
tial patterns within each segment. The raw sequence was recur-
sively processed over time steps to update hidden states, thereby
encoding temporal information such as beat-to-beat interval fluc-
tuation, persistence of rhythm irregularity, and variation trends
across the segment. In this way, the LSTM branch complemented
the CNN branch by focusing not on local morphology, but on
sequential rhythm dynamics. The LSTM branch ultimately gen-
erated a segment-level temporal representation for subsequent
fusion with the CNN-derived morphological representation. 

During feature fusion, the feature representations from the CNN
and LSTM branches were concatenated to integrate morphologi-
cal and temporal information into a fused representation vector.
This fused vector was fed into the fully connected classification
head, which output the probability that the segment belonged to
AF or Non-AF, together with the corresponding predicted class.
In this manner, an independent prediction was obtained for each
W-PPG segment. 

For W-ECG signals, segment-level rhythm inference was per-
formed using the same CNN–LSTM architecture. The model
structure, feature fusion strategy, and classification head were
kept consistent with those used for W-PPG, and the model
output was likewise a binary classification result, namely AF or
Non-AF. 

Among the 1,054 patients included in the analysis, 2,165,338
ECG-labeled W-PPG segments were obtained. Of these, 65,318
segments were excluded due to incomplete device wearing,
leaving 2,100,020 evaluable W-PPG segments. After signal quality
control, 1,296,932 segments were classified as qualified and
included in the final analysis, whereas 803,088 segments were
identified as low-quality W-PPG segments and excluded. Accord-
ingly, the proportion of low-quality W-PPG segments was 38.2%,
and the final valid inclusion proportion was 61.8%. Among the
1,296,932 qualified W-PPG segments, W-ECG–based correction
changed the original W-PPG label in 4,985 segments. 

The corrected segments included two types of label changes.
First, 1,849 W-PPG segments were corrected from Non-AF to
AF. Compared with the ECG reference standard, 1,588 of these
segments were classified as false negatives by W-PPG before
correction and were subsequently corrected to true positives.
Second, 3,136 W-PPG segments were corrected from AF to Non-
AF. Compared with the ECG reference standard, 2,686 of these
segments were classified as false positives by W-PPG before
correction and were subsequently corrected to true negatives. 

It should be noted that the CNN–LSTM architecture itself is a
well-established time-series modeling framework and was not
intended to represent the primary novelty of this study. In
the present work, CNN modules were used to extract local
morphological features from wearable ECG and PPG segments,
whereas LSTM units were used to capture temporal dependencies
11 of 19
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FIGURE 5 Architecture of the Convolutional–recurrent Neural Network used for AI-assisted Correction of Smartwatch PPG signals in AF Burden 
Assessment. The raw PPG and single-lead ECG waveforms are simultaneously fed into a deep learning framework composed of a CNN module and 
an LSTM module. The CNN module acts as a hierarchical feature extractor: four parallel 1D convolutional layers capture multi-scale morphological 
patterns, followed by 15 convolution blocks for deeper representation learning. Each convolution block consists of BN, Conv1d, MaxPool, and residual 
connections. AVGPool, the features are passed through fully connected (FC) layers. The LSTM module is designed to capture the temporal dependencies 
within the sequential signals. At each time step, the input sequence is processed by LSTM cells, and the hidden states are propagated across time. The 
outputs of the CNN and LSTM branches are concatenated and further passed through FC layers to produce the final classification result. Abbreviations: 
PPG, Photoplethysmography; ECG, Electrocardiogram; CNN, Convolutional neural network; LSTM, long short-term memory network; Conv1d, One- 
dimensional convolution; BN, Batch normalization; MaxPool, Max pooling; AVGPool, Average pooling; FC, fully connected. 
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cross sequential signal patterns. The main innovation lies
n the dual-modal AF burden assessment strategy, in which
ontinuous W-PPG monitoring provides long-duration rhythm
urveillance and intermittent W-ECG recordings serve as high-
idelity reference anchors for correcting PPG-derived AF burden
stimation. This ECG-anchored correction framework aims to
mprove quantitative AF burden assessment by reducing PPG
isclassification caused by noise, premature beats, and other
rregular non-AF rhythms. 

n the current implementation, W-PPG and W-ECG signals were
cquired in real time by the smartwatch, while segment-level
rediction and ECG-anchored correction were performed on the
loud platform. Therefore, the system was not designed to provide
nstant real-time AF burden output. Instead, its intended clinical
orkflow was to generate the previous day’s AF burden result
efore the daily clinical assessment. This design is consistent with
he clinical objective of longitudinal AF burden quantification
ather than immediate arrhythmia alarm generation. 

.4.3 Feature Matching and Label Correction 

Figures 4C and 6 ) 

.4.3.1 Sample Grouping. According to whether W-ECG
as available within the same acquisition window, W-PPG seg-
ents were divided into two cohorts. The first was Cohort A (to-
e-corrected set), which comprised W-PPG segments acquired
n time windows without corresponding W-ECG recordings.
2 of 19
The second was Cohort B (template set), which consisted of
synchronized W-PPG segments collected in time windows where
W-ECG was simultaneously recorded and was therefore used as
the source of template samples for feature matching. 

2.4.3.2 Template Construction and Class Partitioning.
For template construction, the predicted labels of W-ECG were
used as the reference to further divide the synchronized W-PPG
segments in Cohort B into two subsets. Specifically, Cohort B-P
(positive template set) comprised W-PPG segments whose corre-
sponding W-ECG segments were predicted as AF, whereas Cohort
B-N (negative template set) comprised W-PPG segments whose
corresponding W-ECG segments were predicted as Non-AF. 

2.4.3.3 Feature Extraction and Similarity Measure-
ment. For each W-PPG segment, an intermediate segment-level
representation vector, denoted as F( ⋅), was extracted from the
rhythm recognition model. For any sample x ∈Cohort A, its
similarity to the two template subsets was quantified using
Euclidean distance: 

𝑑𝑃 ( 𝑥) = min 
𝑦∈B − P 

|𝐹 ( 𝑥) − 𝐹 ( 𝑦) |2 , (1)

𝑑𝑁 ( 𝑥) = min 
𝑦∈B − N 

|𝐹 ( 𝑥) − 𝐹 ( 𝑦) |2 (2)

Here, the min operator denotes the nearest-neighbor distance,
that is, the minimum distance from sample x to a given template
Advanced Science, 2026
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FIGURE 6 Feature Matching-based Label Correction Framework for W-PPG Segments. W-PPG segments were divided into Cohort A and Cohort 
B according to the availability of concurrent W-ECG recordings within the same acquisition window. Cohort A contained W-PPG segments without 
paired W-ECG and was used as the unlabeled set for calibration, whereas Cohort B contained synchronous W-PPG segments with available W-ECG and 
served as the template pool. Based on W-ECG-derived rhythm labels, Cohort B was further split into a positive template set (Cohort B-P) and a negative 
template set (Cohort B-N). For each segment in Cohort A, an intermediate feature representation, F ( ⋅), was extracted from the rhythm recognition 
model, and its similarity to the two template sets was quantified by nearest-neighbor Euclidean distance. Using a predefined threshold ( τ), samples 
were assigned to four subsets: SP, matched only to the positive template set; SN, matched only to the negative template set; SPN, matched to both 
template sets; and NS, matched to neither template set. Labels were then recalibrated according to the matching results: SP was reassigned as AF, SN as 
Non-AF, whereas SPN and NS retained the original W-PPG model-predicted labels. Abbreviations: AF, atrial fibrillation; ECG, electrocardiogram; PPG, 
photoplethysmography; W-ECG, wrist electrocardiogram; W-PPG, wrist photoplethysmography; SP, samples matched only to the positive template set; 
SN, samples matched only to the negative template set; SPN, samples matched to both template sets; NS, non-similar set; τ, similarity threshold. 
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et. A matching threshold τ was then introduced, and a segment
as considered to be matched to a template set when d( ⋅) < τ. 

ased on these decision rules, W-PPG segments in Cohort A were
urther divided into four subsets: 

∙ Set P(SP): (3) dP ( x ) < τ and dN ( x ) ≥ τ

∙ Set N(SN): (4) dN ( x ) < τ and dP ( x ) ≥ τ

∙ Set Both(SPN):(5) dN ( x ) < τ and dP ( x ) < τ

∙ Set NS(NS): (6) dN ( x ) ≥ τ and dP ( x ) ≥ τ

.4.3.4 Correction Decision. According to the above sub-
et assignment, label correction was performed using the follow-
ng rules. For Set P (SP), the segment label was corrected to AF.
or Set N (SN), the segment label was corrected to Non-AF. For Set
oth (SPN) and Set NS (NS), no correction was applied, and the
riginal prediction generated by the W-PPG model was retained.

or visualization of the similarity relationships, the high-
imensional W-PPG features used for matching were projected
nto a two-dimensional space to generate a schematic 2D rep-
esentation, in which the x- and y-axes correspond to different
eature dimensions (Figure 7 ). 
dvanced Science, 2026
To comprehensively evaluate the performance of the AI-
enhanced correction framework, multiple metrics were adopted,
including the area under the receiver operating characteristic
curve (AUC), sensitivity (SE), specificity (SP), positive predictive
value (PPV), negative predictive value (NPV), accuracy (ACC),
and F1 score. As summarized in the radar plot (Figure 1D ),
the model showed consistently strong performance across all
evaluation metrics. Specifically, after dual-modal correction, the
AUC reached 0.9898, with an SE of 0.9860 and an SP of 0.9927.
The PPV and NPV were 0.9896 and 0.9902, respectively, while
the overall ACC reached 0.9899 and the F1 score reached 0.9878.
These findings indicate that the proposed correction framework
achieves high sensitivity, specificity, and overall stability for AF
burden assessment in practical smartwatch-based monitoring. 

It should be emphasized, however, that the small numerical
differences between the metrics before and after AI correction in
the individual-level radar plot should be interpreted with caution.
The high agreement between the wearable system and the patch
ECG reference does not imply that PPG signals are intrinsically
equivalent to ECG or are unaffected by motion artifacts. Rather,
the radar plot summarizes average performance across the entire
validation cohort, in which segments with severe PPG misclas-
sification accounted for only a limited proportion. The main
benefit of ECG-anchored correction is expected to occur in error-
prone patients or signal segments, particularly those affected by
13 of 19
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FIGURE 7 Correction Effects of W-ECG–W-PPG Template Similarity Matching. (A) When the W-ECG classifier outputs a positive result, the circle 
centered at the P-core denotes the region of W-PPG templates that, according to similarity matching, can be re-labeled as positive. The samples within 
this circle consist of false negatives (FN; green) and true positives (TP; blue). After calibration, FN are converted to TP, eliminating missed detections, 
while TP remain positive, leaving correct predictions unchanged. Overall, this procedure converts FN into TP and enhances classification accuracy. (B) 
When the W-ECG classifier outputs a negative result, the circle centered at the N-core represents the range of W-PPG templates that can be corrected 
to the negative label. Samples inside this region include false positives (FP; grey), true positives (TP; blue) and true negatives (TN; orange). Following 
calibration, TN retain their label, FP are re-classified as TN, and TP are re-classified as false negatives (FN). Because the proportion of FP in this region 
is markedly larger than that of TN, the ratio of correct adjustments (FP→TN) exceeds that of incorrect adjustments (TP→FN), and the calibration 
still yields a net improvement. Abbreviations: W-ECG: Watch-based Electrocardiogram; PPG: Photoplethysmography; AF: Atrial Fibrillation; TP: True 
Positive; TN: True Negative; FP: False Positive; P-Core: Positive Core Set; N-Core: Negative Core Set. 
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remature atrial or ventricular beats, irregular non-AF rhythms,
r reduced PPG signal quality. Because these cases represent only
 subset of the overall cohort, their correction may be diluted in
ggregate performance metrics and therefore appear numerically
odest at the individual level. Thus, the present results should
e interpreted as demonstrating high individual-level agreement
ith patch ECG for AF burden assessment, rather than complete
quivalence between PPG-based monitoring and ECG. Further
ubgroup-focused analyses are warranted to evaluate the specific
enefit of AI correction in patients with frequent ectopic beats,
rregular non-AF rhythms, or poorer PPG signal quality. 

.5 Clinical Application of the Dual-Modal 
earable AF Monitoring System 

he AI-enhanced dual-modal wearable monitoring system devel-
ped in this study, which integrates a CNN–LSTM framework
ith multimodal physiological signals including PPG and single-
ead ECG, markedly improved the accuracy and reliability of
F burden assessment. This strategy provides a technical foun-
ation for shifting clinical AF management from conventional
vent identification toward quantitative and dynamic burden-
uided management. First, in the context of early screening for
igh-risk populations, the system enables effective detection of
linically prevalent yet often occult AF through high-accuracy
eal-time correction. Because AF is highly intermittent in nature,
onventional 12-lead ECG or short-term Holter monitoring often
arries a substantial risk of missed diagnosis. By achieving a
ensitivity of 98.60% and a specificity of 99.27%, the proposed
ystem enables high-fidelity capture of arrhythmic events during
aily activities, thereby creating a valuable clinical window for
arlier intervention in populations at elevated risk of stroke. 
4 of 19
In nonsurgical patients, long-term AF burden monitoring is
essential for tracking disease progression and guiding therapy.
Unlike traditional binary (present/absent) assessment, this study
quantifies the cumulative proportion of time in AF. This long-
term monitoring capability allows clinicians to track the temporal
trajectory of AF burden in real time and thereby achieve
more refined disease assessment in nonsurgical settings. This
is particularly relevant to anticoagulation management, where
the clinical challenge often lies in balancing thromboembolic
prevention against bleeding risk. By leveraging AF burden data
generated by this system, a more individualized assessment may
become possible. For patients with persistently high AF burden,
initiation or intensification of anticoagulation may be more
strongly justified to reduce stroke risk, whereas for those with
extremely low burden or prolonged absence of detectable AF,
anticoagulation intensity may potentially be adjusted under close
surveillance, thereby minimizing bleeding complications while
maintaining protection against thromboembolic events. 

The system also provides a reliable basis for evaluating the effec-
tiveness of clinical interventions, particularly after AF ablation,
and may support subsequent anticoagulation decision-making.
In this context, procedural success is no longer judged solely
based on short-term postprocedural ECG follow-up but can
instead be assessed through long-term dual-modal monitoring to
determine whether AF recurrence occurs and, if so, to what extent
recurrence contributes to the overall AF burden. If high-accuracy
monitoring confirms that post-ablation AF burden remains per-
sistently at a very low level, this may provide stronger evidence
to support clinical decisions regarding the safety of anticoagulant
discontinuation. Notably, AI-based correction reduced the mean
absolute percentage error from 1.11% to 0.85%, corresponding to a
23.4% reduction (Figure 8 ). This substantial gain in quantitative
Advanced Science, 2026
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FIGURE 8 Scatter and Bland-Altman Plots for W-PPG Correction by W-ECG. Comparison of AF burden estimated from wearable PPG recordings 
and reference ECG measurements. (A) Correlation analysis before correction. (B) Correlation analysis after correction. In panels A and B, the x-axis 
represents AF burden estimated by the wearable device (PPG AF burden, %) and the y-axis represents AF burden measured by the reference ECG (ECG 

AF burden, %). (C) Bland–Altman analysis before correction. (D) Bland–Altman analysis after correction. In panels C and D, the x-axis represents the 
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 articl
recision may further enable the development of future embolic-
isk assessment frameworks grounded in AF burden rather than
onventional categorical rhythm assessment alone. 

n the longer term, AF burden may emerge as an important
omplement to, or even a major refinement of, the current
HA2DS2-VASc-based paradigm [ 50, 51 ]. Existing clinical scoring
ystems are primarily based on static risk factors, such as age
nd hypertension history, but do not account for dynamic dif-
erences in AF activity. For example, two patients with identical
ypertension history and the same age of 70 years would each
eceive a CHA2DS2-VASc score of 2, and current guideline-based
trategies would generally recommend a similar anticoagulation
pproach. However, if monitoring with the present system reveals
hat one patient has an AF burden of only 1%, whereas the other
as a burden approaching 100%, their actual thromboembolic risk
rofiles are unlikely to be equivalent. By quantitatively capturing
his previously concealed risk heterogeneity, the present techno-
ogical framework points toward a more precise, accessible, and
ndividualized era of AF management, and may provide a key
nabling tool for the future transformation of stroke prevention
trategies. 

owever, AF burden mainly reflects the total amount of AF
nd does not fully capture the temporal distribution of AF
pisodes. Patients with similar AF burden may have different
ecurrence patterns, such as a single clustered episode or multiple
ntermittent episodes. Therefore, newer biomarkers, including
F Density [ 52 ] and AF Aggregation [ 53 ], have been proposed to
escribe the temporal organization and clustering of AF episodes.
F Density characterizes the degree of temporal aggregation
f AF burden, whereas AF Aggregation evaluates the devia-
ion of the observed AF episode distribution from a uniformly
istributed pattern. These metrics may provide complementary
nformation beyond conventional AF burden. Although AF
ensity and AF Aggregation were not directly calculated in the
resent study, the corrected continuous segment-level rhythm
utputs generated by our framework may provide a basis for
eriving these temporal-pattern biomarkers in future studies. 

 Conclusions 

n conclusion, this study demonstrates that an AI-enhanced
ual-modal wearable framework integrating continuous W-PPG
onitoring with intermittent single-lead W-ECG correction can
mprove the accuracy and reliability of AF burden assessment.
y using W-ECG as a high-confidence reference to correct W-
PG-derived rhythm predictions, the proposed system reduced
alse-positive and false-negative classifications, achieved high
iagnostic performance, and decreased the mean absolute per-
entage error of AF burden estimation by 23.4%. These findings
upport the potential of multimodal wearable monitoring for scal-
ble, noninvasive, and quantitative AF management. Although
ean AF burden (%) obtained from the wearable device and the reference EC
earable estimate and the reference ECG (PPG − ECG). (E) Comparison of ab
ere included in the analyses. Because multiple participants had similar or iden
ewer visually distinguishable points than the actual sample size. The figure w
f overlapping observations. Abbreviations: PPG: Photoplethysmography; ECG

6 of 19
further multicenter validation in broader populations is war-
ranted, this framework provides a practical technical foundation
for continuous AF burden monitoring and future burden-guided
personalized care. 

Despite these promising results, several limitations should be
acknowledged. First, this study was conducted at a single center
in patients undergoing AF ablation, predominantly comprising
individuals with paroxysmal or persistent AF and an overall low
AF burden, which may limit its generalizability to newly diag-
nosed AF or long-standing persistent AF populations. Second,
the ECG-based correction mechanism relied on patient-initiated
recordings or algorithm-prompted W-ECG acquisition and may
therefore be susceptible to compliance-related bias, as adherence
can vary substantially in real-world settings. Third, although
patient-level cross-validation was performed, multicenter exter-
nal validation is warranted to confirm the robustness of the
proposed framework across diverse ethnic backgrounds, comor-
bidity profiles, and device platforms. Fourth, the label-correction
strategy, while improving classification consistency by leveraging
W-ECG-derived template information, cannot fully resolve all
ambiguous segments. In particular, for segments categorized
as SetBoth or SetNS, in which features either match multiple
templates or fail to match any template, the system reverts to
the original PPG-based prediction when reliable correction is
not feasible. Given the susceptibility of PPG signals to noise
and motion artifacts, these fallback cases may still introduce
misclassifications. 

4 Experimental Section 

4.1 Device Specifications and Standardized 

Wearing Protocol 

The hardware system used in this study consisted of two
components: a single-lead patch-based ECG recorder (P-ECG)
and a wrist-worn smart sensing terminal integrating W-ECG
and W-PPG. All devices were provided by Chengdu Xinjikang
Technology Co., Ltd. To ensure data accuracy and minimize
motion-induced artifacts in W-PPG acquisition, all devices were
fitted with the assistance of trained clinical research staff. 

For P-ECG placement, after standardized skin preparation, the
flexible electrode patch was positioned precisely over the left
precordial region, corresponding to the V2–V3 lead area. Skin
preparation included hair removal and degreasing with 75%
alcohol to minimize signal interference during acquisition. This
procedure ensured stable operation of the P-ECG device at a
sampling frequency of 250 Hz, thereby supporting high-quality
ECG recording. 

For smartwatch placement, the device was worn on the non-
dominant wrist and positioned away from the ulnar styloid
G, and the y-axis represents the difference in AF burden (%) between the 
solute AF burden error before and after correction. All 1,054 participants 
tical AF burden values, some data points overlap in the plots, resulting in 
as generated using enhanced visualization settings to improve the display 
: Electrocardiogram. 
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TABLE 1 Baseline Characteristics. 

Baseline Characteristics N = 1054 

Age (years) 62.1 ± 10.4 
Sex (male) 645 (61.2%) 
BMI (kg/m2 ) 26.5 ± 3.5 
AF type 
Paroxysmal AF 579 (54.9%) 
Persistent AF 461 (43.7%) 
Others 14 (1.3%) 
Hypertension 531 (50.4%) 
Stroke 96 (9.1%) 
Diabetes 206 (19.5%) 
Congestive heart failure 131 (12.4%) 
Arterial vascular disease 42 (4.0%) 
Coronary artery disease 151 (14.3%) 
Hyperlipidemia 331 (31.4%) 
Repeat ablation 134 (12.7%) 
SBP 129.8 ± 16.1 
DBP 79.9 ± 10.3 
PPG-measured burden 9.7% (IQR: 0%-99.5%) 

Data are presented as mean ± SD, n (%), or median (IQR). Abbreviations: BMI: 
Body Mass Index; SBP: Systolic Blood Pressure; DBP: Diastolic Blood Pressure; 
PPG: Photoplethysmography; ECG: Electrocardiogram 
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rocess to improve wearing comfort. During device fitting, W-
PG was continuously sampled at 25.6 Hz, whereas W-ECG
as recorded on demand at 512 Hz through dry stainless-steel
lectrodes located on the back and side of the watch case. A
losed circuit was formed when the participant touched the
ide electrode with the opposite hand, enabling single-lead W-
CG acquisition. Furthermore, patients were equipped with the
ual-modal wearable device within 24 hours before the catheter
blation procedure, and monitoring was continued until hospital
ischarge. The devices were temporarily removed during the
blation procedure and reapplied after the procedure when
linically appropriate. The mean total ECG acquisition duration
as 27.03 ± 3.67 hours (range: 8.30–46.48 hours), and the mean
otal PPG acquisition duration was 22.60 ± 4.82 hours (range:
.24–42.12 hours). 

.2 Data Segmentation and Automated 

lgorithmic Analysis 

he P-ECG and W-PPG data streams were segmented into
onoverlapping 30 s windows. To further improve signal quality
nd maximize the utility of short-duration recordings, W-ECG
egments were generated using a sliding-window strategy with
9 s overlap and were jointly analyzed with the corresponding
-PPG segments. During this process, the segment with the best
ignal quality and valid temporal correspondence was selected for
ntegrated diagnosis. 

ll 30 s segments were automatically classified using a predefined
F detection algorithm. W-ECG outputs were categorized as AF
r non-AF. AF burden was calculated as the proportion of AF
egments among all valid monitoring segments. To evaluate the
ccuracy of the automated algorithm, all 30-s P-ECG segment
ere independently reviewed in a blinded manner by two senior
ardiologists, and disagreements were adjudicated by a third
xpert when necessary. 

.3 Statistical Analysis 

ll statistical analyses were performed using IBM SPSS Statistics
9.0. Continuous variables were expressed as mean ± standard
eviation (SD) or standard error (SE), as appropriate according
o data distribution, whereas categorical variables were presented
s frequencies and percentages. Sensitivity, specificity, and AUC
f W-PPG before and after correction were evaluated using 2
2 contingency tables in combination with generalized linear

egression models, with within-subject clustering incorporated
o account for interindividual variation. Pearson correlation
nalysis was used to assess heart-rate consistency, and Bland–
ltman analysis was performed to evaluate bias and the 95%
imits of agreement between the two monitoring systems. A
wo-sided P value < 0.05 was considered statistically significant. 

.4 Large-Scale Clinical Validation Cohort 

o validate device performance in a real-world setting, patients
ndergoing AF ablation at Beijing Anzhen Hospital between
anuary and June 2024 were recruited. Inclusion criteria were age
dvanced Science, 2026
≥ 18 years and provision of written informed consent. Exclusion
criteria included implanted pacemakers and allergy to wearable-
device materials. A total of 1165 participants were initially
recruited, and 1054 patients were ultimately included in the
final analysis (mean age, 62.1 years; 61.2% male). Among them,
579 patients (54.9%) had paroxysmal AF and 461 (43.7%) had
persistent AF. Comorbidities included hypertension in 50.4%
and diabetes mellitus in 19.5% of patients. Detailed baseline
characteristics were collected from the electronic medical record
(EMR) system and were summarized in Table 1 . The study pro-
tocol was approved by the Ethics Committee of Beijing Anzhen
Hospital (approval No. KS2022030). All participants provided
written informed consent before enrollment. 

4.5 Stringent Quality Control and Signal 
Stability Assessment 

To ensure high data quality, strict exclusion criteria were applied
for signal quality control. In total, 111 participants were excluded,
including 7 for missing data, 9 for effective wearing time < 2 h,
and 95 for poor signal quality. Poor ECG quality was defined as
baseline drift resulting in loss of identifiable QRS complexes. Poor
PPG quality was defined as severe waveform distortion caused by
vigorous motion, such as arm movement, or improper wearing,
including an excessively loose or overly tight fit. Notably, signal
stability was significantly better during nighttime than during
daytime activity, with a higher proportion of valid recordings,
thereby providing a more reliable basis for 24 h AF burden
assessment. 
17 of 19
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.6 Ethics and Compliance Statement 

ata collection was conducted in strict accordance with the
eclaration of Helsinki and its subsequent amendments. The
tudy protocol was approved by the Ethics Committee of Beijing
nzhen Hospital. All participants provided written informed
onsent before enrollment after being fully informed of the
tudy objectives, monitoring procedures, potential risks, and the
nonymization strategy applied to their data. 

uthor Contributions 

.Z ., J.L.W ., W.Z ., and C.M . conceptualized the study and designed
he experiments. S.Z ., J.L.W ., X.W ., and H.F . contributed to the study
ethodology and implementation. S.Z ., Y.Z ., F.L ., S.W ., L.Z ., X.K ., J.W .,
.H ., S.X ., X.L ., J.Z ., X.L ., X.G ., N.Z ., S.L ., C.J ., R.T ., C.S ., D.L ., X.D .,
nd J.D . contributed to patient enrollment, clinical investigation, and data
ollection. S.Z ., J.L.W ., X.W ., and W.Z . conducted the data analysis and
nterpretation. S.Z . and J.L.W . completed the manuscript writing, with
uidance from X.W ., H.F ., W.Z ., and C.M. W.Z . and C.M . supervised the
verall study. All authors reviewed and approved the final manuscript. 

cknowledgements 

his work was supported by the “Noncommunicable Chronic Diseases–
ational Science and Technology Major Project” of China (Grant No.
026ZD0555001) and the Beijing Anzhen Hospital High-Level Research
pecial Project (Grant No. 2025AZB6005). The authors sincerely thank
hengdu Xinjikang Technology Co., Ltd. for their support and collabo-
ation in this research, with special thanks to Mr. Chunlin Zhang, and
eyu Guo for their valuable contributions to the project. 

onflicts of Interest 

he authors declare no conflicts of interest. 

ata Availability Statement 

he data that support the findings of this study are available from the
orresponding author upon reasonable request. 

eferences 

1 . B. J. J. M. Brundel, X. Ai, M. T. Hills, M. F. Kuipers, G. Y. H. Lip, and
. M. S. de Groot, “Atrial Fibrillation,” Nature Reviews Disease Primers 8,
o. 1 (2022): 21, https://doi.org/10.1038/s41572-022-00347-9 . 

 . A. A. Boehmer, S. Ninni, J. Heijman, D. Dobrev, and S. Nattel, “The
linical Pathophysiology of Atrial Fibrillation: Outstanding Questions
rom Bedside to Bench and Back,” Physiological Reviews 106 (2026):
055–1121, https://doi.org/10.1152/physrev.00020.2025 . 

 . V. Jain, B. Rao, E. Quintero, et al., “Trends and Disparities in Atrial
ibrillation and Stroke Related Mortality in the United States from 1999
o 2020,” Pacing and Clinical Electrophysiology 48, no. 2 (2025): 280–283,
ttps://doi.org/10.1111/pace.15111 . 

 . “Global Burden, Temporal Trends and Geographic Disparities of
ounger-onset Atrial Fibrillation in Adults Aged 30–45 Years, 1990–2021:
 Population-based Study—PubMed.” https://pubmed.ncbi.nlm.nih.gov/
1189986/ (March 2026). 

 . X. Kong, M. Li, L. He, et al., “Burden of Atrial Fibrillation and Atrial
lutter from 1990 to 2021 in China: Global Burden of Disease Study 2021
pdate,” Pacing and Clinical Electrophysiology 48, no. 4 (2025): 447–454,
ttps://doi.org/10.1111/pace.15175 . 

 . T. J. Niiranen, R. B. Schnabel, A. E. Schutte, et al., “Hypertension and
trial Fibrillation: A Frontier Review from the AF-SCREEN International
8 of 19
Collaboration,” Circulation 151, no. 12 (2025): 863–877, https://doi.org/10.
1161/CIRCULATIONAHA.124.071047 . 

7 . R. M. Inciardi, R. P. Giugliano, J.-G. Park, et al., “Risks of Heart Failure,
Stroke, and Bleeding in Atrial Fibrillation According to Heart Failure
Phenotypes,” JACC: Clinical Electrophysiology 9, no. 4 (2023): 569–580,
https://doi.org/10.1016/j.jacep.2022.11.032 . 

8 . N. Vinter, P. Cordsen, S. P. Johnsen, et al., “Temporal Trends in Lifetime
Risks of Atrial Fibrillation and Its Complications between 2000 and 2022:
Danish, Nationwide, Population Based Cohort Study,” Bmj 385 (2024):
077209, https://doi.org/10.1136/bmj-2023-077209 . 

9 . K. E. Joynt Maddox, H. R. Reynolds, D. Adedinsewo, et al., “Forecasting
the Burden of Cardiovascular Disease and Stroke in Women in the United
States through 2050: A Scientific Statement from the American Heart
Association,”Circulation 153, no. 13, (2026): e1077, https://doi.org/10.1161/
CIR.0000000000001406 . 

10 . D. Linz, M. Gawalko, K. Betz, et al., “Atrial Fibrillation: Epidemiology,
Screening and Digital Health,” The Lancet Regional Health—Europe 37
(2024): 100786, https://doi.org/10.1016/j.lanepe.2023.100786 . 

11 . B. Alexander, E. Braunwald, A. Bayés-de-Luna, A. Almufleh, A. Bayés-
Genís, and A. Baranchuk, “Understanding Atrial Failure: From Diagnosis
to Clinical Implications,” Nature Reviews Cardiology (2026), https://doi.
org/10.1038/s41569- 026- 01266- y. 

12 . L. Rivard, P. Khairy, M. Talajic, et al., “Anticoagulation to Prevent
Ischemic Stroke and Neurocognitive Impairment in Atrial Fibrillation:
The BRAIN-AF Randomized Clinical Trial,” Nature Medicine 32,
no. 1 (2026): 297–305, https://doi.org/10.1038/s41591- 025- 04101- 
y. 

13 . P. S. Sachdev, A. C. Bentvelzen, D. Gustafson, et al., “Vascular
Cognitive Impairment and Dementia,” JACC 87, no. 1 (Jan. 2026): 52–76,
https://doi.org/10.1016/j.jacc.2025.11.008 . 

14 . H. Zhang, J. S. Lee, S. Kim, et al., “Medical Costs and Productivity
Losses of Atrial Fibrillation among US Privately Insured Employees,”
JAMA Network Open 9, no. 2 (2026): 2559227, https://doi.org/10.1001/
jamanetworkopen.2025.59227 . 

15 . X. Li, V. C. Tse, L. W. Au-Doung, I. C. K. Wong, and E. W. Chan, “The
Impact of Ischaemic Stroke on Atrial Fibrillation-related Healthcare Cost:
A Systematic Review,” Europace 19, no. 6 (2017): 937–947, https://doi.org/
10.1093/europace/euw093 . 

16 . R. L. Page, T. W. Tilsch, S. J. Connolly, et al., “Asymptomatic
or “Silent” Atrial Fibrillation,” Circulation 107, no. 8 (2003):
1141–1145, https://doi.org/10.1161/01.cir.0000051455.44919.
73 . 

17 . J. A. Reiffel, A. Verma, P. R. Kowey, et al., “Incidence of Previously
Undiagnosed Atrial Fibrillation Using Insertable Cardiac Monitors in
a High-Risk Population,” JAMA Cardiology 2, no. 10 (2017): 1120–1127,
https://doi.org/10.1001/jamacardio.2017.3180 . 

18 . S. A. Lubitz, X. Yin, D. D. McManus, et al., “Stroke as the Initial Man-
ifestation of Atrial Fibrillation,” Stroke; A Journal of Cerebral Circulation
48, no. 2 (2017): 490–492, https://doi.org/10.1161/STROKEAHA.116.015071 .

19 . I. C. Van Gelder, M. Rienstra, K. V. Bunting, et al., “2024 ESC
Guidelines for the Management of Atrial Fibrillation Developed in
Collaboration with the European Association for Cardio-Thoracic Surgery
(EACTS),” European Heart Journal 45, no. 36 (2024): 3314–3414, https://
doi.org/10.1093/eurheartj/ehae176 . 

20 . J. A. Joglar, M. K. Chung, A. L. Armbruster, et al., “2023
ACC/AHA/ACCP/HRS Guideline for the Diagnosis and Management
of Atrial Fibrillation: A Report of the American College of Cardiol-
ogy/American Heart Association Joint Committee on Clinical Practice
Guidelines,” Circulation 149, no. 1 (2024): e1-e156, https://doi.org/10.1161/
CIR.0000000000001193 . 

21 . C. Ma, S. Wu, S. Liu, and Y. Han, “Chinese Guidelines for the
Diagnosis and Management of Atrial Fibrillation,” Pacing and Clinical
Electrophysiology 47, no. 6 (2024): 714–770, https://doi.org/10.1111/pace.
Advanced Science, 2026

tive C
om

m
ons L

icense

https://doi.org/10.1038/s41572-022-00347-9
https://doi.org/10.1152/physrev.00020.2025
https://doi.org/10.1111/pace.15111
https://pubmed.ncbi.nlm.nih.gov/41189986/
https://doi.org/10.1111/pace.15175
https://doi.org/10.1161/CIRCULATIONAHA.124.071047
https://doi.org/10.1016/j.jacep.2022.11.032
https://doi.org/10.1136/bmj-2023-077209
https://doi.org/10.1161/CIR.0000000000001406
https://doi.org/10.1016/j.lanepe.2023.100786
https://doi.org/10.1038/s41569-026-01266-y
https://doi.org/10.1038/s41591-025-04101-y
https://doi.org/10.1016/j.jacc.2025.11.008
https://doi.org/10.1001/jamanetworkopen.2025.59227
https://doi.org/10.1093/europace/euw093
https://doi.org/10.1161/01.cir.0000051455.44919.73
https://doi.org/10.1001/jamacardio.2017.3180
https://doi.org/10.1161/STROKEAHA.116.015071
https://doi.org/10.1093/eurheartj/ehae176
https://doi.org/10.1161/CIR.0000000000001193
https://doi.org/10.1111/pace.14920


2  

U  

2

2  

F  

n

2  

L  

L  

(

2  

F  

F  

1

2  

b  

D  

p  

8

2  

w  

M  

2

2  

P  

c  

2

2  

F  

H  

1

3  

a  

M  

d

3  

M  

0

3  

W  

i  

a

3  

l  

M  

2

3  

|  

1

3  

T  

o  

2

3  

t
P  

o

3  

A  

h

3  

M  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A

 21983844, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.76627 by T

singhua U
niversity L

ibrary, W
iley O

nline L
ibrary on [15/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicab
2 . T. Sanna, H.-C. Diener, R. S. Passman, et al., “Cryptogenic Stroke and
nderlying Atrial Fibrillation,”New England Journal of Medicine 370, no.
6 (2014): 2478–2486, https://doi.org/10.1056/NEJMoa1313600 . 

3 . J. S. Healey, S. J. Connolly, M. R. Gold, et al., “Subclinical Atrial
ibrillation and the Risk of Stroke,”New England Journal of Medicine 366,
o. 2 (2012): 120–129, https://doi.org/10.1056/NEJMoa1105575 . 

4 . J. H. Svendsen, S. Z. Diederichsen, S. Højberg, et al., “Implantable
oop Recorder Detection of Atrial Fibrillation to Prevent Stroke (The
OOP Study): A Randomised Controlled Trial,” The Lancet 398, no. 10310
2021): 1507–1516, https://doi.org/10.1016/S0140-6736(21)01698-6 . 

5 . A. S. Go, K. Reynolds, J. Yang, et al., “Association of Burden of Atrial
ibrillation with Risk of Ischemic Stroke in Adults with Paroxysmal Atrial
ibrillation,” JAMA Cardiology 3, no. 7 (2018): 601–608, https://doi.org/10.
001/jamacardio.2018.1176 . 

6 . T. V. Glotzer, E. G. Daoud, D. G. Wyse, et al., “The Relationship
etween Daily Atrial Tachyarrhythmia Burden from Implantable Device
iagnostics and Stroke Risk,” Circulation: Arrhythmia and Electro-
hysiology 2, no. 5 (2009): 474–480, https://doi.org/10.1161/CIRCEP.109.
49638 . 

7 . Ambulatory Atrial Fibrillation Detection and Quantification by Wrist-
orn AI Device Compared to Standard Holter Monitoring | npj Digital
edicine, https://www.nature.com/articles/s41746- 025- 01555-9 , (March
026). 

8 . Wearable Technology and the Cardiovascular System: The Future of
atient Assessment—The Lancet Digital Health, https://www.thelancet.
om/journals/landig/article/PIIS2589-7500(23)00087-0/fulltext , (March
026). 

9 . K. Huang, Z. Ma, and B. L. Khoo, “Advancements in Bio-Integrated
lexible Electronics for Hemodynamic Monitoring in Cardiovascular
ealthcare,” Advanced Science 12, no. 25 (2025): 2415215, https://doi.org/
0.1002/advs.202415215 . 

0 . P. H. Charlton, P. A. Kyriacou, J. Mant, V. Marozas, P. Chowienczyk,
nd J. Alastruey, “Wearable Photoplethysmography for Cardiovascular
onitoring,” Proceedings of the IEEE 110, no. 3 (2022): 355–381, https://
oi.org/10.1109/JPROC.2022.3149785 . 

1 . Photoplethysmography and Its Application in Clinical Physiological
easurement—IOPscience, https://iopscience.iop.org/article/10.1088/
967-3334/28/3/R01/meta , (March 2026). 

2 . J. V. Dcosta, D. Ochoa, and S. Sanaur, “Recent Progress in Flexible and
earable all Organic Photoplethysmography Sensors for SpO2 Monitor-
ng,” Advanced Science 10, no. 31 (2023): 2302752, https://doi.org/10.1002/
dvs.202302752 . 

3 . Cardiologist-level Arrhythmia Detection and Classification in Ambu-
atory Electrocardiograms Using a Deep Neural Network | Nature
edicine, https://www.nature.com/articles/s41591- 018- 0268- 3 , (March
026). 

4 . Large-Scale Assessment of a Smartwatch to Identify Atrial Fibrillation
 New England Journal of Medicine, https://www.nejm.org/doi/full/10.
056/NEJMoa1901183# mainContent , March 2026. 

5 . Y. Guo, H. Wang, H. Zhang, et al., “Mobile Photoplethysmographic
echnology to Detect Atrial Fibrillation,” Journal of the American College
f Cardiology 74, no. 19 (2019): 2365–2375, https://doi.org/10.1016/j.jacc.
019.08.019 . 

6 . Z. Zhao, Q. Li, S. Li, et al., “Evaluation of an Algorithm-Guided Pho-
oplethysmography for Atrial Fibrillation Burden Using a Smartwatch,”
acing and Clinical Electrophysiology 47, no. 4 (2024): 511–517, https://doi.
rg/10.1111/pace.14951 . 

7 . T. Pereira, N. Tran, K. Gadhoumi, et al., “Photoplethysmography Based
trial Fibrillation Detection: A Review,” npj Digital Medicine 3 (2020): 3,
ttps://doi.org/10.1038/s41746- 019- 0207- 9 . 

8 . H. Wang, B. Liu, H. Zhang, et al., “Photoplethysmography-Based
achine Learning Approaches for Atrial Fibrillation Burden: Algorithm
dvanced Science, 2026

l

Development and Validation,” JMIR Cardio 9 (2025): e78075–e78075,
https://doi.org/10.2196/78075 . 

39 . J. Bacevicius, Z. Abramikas, E. Dvinelis, et al., “High Specificity
Wearable Device with Photoplethysmography and Six-Lead Electro-
cardiography for Atrial Fibrillation Detection Challenged by Frequent
Premature Contractions: DoubleCheck-AF,” Frontiers in Cardiovascular
Medicine 9 (2022): 869730, https://doi.org/10.3389/fcvm.2022.869730 . 

40 . G. Nie,J. Zhu and G. Tang, et al., “A Review of Deep Learning Methods
for Photoplethysmography Data,” arXiv: arXiv:2401.12783 (2024), https://
doi.org/10.48550/arXiv.2401.12783 . 

41 . Z. Zhang, “Photoplethysmography-Based Heart Rate Monitoring in
Physical Activities via Joint Sparse Spectrum Reconstruction,” IEEE
Transactions on Biomedical Engineering 62, no. 8 (Aug. 2015): 1902–1910,
https://doi.org/10.1109/TBME.2015.2406332 . 

42 . A. Temko, “Accurate Heart Rate Monitoring during Physical Exercises
Using PPG,” IEEE Transactions on Biomedical Engineering 64, no. 9 (Sep.
2017): 2016–2024, https://doi.org/10.1109/TBME.2017.2676243 . 

43 . Y. N. Fuadah and K. M. Lim, “Advances in Cardiovascular Signal
Analysis with Future Directions: A Review of Machine Learning and
Deep Learning Models for Cardiovascular Disease Classification Based on
ECG, PCG, and PPG Signals,” Biomedical Engineering Letters 15, no. 4 (Jul.
2025): 619–660, https://doi.org/10.1007/s13534- 025- 00473- 9 . 

44 . A. Aliamiri and Y. Shen, “Deep Learning Based Atrial Fibrillation
Detection Using Wearable Photoplethysmography Sensor,” presented at
2018 IEEE EMBS International Conference on Biomedical & Health Infor-
matics (BHI) (2018), 442–445, https://doi.org/10.1109/BHI.2018.8333463 . 

45 . S. Xu, Y. Zhang, L. Jia, et al., “Soft Microfluidic Assemblies of Sensors,
Circuits, and Radios for the Skin,” Science 344, no. 6179 (2014): 70–74,
https://doi.org/10.1126/science.1250169 . 

46 . B. Aldughayfiq, F. Ashfaq, N. Z. Jhanjhi, and M. Humayun, “A Deep
Learning Approach for Atrial Fibrillation Classification Using Multi-
Feature Time Series Data from ECG and PPG,” Diagnostics 13, no. 14
(2023): 2442, https://doi.org/10.3390/diagnostics13142442 . 

47 . K. Aschbacher, D. Yilmaz, Y. Kerem, et al., “Atrial Fibrillation Detec-
tion from Raw Photoplethysmography Waveforms: A Deep Learning
Application,” Heart Rhythm O2 1, no. 1 (2020): 3–9, https://doi.org/10.
1016/j.hroo.2020.02.002 . 

48 . T. Proesmans, C. Mortelmans, R. Van Haelst, F. Verbrugge, P.
Vandervoort, and B. Vaes, “Mobile Phone–Based Use of the Photo-
plethysmography Technique to Detect Atrial Fibrillation in Primary Care:
Diagnostic Accuracy Study of the FibriCheck App,” JMIR mHealth and
uHealth 7, no. 3 (2019): 12284, https://doi.org/10.2196/12284 . 

49 . D. H. Nguyen, P. C.-P. Chao, C. C. Chung, R. H. Horng, and B.
Choubey, “Detecting Atrial Fibrillation in Real Time Based on PPG via
Two CNNs for Quality Assessment and Detection,” IEEE Sensors Journal
22, no. 24 (2022): 24102–24111, https://doi.org/10.1109/JSEN.2022.3217037 . 

50 . N. Becher, A. Metzner, T. Toennis, P. Kirchhof, and R. B. Schnabel,
“Atrial Fibrillation Burden: A New Outcome Predictor and Therapeutic
Target,” European Heart Journal 45, no. 31 (2024): 2824–2838, https://doi.
org/10.1093/eurheartj/ehae373 . 

51 . D. Linz and S. M. Chaldoupi, “Stroke Risk in Device-detected Atrial
Fibrillation Is Modulated by the Continuum of Vascular Disease Burden,”
European Heart Journal 45, no. 46 (2024): 4917–4919, https://doi.org/10.
1093/eurheartj/ehae797 . 

52 . E. I. Charitos, et al., “Atrial Fibrillation Density: A Novel Measure
of Atrial Fibrillation Temporal Aggregation for the Characterization
of Atrial Fibrillation Recurrence Pattern,” Applied Cardiopulmonary
Pathophysiology 17 (2013): 3–10. 

53 . M. Butkuviene, A. Petrenas, A. Martin-Yebra, V. Marozas, and L.
Sornmo, “Characterization of Atrial Fibrillation Episode Patterns: A
Comparative Study,” IEEE Transactions on Biomedical Engineering 71
(2023): 106–113. 
19 of 19

e C
reative C

om
m

ons L
icense

https://doi.org/10.1056/NEJMoa1313600
https://doi.org/10.1056/NEJMoa1105575
https://doi.org/10.1016/S0140-6736(21)01698-6
https://doi.org/10.1001/jamacardio.2018.1176
https://doi.org/10.1161/CIRCEP.109.849638
https://www.nature.com/articles/s41746-025-01555-9
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00087-0/fulltext
https://doi.org/10.1002/advs.202415215
https://doi.org/10.1109/JPROC.2022.3149785
https://iopscience.iop.org/article/10.1088/0967-3334/28/3/R01/meta
https://doi.org/10.1002/advs.202302752
https://www.nature.com/articles/s41591-018-0268-3
https://www.nejm.org/doi/full/10.1056/NEJMoa1901183#mainContent
https://doi.org/10.1016/j.jacc.2019.08.019
https://doi.org/10.1111/pace.14951
https://doi.org/10.1038/s41746-019-0207-9
https://doi.org/10.2196/78075
https://doi.org/10.3389/fcvm.2022.869730
https://doi.org/10.48550/arXiv.2401.12783
https://doi.org/10.1109/TBME.2015.2406332
https://doi.org/10.1109/TBME.2017.2676243
https://doi.org/10.1007/s13534-025-00473-9
https://doi.org/10.1109/BHI.2018.8333463
https://doi.org/10.1126/science.1250169
https://doi.org/10.3390/diagnostics13142442
https://doi.org/10.1016/j.hroo.2020.02.002
https://doi.org/10.2196/12284
https://doi.org/10.1109/JSEN.2022.3217037
https://doi.org/10.1093/eurheartj/ehae373
https://doi.org/10.1093/eurheartj/ehae797

	A Dual-Modal Wearable PPG Smartwatch with AI-Enhanced Correction for High-Accuracy and Continuous AF Burden Assessment
	1 | Introduction
	2 | Results and Discussion
	2.1 | Design of the Dual-Modal Wearable Monitoring System
	2.1.1 | Watch-Based PPG Module (W-PPG)
	2.1.2 | Watch-Based ECG Module (W-ECG)
	2.1.3 | Patch-Based ECG Module (P-ECG)
	2.1.4 | Communication and Time-Synchronization Module
	2.1.5 | System-Level Collaborative Acquisition Strategy and Monitoring Principle

	2.2 | Characterization of W-PPG and W-ECG Detection Principles
	2.2.1 | Detection Principle of W-PPG
	2.2.2 | Detection Principle of W-ECG
	2.2.3 | Synergistic Roles of W-PPG and W-ECG

	2.3 | Mechanistic Basis of AF and Characteristic Changes in PPG Signals
	2.3.1 | Core Sources of False-Positive and False-Negative Predictions

	2.4 | AI-Enhanced Correction Model for PPG-Assessed AF Burden
	2.4.1 | Data Collection and Processing
	2.4.2 | Model Prediction
	2.4.3 | Feature Matching and Label Correction (Figures 4C and 6)

	2.5 | Clinical Application of the Dual-Modal Wearable AF Monitoring System

	3 | Conclusions
	4 | Experimental Section
	4.1 | Device Specifications and Standardized Wearing Protocol
	4.2 | Data Segmentation and Automated Algorithmic Analysis
	4.3 | Statistical Analysis
	4.4 | Large-Scale Clinical Validation Cohort
	4.5 | Stringent Quality Control and Signal Stability Assessment
	4.6 | Ethics and Compliance Statement

	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


