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Editorial on the Research Topic  

Artificial intelligence for arrhythmia detection and prediction

The convergence of artificial intelligence (AI) and cardiovascular medicine has reached a 

critical juncture, offering unprecedented opportunities that can revolutionize arrhythmia 

care. This Research Topic presents ten pioneering articles that span from advanced 

detection algorithms to emerging prediction models, charting a clear trajectory toward 

truly predictive, personalized applications in cardiac arrhythmias.

1 Advanced detection technologies: achieving 
clinical excellence

He et al. introduce CardioAttentionNet (CANet), a portable deep learning (DL) 

model combining advanced architectures to classify five arrhythmia types with 

accuracies around: 97.37% ± 0.30% (normal), 98.09% ± 0.25% (supraventricular 

tachycardia), 92.92% ± 0.09% (ventricular tachycardia), 99.07% ± 0.13% (atrial 

fibrillation, AF), and 99.68% ± 0.06% (unclassified arrhythmias). AUCs exceed 99%, 

with 94.41% average accuracy on external data and 56.7 ms inference per 

electrocardiogram (ECG), demonstrating real-time feasibility. Complementing this, 

ECG-XPLAIM delivers a novel, explainable, inception-style model with multi-scale 

kernels (4, 20, 80 ms). Internal validation on MIMIC-IV and external on PTB-XL 

achieved AUCs of 0.88–0.99 and overall sensitivities/specificities >0.9. Grad-CAM 

visualizations offer insights into the model’s predictions, bridging the gap between AI 

performance and clinical interpretability (Pantelidis et al.).

Summarizing relevant data, Yin et al.’s meta-analysis of heart rate variability (HRV)- 

based AF detection demonstrates a pooled sensitivity of 94% and specificity of 97%, with 

DL outperforming traditional machine learning, supporting AI readiness across diverse 

cohorts. Similarly, Papalamprakopoulou et al. review AI-enabled smartwatch AF 

detection, illustrating how continuous, noninvasive monitoring by wearable devices 

enhances preventive cardiology, while underscoring challenges in reducing false 

positives and integrating vast data streams into clinical workFows.
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2 Emerging prediction capabilities: 
from risk assessment to personalized 
forecasting

Beyond accurate detection, contemporary AI is pivoting 

toward the more ambitious objective of forecasting arrhythmias 

and quantifying individualized risk. Zhang et al. propose a 

nomogram for sustained ventricular tachycardia in 

arrhythmogenic cardiomyopathy integrating age, sex, syncope, 

heart failure, echocardiographic parameters, and ECG findings. 

AUCs of 0.867 (training) and 0.815 (validation) mark significant 

strides in personalized risk stratification. Ingelaere et al. assess 

AI-enabled QRS fragmentation detection from 12-lead ECGs in 

1,242 patients with implantable cardioverter-defibrillator (ICD) 

using support vector machines and features from phase-rectified 

signal averaging and variational mode decomposition. Despite a 

sensitivity of 0.76 and specificity of 0.92 for fragmentation, no 

significant link to ICD therapy or mortality was found, revealing 

limitations when translating traditional ECG markers into AI- 

based risk predictors. Liang et al.’s neural network for exercise 

stress ECG achieved AUC 0.83, sensitivity 0.89, and specificity 0. 

60 for significant coronary artery disease (CAD) detection, 

processing ECG segments, and clinical features. Results are 

delivered within one minute post-test, spotlighting the potential 

to streamline diagnostic workFows.

3 More clinical, molecular and 
multimodal applications

Antoun et al. provide a comprehensive scoping review of AI in 

AF across the full care continuum, emphasizing its value for 

identifying asymptomatic AF, tailoring therapy, and 

confronting key implementation barriers such as transparency, 

data integration, and regulatory alignment. Banerjee discusses 

mobile health AI technologies, detailing smartphone-based 

ECG and photoplethysmography (PPG) systems that 

democratize long-term rhythm monitoring, especially in 

underserved regions, and emphasizing accessibility alongside 

diagnostic accuracy. From a molecular viewpoint, Teng and 

Deng explore shared biology between AF and chronic kidney 

disease, identifying co-expressed genes (PPBP, CXCL1, 

RSAD2) and transcription factors (FOXC1, FOXL1, GATA2); 

this bioinformatics pipeline illustrates how AI can reveal 

mechanistic targets and candidate biomarkers, advancing 

precision therapeutics and risk stratification at the genotype- 

phenotype interface.

4 Current landscape and future 
directions

AI-driven detection systems for arrhythmias can now rival 

expert cardiologists. CANet and ECG-XPLAIM report 

sensitivities and specificities above 94%, and short inference times 

per ECG segment, enabling real-time deployment on portable 

and wearable devices. A meta-analysis of DL, HRV-based AF 

detection confirms the impressive performance across diverse 

cohorts. These advances support population-level screening via 

smart devices, lowering barriers to early AF identification (1).

By contrast, AI-based prediction models remain an emerging 

frontier. Current algorithms for ventricular tachycardia risk and 

post-exercise CAD detection achieve AUCs of 0.81–0.87. These 

models integrate clinical and lab test parameters, yet seem to lack 

robust external validation. Similarly, AI-detected QRS fragmentation 

shows reasonable detection accuracy, but no correlation with ICD 

therapy or mortality, highlighting the challenge of converting 

traditional ECG markers into prognostic tools. To achieve clinical 

maturity, prediction models could be enhanced by integrating 

multimodal data across large, diverse cohorts with longitudinal 

follow-up (2). Additionally, novel network architectures further 

drive advances in cardiac AI: Self-attention, applied to sequential 

ECG data, can capture long-range temporal dependencies and 

spotlight clinically salient signal segments. Even the more 

traditional, inception-style designs seem to work exceptionally well, 

enabling multiscale feature extraction and enhancing detection 

robustness. Depthwise separable convolutions and MobileNet- 

inspired modules ensure computational efficiency on constrained 

hardware (Pantelidis et al., Banerjee, Teng and Deng, 3).

However, critical hurdles remain. Explainability is essential for 

clinician trust and regulatory approval; Grad-CAM visualizations 

are increasingly integrated to reveal model decision pathways. 

Data heterogeneity, concerning varying ECG hardware, sampling 

rates, and annotation standards, limits generalizability and 

demands rigorous standardization. Interoperability across 

electronic health records and wearable platforms requires 

harmonized data formats. Moreover, evolving regulatory 

frameworks for AI as a medical device necessitate transparent 

validation, real-world performance monitoring, and post-market 

surveillance to detect algorithmic drift and bias (3–5).

The next frontier lies in multimodal integration: combining 

continuous ECG, imaging, genomic, and environmental data for 

comprehensive risk modeling. Agentic AI could autonomously 

adjust monitoring and therapeutic recommendations in real time, 

optimizing care pathways. Transformer-based architectures tailored 

to multidimensional cardiac data may predict imminent arrhythmic 

events by detecting subtle premonitory signal shifts. Digital twin 

frameworks, enabling virtual patient models continuously updated 

with live data, could simulate arrhythmic risk under different 

interventions, enhancing personalized preventive strategies (6). 

Realizing predictive, personalized arrhythmia care will require 

sustained multidisciplinary collaboration among cardiologists, data 

scientists, bioengineers, and ethicists. By addressing explainability, 

data integration, and equitable access, AI-enabled prediction can 

transition from research prototypes to life-saving clinical tools, 

heralding a new era of proactive cardiovascular medicine.
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Artificial intelligence-enabled
atrial fibrillation detection using
smartwatches: current status and
future perspectives
Zoi Papalamprakopoulou1, Dimitrios Stavropoulos2,
Serafeim Moustakidis3, Dimitrios Avgerinos4, Michael Efremidis4

and Polydoros N. Kampaktsis5*
1Department of Medicine, Division of Gastroenterology, Hepatology and Nutrition, University at Buffalo
School of Medicine and Biomedical Sciences, Buffalo, NY, United States, 2Department of
Ophthalmology, University of Pittsburgh School of Medicine, Pittsburgh, PA, United States, 3AiDEAS,
Tallinn, Estonia, 4Onassis Cardiac Surgery Center, Athens, Greece, 5Department of Medicine, Aristotle
University of Thessaloniki Medical School, Thessaloniki, Greece
Atrial fibrillation (AF) significantly increases the risk of stroke and heart failure, but
is frequently asymptomatic and intermittent; therefore, its timely diagnosis
poses challenges. Early detection in selected patients may aid in stroke
prevention and mitigate structural heart complications through prompt
intervention. Smartwatches, coupled with powerful artificial intelligence (AI)-
enabled algorithms, offer a promising tool for early detection due to their
widespread use, easiness of use, and potential cost-effectiveness.
Commercially available smartwatches have gained clearance from the FDA to
detect AF and are becoming increasingly popular. Despite their promise, the
evolving landscape of AI-enabled smartwatch-based AF detection raises
questions about the clinical value of this technology. Following the ongoing
digital transformation of healthcare, clinicians should familiarize themselves
with how AI-enabled smartwatches function in AF detection and navigate their
role in clinical settings to deliver optimal patient care. In this review, we
provide a concise overview of the characteristics of AI-enabled smartwatch
algorithms, their diagnostic performance, clinical value, limitations, and discuss
future perspectives in AF diagnosis.

KEYWORDS

atrial fibrillation, smartwatches, photoplethysmography, single-lead electrocardiography,

artificial intelligence, machine learning

Introduction

Atrial fibrillation (AF) constitutes the most common cardiac arrhythmia with a

prevalence that is increasing. According to the Global Burden of Diseases study, the

number of individuals affected by AF has doubled from 1990 to 2019, reaching

approximately 60 million globally (1). This upward trajectory is projected to continue,

with estimates suggesting that by 2030, the United States alone could see over 12.1

million people diagnosed with AF (2).

AF is associated with a fivefold increased risk of stroke, as well as an increased risk for

heart failure (3, 4). However, its episodic manifestation and frequently asymptomatic

nature, pose significant challenges for AF diagnosis (5). For instance, research data

suggest that paroxysmal AF can be detected in 10%–20% of patients with cryptogenic
01 frontiersin.org8
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strokes and extended monitoring with implantable devices is

recommended in this population to increase sensitivity of AF

detection (6–8). In selected asymptomatic patients, early AF

detection could be helpful in preventing stroke using oral

anticoagulation (OAC) or preventing heart failure using rhythm

control strategies (4, 9).

Smartwatches empowered by artificial intelligence (AI)

algorithms have emerged as a promising tool for early detection

of AF (10, 11). Recent cost-effectiveness studies also underscore

their potential to serve as a widespread tool for early arrhythmic

detection (12). However, AF confirmation still requires

electrocardiography (ECG) and widespread incorporation of

smartwatches for AF detection has not been established (13–15).

In this review we first summarize the characteristics and

performance of smartwatches that use AI-enabled algorithms for

AF detection; secondly, we discuss their clinical applicability, the

challenges around their use, and finally outline future directions

in the field.
Smartwatch technology for AF detection

Photoplethysmography
A common technology for detecting AF with smartwatches is

photoplethysmography (PPG). This technique involves

illuminating the skin with a light-emitting diode (LED) and

detecting the light reflected back with a photodetector (16). The

intensity of the reflected light constitutes the PPG signal, which

varies according to blood volume changes in the vessels

throughout the cardiac cycle. Therefore, the PPG signal

represents a pulse pressure waveform that enables passive,

continuous, or semi-continuous heart rhythm monitoring

measured at the wrist (17).

Since various neural, cardiac, and respiratory factors regulate

blood flow, physiologic cardiovascular parameters such as heart

rate, blood pressure, oxygen saturation, and respiratory rate could

be derived from PPG signal analysis (18). Importantly, the peak

of the PPG signal correlates closely with the R wave of the

electrocardiogram (ECG) (19). As such, the PPG signal can

provide R-R intervals, i.e., heart rate variability (20) and in AF,

the PPG signal exhibits greater irregularity of pulse waveform

(16). Assessment of PPG variability through a detection

algorithm is used to detect AF.

Single-lead ECG
Another common method for detecting AF with smartwatches

is based on the recording of a single-lead ECG. In this method, the

watch’s back acts as a positive electrode and the contralateral

fingertip is placed on the crown, acting as a negative electrode

(21). This creates a bipolar ECG-lead, simulating Einthoven’s

ECG lead I. The recorded ECG tracing is typically saved and can

be analyzed either manually by physicians or automatically. In

addition to single-lead ECG, other techniques further explore the

use of a smartwatch-based wireless 6-lead limb-like ECG, which

requires interpretation by cardiologists, combined with PPG to

increase accuracy of AF detection (22).
Frontiers in Cardiovascular Medicine 029
Detection algorithms and machine learning
Detection algorithms may rely on traditional statistics or AI,

particularly machine learning (ML) and deep learning (DL)

algorithms (23). For commercially available smartwatches, the

AI-empowered algorithms utilized for AF detection remain

proprietary to each company (24, 25). Nonetheless, we will

provide a brief overview of how similar algorithms described in

the research setting function to aid physicians in understanding

their mechanisms. PPG or ECG signals, once captured, undergo

several preprocessing steps including noise reduction,

normalization, and segmentation. Feature extraction focuses on

both time-domain and frequency-domain attributes, which might

include heart rate variability indices, the morphology of the PPG

or ECG waveform, and temporal intervals between heartbeats. A

tachogram, a visual representation of heart rate variability plotted

against time, serves as a key component in the PPG-based AF

detection process (26). Typically, a set number of irregular

tachograms over a period of time is involved in the algorithm’s

decision to trigger an irregular pulse notification (IPN). ML

models such as support vector machines and random forests

analyze these engineered features to classify heart rhythms,

benefitting from the clear delineation of feature-based input

(27, 28). In contrast, DL models such as convolutional neural

networks (CNNs) and recurrent neural networks (RNNs) can

process raw or minimally preprocessed signal data (29, 30). These

models are adept at automatically detecting complex patterns

within large datasets, which is beneficial for identifying subtle and

non-linear indicators of AF. CNNs, for instance, are useful for

spatial pattern recognition within ECG signals, while RNNs excel

at analyzing sequential data, capturing dynamic changes over

time which are crucial for continuous ECG monitoring (31).
Challenges
PPG sensors can yield missing signals or inconclusive/

unclassified rhythms. Missing signals are often due to poor

sensor-skin contact. On the other hand, insufficient quality of

the signal may be attributed to motion artifacts, such as from

muscular motion. Overall, PPG sensors tend to underestimate AF

detection at both higher and lower heart rates when compared to

standard detection methods (32). Additionally, ectopic beats can

further complicate AF detection by generating pulse irregularities

(22). Although evidence remain inconclusive, skin pigmentation

may also restrict PPG performance (33, 34). Moreover, the PPG

signal may be weaker in elderly, due to pathologic or physiologic

changes associated with aging including reduced peripheral blood

flow, increased arterial wall stiffness, and skin changes (35, 36).

On the other hand, there may be a low amplitude of P-waves

with single-lead ECG, which challenges the classification of

electrical activity (37). Lastly, limitations of using smartwatch to

detect AF include the necessity for user cooperation and regular

charging, depending on its battery life (10).

Similarly, AI models, despite their capabilities, require robust,

diverse datasets for training to ensure effective performance

across various demographic groups and conditions. Additionally,

these models necessitate significant computational resources,
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particularly in DL frameworks, to process extensive data and learn

through sophisticated layers of abstraction. The interpretability of

these AI systems is also crucial, particularly in healthcare

settings, where providers prefer algorithms that offer insights into

their decision-making processes (38). This aligns with the

increasing demand for explainable AI in clinical environments,

highlighting another significant limitation.
Diagnostic performance of Ai-empowered
smartwatches in AF detection

Currently, AF diagnosis requires that a physician reviews a

standard 12-lead ECG or rhythm strips (9, 39). This also serves

as the gold standard to determine the diagnostic accuracy of

smartwatches. Table 1 summarizes key recent studies conducted

from 2019 and onwards that evaluated the diagnostic

performance of smartwatches for detecting AF.

Large-scale, pragmatic studies that were conducted for major

smartwatch companies like Apple and Fitbit assessed the ability to

screen for AF in the general population relying on PPG (40, 41).

The Apple Heart Study evaluated over 400,000 individuals (mean

age 41 ± 13 years, 42% women) for IPN with the Apple Watch

indicating possible AF in that event (40). The duration of PGG

monitoring and the criteria to triggering an IPN for AF varied

significantly among studies assessing PPG sensors. PPG

monitoring was more intermittent with the Apple algorithm,

where the IPN required at least 5/6 consecutive irregular 1-minute

tachograms within a 48-hour period (40). Conversely, the Fitbit

algorithm allowed for more continuous monitoring and applied

stricter notification criteria, requiring at least 30 min of irregular

rhythm before notifying the user (41). Participants who received

such an IPN notification received a single-lead ECG patch via

mail to wear for 1 week, which was used to diagnose AF. Overall,

only 0.52% of the study population received an IPN using the

Apple algorithm, with the percentage correlating with increased

age (≥65 years: IPN 3.2%). Similarly, the Fitbit Heart Study

assessed the performance of the Fitbit Watch among over 400,000

participants (median age 47 years, interquartile range 35–58 years,

71% women), of whom 1% received an IPN (≥65 years: IPN

3.6%) (41). Of those who received an IPN in the Fitbit and Apple

Heart studies, only up to 25% of all notified participants in these

studies returned the ECG patch. 32.2% and 34.0%, respectively

were confirmed to have AF lasting at least 30 s on the

reference ECG patch. The positive predictive value (PPV) for AF,

confirmed concurrently on the ECG patch, of the Apple

algorithm was 84.0% (95% CI, 76.0%–92.0%). The PPV was lower

among those over 65, i.e., 78% (95% CI, 64.0%–92.0%). The Fitbit

algorithm yielded a sensitivity of 67.6%, specificity of 98.4%, and

PPV of 98.2% (95% CI, 95.5%–99.5%), with a slight reduction

among those aged ≥65 years at 97.0% (95% CI, 91.4%–99.4%).

Among studies conducted in research settings and among

populations at high-risk for AF, the performance of PPG sensors

varied with sensitivity ranging from 87.8% (42) to 94.2% (22)

and specificity up to 99.1% (22). Other studies examined the

performance of intelligent ECG (iECG), a smartwatch-based
Frontiers in Cardiovascular Medicine 0310
single-lead ECG with automatic AF detection function (43–46).

AF was considered present if episodes lasted for at least 30 s. The

sensitivity of automatic AF detection with iECG varied from as

low as 41.0% among post-cardiac surgery patients (44) to 94.4%

among high-risk inpatient populations (45), while the specificity

ranged from 69.0% (46) to 100.0% (44). These performance

indices should be interpreted with caution, as most of these

studies employed intention-to-diagnose analyses, excluding a

significant number of tracings that were deemed inconclusive.

Badertscher et al. demonstrated a reduction in such inconclusive

tracings from 14% to 4.1% after a cardiologist’s review, and this

was further supported by Mannhart et al. (43, 46). Avram et al.

demonstrated that obtaining a confirmatory iECG one hour apart

the first one improved the specificity (100.0%) without affecting

sensitivity (96.0%). Moreover, novel AI algorithms have

demonstrated excellent performance in reducing inconclusive

classification rates (47). Lastly, in most studies, patients were

instructed on how to use the technology for AF detection which

may not reflect real-life circumstances or digital literacy,

especially among the elderly.
Clinical impact of AF detection using
Ai-empowered smartwatches

Potential benefits
The main potential advantage of detecting asymptomatic AF

using smartwatches lies in the opportunity for early diagnosis and

therapeutic intervention. Identifying AF among high risk,

asymptomatic patients could lead to the initiation of OAC,

potentially reducing the risk for stroke (4). The eBRAVE-AF trial

showed that PPG-based screening more than doubled the detection

rate of asymptomatic AF leading to subsequent OAC initiation

(48). A recent meta-analysis demonstrated a significant reduction

in stroke risk after OAC initiation in patients with asymptomatic

AF detected by implantable cardiac devices (49). However, the

results of studies investigating the specific clinical benefits of

smartwatch-detected AF and the populations to which may apply,

are pending (50). Additionally, increasing evidence suggests that

early initiation of rhythm control not only lowers the risk of

stroke, but also reduces the structural, long-term complications of

AF, particularly HF (51, 52). Furthermore, identifying AF early

could prompt the early identification and management of other

concomitant cardiovascular conditions such as hypertension,

underlying heart disease and diabetes mellitus (53). Lastly,

population screening for AF using smartwatches is proposed as a

more cost-effective approach compared to no screening or

conventional screening (12). Nevertheless, no consensus has been

reached yet regarding AF screening due to a lack of clinical data to

support its potential benefits in asymptomatic patient groups at

risk for AF and its complications (5, 9, 54).

Identifying populations for smartwatch-based AF
detection

In the absence of relevant guidelines, it may be reasonable to

introduce smartwatch AF screening in certain populations. For
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example, the 2020 ESC Guidelines for AF recommend AF

screening for patients over 75 (5). Additionally, the same

guidelines suggest screening for those at high stroke risk,

though the optimal cut-offs on assessment tools, e.g.,

CHA2DS2-VASc score, for smartwatch-based AF detection

require further clarification. Oppportunistic screening for AF is

also suggested for patients aged 65 years and above, where

smartwatches have already been incorporated as screening

options (5). In contrast, the US Preventive Services Task Force

implies that the current evidence is insufficient to assess the

balance of benefits and harms for AF screening (54). It is

noteworthy that AI algorithms utilizing Electronic Medical

Records (PULsE-AI, FIND-AF) or ECGs (BEAGLE) may

facilitate the identification of high-risk patients (55–57).

However, it would be difficult to envision that smartwatches

could be used for screening or substitute other established

methods of AF detection in symptomatic patients at high risk

for AF, such as those with cryptogenic stroke.

Clinical challenges and risks
Once the smartwatch indicates possible AF, the main question

is how healthcare providers should proceed (10). In existing clinical

studies, individuals were referred to contact a healthcare provider

(40, 41, 58). Healthcare providers then confirmed the presence of

AF through a standard ECG confirmatory test. This approach

aligns with the 2020 ESC Guidelines for AF, which included

smartwatches in the screening recommendations (5). However,

the introduction of smartwatches for AF diagnosis poses risks for

putting high stress on the healthcare system, particularly if

extended population screening is implemented (59, 60).

Therefore, it is crucial to optimize the parameters of smartwatch

algorithms to minimize false positives and prevent physician

overload. A study conducted among patients with known AF

who utilized wearables, demonstrated increased engagement in

follow-up healthcare, with no significant difference in pulse rates

compared to those not using wearables (61). Further research

into health outcomes will guide management for both patients

and providers.

Data management
Smartwatch data management poses an ongoing challenge.

The FDA does not classify smartwatches as medical devices;

rather they are considered wellness tools, subject to expedited

regulatory approval through the Digital Health Software

Precertification (Pre-Cert) Program (62). This regulatory

framework promotes the development of a large digital health

market and the generation of a substantial volume of digital

data (21). Despite this, smartwatch data have not yet been fully

integrated into clinical workflows. While meaningful integration

of smartwatch data into the existing Electronic Health Records

(EHRs) will eventually become necessary, the specific type

and volume of data to be shared with EHRs is yet to be

determined. Consequently, there is an ongoing effort to endorse

partnerships between startup organizations that specialize in

integrating such data into EHRs with healthcare systems and

insurance companies (63). It is also crucial to develop clear
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legislation regarding data ownership, ensure compliance with

HIPAA regulations and address patient confidentiality, privacy,

and security concerns (59, 64). Furthermore, attention is

required concerning physician reimbursement, including the

creation of standard documentation processes and billable

codes related to the integration of smartwatch data into clinical

workflows (65). With all these impending changes, it has been

suggested that a “digital health counselor” could provide

support and guide patients and providers throughout the

initial transition phase of digital data integration into

clinical workflows (59).
Conclusions and future directions

AI-empowered smartwatches have emerged as a potential

screening tool for AF, the most common arrhythmia with an

increasing prevalence. Potentially important advantages of this

strategy include purely non-invasive nature, easiness of use, early

detection of AF in high-risk asymptomatic individuals and

reduction in AF burden. However, there is no consensus among

pertinent societies regarding AF screening and the clinical impact

of this strategy using smartwatches remains to be proven.

Particular issues that have to be addressed are: identification of

populations that could benefit from AF screening using

smartwatches; optimization of AI algorithms to improve

diagnostic accuracy and reduce confirmatory tests; data

management of protected health care information including

infrastructure for processing of large amounts of data, and

clinical algorithms to assist with widespread application of AF

screening via smartwatches. Large trials to address these

questions are currently required and may expect the landscape of

AF in the near future.
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1Department of Cardiovascular Sciences, Faculty of Medicine, KU Leuven, Leuven, Belgium,
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Faculty of Engineering Sciences, KU Leuven, Leuven, Belgium
Background: Electrocardiographic markers differentiating between death
caused by ventricular arrhythmias and non-arrhythmic death could improve
the selection of patients for implantable cardioverter-defibrillator (ICD)
implantation. QRS fragmentation (fQRS) is a parameter of interest, but subject
to debate. We investigated the association of an automatically quantified
probability of fragmentation with the outcome in ICD patients.
Methods: From a single-center retrospective registry, all patients implanted with
an ICD between January 1996 and December 2018 were eligible for inclusion.
Patients with active pacing were excluded. From the electronical medical
record, clinical characteristics at implantation were collected and a 12-lead
ECG was exported and analyzed by a previously validated machine-learning
algorithm to quantify the probability of fQRS. To compare fQRS(+) and fQRS
(−) patients, dichotomization was performed using the Youden index. Patients
with a high probability of fragmentation in any region (anterior, inferior or
lateral), were labeled fQRS(+). The impact of this fQRS probability on
outcomes was investigated using Cox regression.
Results: A total of 1,242 patients with a mean age of 62.6 ± 11.5 years and a
reduced left ventricular ejection fraction of 31 ± 12% were included of which 227
(18.3%) were female. The vast majority suffered from ischemic heart disease
(64.3%) and were implanted in primary prevention (63.8%). 538 (43.3%) had a
high probability of fragmentation in any region. Patients with a high probability
of fragmentation had more frequently dilated cardiomyopathy (39.4% vs. 33.0%,
p=0.019), left bundle branch block (40.8% vs. 32.5%, p=0.006) and a higher
use of cardiac resynchronization therapy with defibrillator (CRT-D) devices (33.9%
vs. 26.3%, p=0.004). After adjustment in a multivariable Cox model, there was
no significant association between the probability of global or regional fQRS and
appropriate ICD therapy, inappropriate shock and short- or long-term mortality.
Conclusion: There was no association between the automatically quantified
probability of the presence of fQRS and outcome. This lack of predictive value
might be due to the algorithm used, which identifies only the presence but
not the severity of fragmentation.

KEYWORDS

QRS fragmentation, implantable-cardioverter defibrillator, sudden cardiac death,
ventricular arrhythmias, artificial intelligence
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Introduction

Cardiovascular mortality remains one of the leading causes of

death worldwide. Fatal cardiac events can be classified by their

underlying mechanism; either mechanical based on pump failure, or

electrical secondary to ventricular arrhythmias. While drug therapy,

with or without resynchronization pacing, is pivotal in preventing

progression to pump failure, implantation of an implantable

cardioverter-defibrillator (ICD) stands as a cornerstone in the

prevention of sudden death due to ventricular arrhythmias (1).

Despite the significantly increased risk of life-threatening ventricular

arrhythmias in patients with heart failure, that are candidates for

ICD implantation in primary prevention, the majority of patients

with an ICD do not experience life-saving interventions from their

device (2–4). In the current era of improved medical heart failure

treatment and possible declining benefit of ICD therapy, optimal

risk stratification is crucial to select patients at high-risk for

ventricular arrhythmias but at low risk of non-arrhythmic death (5).

The electrocardiogram (ECG) is a widely available, easy-to-

perform, low-cost and low-risk diagnostic tool essential in cardiology

practice with potential to refine arrhythmia risk stratification. The

QRS complex represents the ventricular depolarization on ECG.

Myocardial scarring results in heterogeneous myocardial activation,

causing conduction delay and creating substrates for reentry circuits.

Fragmentation of the QRS complex was initially described by Flowers

et al. in 1969 and implies a heterogeneous activation pattern (6).

Despite its potential, consensus on the prognostic value of

fragmented QRS (fQRS) remains elusive in literature, partly due to its

typical binary use based on visual estimation, which is prone to

significant inter- and intra-observer variability (7). We recently

developed an algorithm to automatically quantify the probability of

the presence of QRS fragmentation (8). In this study we aim to

investigate the relationship between this probability of the presence of

QRS fragmentation and outcomes of post-ICD implantation.
Methods

Patient selection

All patients with ischemic or dilated cardiomyopathy, who received

their first ICD device at the University Hospitals of Leuven between 01/

01/1996 and31/12/2018were eligible for inclusion (9). Bothprimaryand

secondary prevention ICD indications were included. Single and dual

chamber ICD devices (VVI/DDD) as well as cardiac resynchronization

defibrillator devices (CRT-D) were included. Patients with ventricular

pacing on the ECG at time of implantation were excluded. Analysis on

this retrospective dataset was approved by the local ethical committee

of the University Hospitals of Leuven (S56074).
Quantification of QRS fragmentation

Pre-procedural resting 12-lead ECGs were recorded (paper

speed of 25 mm/s, voltage of 10 mm/mV, sampling rate 250 Hz,

filter range 0.05–150 Hz with notch filter at 50/60 Hz) and
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analyzed using the “GE Marquette 12SLTM ECG Analysis

Program” (GE Medical Systems, Menomonee Falls, WI, USA).

Raw ECG data were exported for QRS fragmentation analysis.

Recently, we reported on an AI-enabled supervised machine

learning algorithm designed to quantify the probability of QRS

fragmentation (8). This method employs a novel and robust QRS

segmentation strategy combining information from multiple leads

to ensure the inclusion of critical Q and S wave information while

excluding artifactual oscillations and abnormal heartbeats. A

dataset of pre-ICD implantation ECGs from 673 patients

implanted at UZ Leuven was used (including both narrow and

broad QRS complexes). Patients were on average 62.4 ± 11.6 years

old and had a severely reduced left ventricular ejection fraction

(LVEF) of 32.3 ± 12.3%. The majority of patients were male

(84.7%) and suffered from ischemic heart disease (66.3%). At the

time of implantation, 57 patients (8.5%) were in atrial fibrillation,

while the remaining ECGs exhibited sinus rhythm. These ECG

recordings were evaluated lead-by-lead by five independent

clinicians for presence or absence of QRS fragmentation using

binary labeling. The sum of the scores per lead represented the

level of agreement with signals scoring ′0′ (full agreement that

the signal was non-fragmented) and ′5′ (full agreement that the

signal was fragmented) used as the ground truth to train the

model. Ten features as proposed by Goovaerts et al. were extracted

from each signal (10). Three of these features were derived from

phase-rectified signal averaging (PRSA) curves, which can detect

oscillations in the QRS complex (mean derivative of the PRSA

curve, slope and y-axis crossing of its linear fit). Six additional

parameters were derived using variational mode decomposition

(VMD), which decomposes signals into their frequency

components. Lastly, the number of peaks within the QRS complex

on the ECG was used. These ten features were used to train a

Support Vector Machine (SVM), a machine learning classifier, to

distinguish between fragmented and non-fragmented signals. Platt

scaling was applied to convert the binary score into a continuous

score by fitting a logistic regression, thus providing a probability of

fragmentation. We used the UZ Leuven algorithm given the best

performance in the UZ Leuven dataset (sensitivity 0.76, specificity

0.92, kappa 0.71). Output consisted of a continuous value between

0 and 1 for each signal, representing the probability of

fragmentation. Mean values were calculated for anterior (V1–V5),

lateral (I, aVL, V6) and inferior (II, III, aVF) regions.
Endpoints

Patients in the registry were followed every 6–12 months. Device

related endpoints were 1-year, 3-year and overall appropriate

therapy (i.e., anti-tachypacing and shock) or appropriate shock and

ever inappropriate shock-rate. ICD interventions were analyzed by

the treating cardiologist and registered in a standardized manner in

the electronic medical record. Mortality related endpoints were

1-year, 3-year and overall mortality as well as ICD resistant

mortality (ICD-RM). Guidelines recommend to reserve ICD therapy

to patients with an expectation of good-quality survival of more

than 1 year. Therefore, an ICD was considered clinically useful when
frontiersin.org
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the ICD provided appropriate therapy and the patient survived

implantation by 1 year and appropriate shock by 30 days. As such,

to identify the subgroup of patients for whom ICD implantation

proved futile, ICD-RM was defined as death within the first year

after ICD implantation or within 30 days after a first shock or

if death occurred without any documented appropriate ICD

intervention during follow-up (4). Mortality was deducted from the

national population register, linked to the electronic medical record,

ensuring completeness of data. In case of heart transplantation, date

of transplantation was considered last date of follow-up.
Statistical analysis

Categorical variables are presented as number with percentages and

continuous variables as mean with standard deviation. Based on the

receiver operating characteristic curve, cut-off for fragmentation was

set at 0.642, the value with the highest Youden index (0.651) with at
TABLE 1 Baseline patient characteristics by QRS fragmentation.

QRS fragmentation Overall f

N= 1,242 Mean SD Mean
Age (years) 62.6 11.5 62.9

BMI (kg/m²) 26.4 4.4 26.6

LVEF (%) 31 12 31

Creatinine (mg/dl) 1.26 0.48 1.24

QTc (ms) 443 51 444

Number % Numb
Female 227 18.3 121

IHD (vs. DCM) 798 64.3 472

Secondary (vs. primary) 450 36.2 256

NYHA

I 323 26.0 186

II 551 44.4 324

III 359 28.9 190

IV 8 0.6 4

CRT-D (vs. VVI/DDD) 367 29.6 185

Stroke 134 10.8 72

DM 261 21.0 149

AF 355 28.6 192

AHT 665 53.5 390

BB 1,058 85.3 600

ACE-I or ARB 1,091 87.9 625

Loop 606 48.8 334

Aldactone 682 55.0 370

Anti-aggregant 748 60.3 439

Anticoagulation 420 33.8 226

Amiodarone 442 35.6 248

Sotalol 11 0.9 8

Digitalis 106 8.5 61

Statin 759 61.2 442

Ever appropriate 435 35.0 256

LBBB 386 36.2 192

Baseline patient characteristics with comparison between patients with [fQRS(+)] or without [fQR

creatinine (mg/dL); QTc interval, QTc (ms); ischemic heart disease, IHD; dilated cardiomyopat
NYHA; diabetes mellitus, DM; atrial fibrillation, AF; arterial hypertension, AHT; betablocker,

loop diuretic, loop; ever appropriate ICD therapy (anti-tachypacing or shock), ever approp

defibrillator; VVI/DDD, single and dual chamber ICD devices.

Significant p-values in bold.
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least 95% specificity, as we want to include true fragmentation.

Patients with or without fragmentation in any region were compared.

We compared continuous variables by a Mann-Whitney U test and

categorical variables by a Chi² test. P-values≤ 0.05 were considered

significant. Multicollinearity was tested by calculating the variance of

inflation factors (VIFs). Univariate Cox regression analysis was

performed to identify predictors of the predefined endpoints. For each

endpoint, a multivariable Cox regression analysis was performed

using the ENTER method with selection of variables based on a

univariable p-value < 0.100. Statistical analysis was performed using

SPSS Statistics (version 29, IBM Corp., Armonk, NY, USA).
Results

A total of 1,242 patients were included, with their baseline

characteristics presented in Table 1. Almost half of them had QRS

fragmentation in any region (N = 538, 43.3%). When comparing
QRS (−) fQRS (+)

p-valueSD Mean SD
10.6 61.1 12.9 0.165

4.4 26.6 4.3 0.856

11 30 11 0.425

0.48 1.24 0.45 0.628

50 443 52 0.887

er % Number %
17.2 106 19.7 0.256

67.0 326 60.6 0.019

36.4 194 36.1 0.912

26.4 137 25.5 0.358

46.0 228 42.4

27.0 169 31.4

0.6 4 0.7

26.3 182 33.9 0.004

10.2 62 11.5 0.465

21.2 112 20.8 0.882

27.3 163 30.4 0.234

55.4 275 51.1 0.134

85.3 458 85.1 0.914

88.9 466 86.6 0.221

47.5 272 50.6 0.287

52.6 312 58.0 0.060

62.4 309 57.4 0.074

32.1 194 36.1 0.144

35.3 194 36.1 0.776

1.1 3 0.6 0.280

8.7 45 8.4 0.845

62.9 317 58.9 0.157

36.4 179 33.3 0.258

32.5 194 40.8 0.006

S(−)]. Age (years); body mass index, BMI (kg/m²); left ventricular ejection fraction, LVEF (%);

hy, DCM; secondary vs. primary prevention indication; New York Heart Association class,
BB; angiotensin converting enzyme inhibitor, ACE-I; angiotensin receptor blocker, ARB;

riate; left bundle branch block, LBBB; CRT-D, cardiac resynchronisation therapy with
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TABLE 2 Multivariable Cox regression regarding ICD resistant mortality
(ICD-RM).

ICD-RM HR 95% Confidence
interval

p-value

Lower Upper
Age (/year) 1.061 1.042 1.081 <0.001

BMI (/kg/m²) 0.930 0.894 0.967 <0.001

LVEF (/%) 0.977 0.963 0.992 0.003

Creatinine (/mg/dl) 1.422 1.121 1.804 0.004

QTc (/ms) 1.001 0.998 1.003 0.673

Female 0.994 0.647 1.529 0.979

IHD (vs. DCM) 1.244 0.842 1.838 0.272

NYHA ref

I

II 1.960 1.291 2.977 0.002

Ingelaere et al. 10.3389/fcvm.2024.1464303
patients with or without QRS fragmentation at implantation, no

significant disparities were observed. The average age of the cohort

was 62.6 ± 11.5 years, without significant difference between patients

with or without fragmentation. LVEF was comparable across patients

with QRS fragmentation (30 ± 11%) as without fragmentation (31 ±

11%). Arterial hypertension (N = 665, 53.5%) and atrial fibrillation (N

= 355, 28.6%) were the most common comorbidities with balanced

prevalence between both groups. Only a minority of the included

patients were female (N = 227, 18.3%). The sole noteworthy

distinctions were a lower incidence of ischemic heart disease in

patients with QRS fragmentation compared to those with dilated

cardiomyopathy (60.6% vs. 67.0%, p = 0.019), a higher prevalence of

CRT-D usage (33.9% vs. 26.3%, p = 0.004), and a greater frequency of

LBBB (40.8% vs. 32.5%, p= 0.006).

III 2.505 1.510 4.158 <0.001

IV 7.930 1.731 36.317 0.008

CRT-D (vs. VVI/DDD) 0.554 0.363 0.845 0.006

Stroke 1.274 0.807 2.009 0.298

DM 1.977 1.410 2.772 <0.001

AF 1.995 1.386 2.873 <0.001

AHT 0.930 0.681 1.269 0.646

Loop 1.535 1.094 2.153 0.013

Anticoagulation 0.836 0.580 1.207 0.340

Amiodarone 1.133 0.829 1.547 0.434

Statin 1.315 0.944 1.833 0.106

Anterior fQRS 1.112 0.609 2.029 0.730

Age (years); body mass index, BMI (kg/m²); left ventricular ejection fraction, LVEF (%);

creatinine (mg/dL); QTc interval, QTc (ms); ischemic heart disease, IHD; dilated

cardiomyopathy, DCM; New York Heart Association class, NYHA; diabetes mellitus, DM;
atrial fibrillation, AF; arterial hypertension, AHT; loop diuretic, loop; CRT-D, cardiac

resynchronisation therapy with defibrillator; VVI/DDD, single and dual chamber ICD

devices.

Significant p-values in bold.
QRS fragmentation and mortality

QRS fragmentation showed no predictive value for 1-year nor 3-

year survival by univariate Cox regression analysis (Supplementary

Appendix Tables S1–S2). Anterior region fragmentation appeared

to predict ICD-RM (HR 1.668, p = 0.036) and approached

significance for overall mortality (HR 1.467, p = 0.058)

(Supplementary Appendix Tables S3–S4). Nonetheless, subsequent

multivariable Cox modeling showed that anterior fragmentation

lost its predictive power regarding ICD-RM (HR 1.112, p = 0.730).

Significant predictors of ICD-RM were more pronounced heart

failure symptoms, indicated by the detrimental impact of advanced

NYHA status while there is a protective effect of CRT-D and

better-preserved LVEF (Table 2). Cox-derived survival plot of ICD-

RM stratified by anterior QRS fragmentation is presented in

Figure 1. Overall mortality increased with age, higher creatinine,

ischemic heart disease (IHD), worse NYHA status, most

comorbidities and the use of loop diuretics and digitalis. A better

preserved LVEF was associated with an improved overall survival

(Table 3). Cox-derived survival plot of overall mortality stratified by

anterior QRS fragmentation is presented in Figure 2.
QRS fragmentation and ICD therapy

In univariate Cox regression analysis, neither global nor regional

QRS fragmentation exhibited any predictive value concerning

clinically relevant device related endpoints, such as appropriate ICD

intervention, appropriate ICD shock or inappropriate ICD shock

(Supplementary Appendix Tables S5–S7). Secondary prevention and

the use of digitalis were linked to an increased risk of appropriate ICD

therapy, with or without shock (Supplementary Appendix Tables S8,

S9). Conversely, patients treated with a statin exhibited a reduced risk

of appropriate ICD shock (Supplementary Appendix Table S9). Even

after adjustment, the presence of atrial fibrillation was associated with

a higher likelihood of inappropriate ICD shocks (HR 1.992, p < 0.001).

In contrast, older patients had a diminished risk of inappropriate ICD

interventions (HR 0.981, p = 0.010) (Supplementary Appendix

Table S10).
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Discussion

The presence of QRS fragmentation has been extensively

studied in various cardiac conditions as a potential marker of

adverse outcomes (11–14). The current analysis found no

association between the automatically quantified probability of

QRS fragmentation and patient outcomes.
Prevalence of fQRS

The overall prevalence of fQRS in our cohort (43.3%) is higher

compared to an analysis on MADIT II trial patients (33%) which

might be due to differences in patient characteristics as the latter

only included patients eligible for ICD in primary prevention

(15). In a Finnish cohort of middle-aged subjects, the overall

prevalence of fQRS was remarkably lower (19.7%). However, they

included patients with and without cardiac antecedents (21.4%

and 75.9% respectively) with a quasi-balanced cohort in terms of

sex-category (52.3% men) and a notable lower average age (16).

The same research group studied the prevalence of fQRS in

patients without cardiac disease (19.0%) vs. ARTEMIS study

patients with coronary artery disease with and without previous
frontiersin.org
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FIGURE 1

Cox-derived survival plot of ICD resistant mortality (ICD-RM) stratified by the presence of anterior QRS fragmentation.

TABLE 3 Multivariable Cox regression regarding overall mortality.

Mortality (all) HR 95% Confidence
interval

p-value

Lower Upper
Age (year) 1.050 1.036 1.063 <0.001

LVEF (/%) 0.979 0.968 0.989 <0.001

Creatinine (/mg/dl) 1.460 1.214 1.754 <0.001

QTc (/ms) 1.000 0.998 1.002 0.893

Female 0.939 0.680 1.295 0.699

IHD (vs. DCM) 1.536 1.173 2.012 0.002

Secondary (vs. primary) 1.240 0.966 1.590 0.091

NYHA ref

I

II 1.602 1.220 2.103 0.001

III 1.461 1.054 2.027 0.023

IV 3.965 1.190 13.207 0.025

Stroke 1.400 1.007 1.947 0.045

DM 1.638 1.281 2.095 <0.001

AF 1.378 1.057 1.796 0.018

AHT 0.980 0.783 1.226 0.859

BB 0.833 0.640 1.084 0.174

Loop 1.396 1.096 1.778 0.007

Anticoagulation 0.931 0.713 1.215 0.598

Amiodarone 1.159 0.917 1.464 0.216

Digitalis 1.544 1.105 2.157 0.011

Anterior fQRS 1.034 0.655 1.631 0.887

Age (years); left ventricular ejection fraction, LVEF (%); creatinine (mg/dL); QTc interval, QTc
(ms); ischemic heart disease, IHD; dilated cardiomyopathy, DCM; secondary vs. primary

prevention indication; New York Heart Association class, NYHA; diabetes mellitus, DM;

atrial fibrillation, AF; arterial hypertension, AHT; betablocker, BB; loop diuretic, loop.

Significant p-values in bold.

Ingelaere et al. 10.3389/fcvm.2024.1464303

Frontiers in Cardiovascular Medicine 0520
myocardial infarction (39.5% and 35.3% respectively) vs. SCD

victims from the FinGesture study (53.8%) (17). Accounting for

the inclusion of secondary prevention patients (considered as

aborted SCD victims) and the preponderance of IHD in our

cohort, we assume the prevalence of fQRS in our study being

representative. Inferior fragmentation was the most prevalent in

our cohort as well as in all aforementioned study populations

(15–17). In contrast to findings of Engstrom et al., we did not

observe a significant difference in QRS fragmentation with age,

nor was there a predisposition to fragmentation in males

compared to females or any significant difference in the

prevalence of diabetes or atrial fibrillation (14).
Predictive value of fQRS

In accordance with previous findings, there was no difference

in NYHA functional status or the presence of ventricular

arrhythmias, as defined by appropriate ICD therapy in patients

with or without fQRS (18). The absence of significant predictive

value of QRS fragmentation in this study contrasts with literature

and diverges from our previous findings despite overlap in

patients as this study is based on a single-center registry, updated

until 2018 (19). Previous reports showed that the presence of

fragmentation on ECG at hospital admission in acute STEMI

patients was an independent predictor of in-hospital ventricular

arrhythmias (20). Furthermore, a recent meta-analysis showed a

significant prognostic value for fQRS in patients with acute
frontiersin.org
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FIGURE 2

Cox-derived survival plot of overall mortality stratified by the presence of anterior QRS fragmentation.

Ingelaere et al. 10.3389/fcvm.2024.1464303
myocardial infarction with an increased risk of in-hospital

mortality and MACE, as well as long-term mortality and MACE

(21). Another meta-analysis in heart failure patients also

withheld fQRS as a predictor of ventricular arrhythmias but only

when primary and secondary prevention patients were pooled as

there was no significance in primary prevention alone (14). As

patients with primary prevention ICD indications are most

relevant for optimizing risk stratification, we performed a

subgroup analysis but the results remained unchanged

(Supplementary Appendix Table S11).

Further, our analysis did not establish an association between

global nor regional QRS fragmentation and mortality. Terho et al.

found an association between lateral QRS fragmentation and

adverse survival rates in subjects with pre-existing cardiac

diseases, while there was no association with mortality in

healthy middle-aged subjects (17). Our findings contribute to

the controversy surrounding fQRS. A meta-analysis by

Rosengarten et al. found a significant association between fQRS

and both all-cause mortality and SCD (22). However, more

than half of the included studies were not significant with an

important heterogeneity (I ² = 94%) resulting in a relative risk

with broad 95% confidence interval [1.71 (1.02–2.85), p = 0.04]

(22). The effect was mainly driven by two retrospective studies

and one prospective study, the latter involving patients with

higher LVEF, fewer comorbidities and only a small proportion

of ICD recipients (23–25).

Despite the absence of predictive value of anterior QRS

fragmentation concerning ICD-RM as well as overall mortality
Frontiers in Cardiovascular Medicine 0621
after correction for confounders, several clinical parameters

can still predict survival after ICD implantation. As previous

research of our group demonstrated that ICD-RM occurred in

up to a quarter of all patients after 5 years, it is not

surprising that there is a significant overlap between the

predictors for ICD-RM and overall mortality (4). Aging is

inherently associated with a higher risk of mortality, regardless

of any ICD interventions. Parameters reflecting a generally

worse clinical condition—such as lower LVEF, higher

creatinine (indicating poorer renal function), higher NYHA

functional class and comorbidities like diabetes and atrial

fibrillation—logically predict both ICD-RM and overall

mortality. It is of interest that the use of CRT-D was

associated with lower ICD-RM, possibly because addressing

pump failure, reduces heart failure-related mortality, creating a

window of opportunity for ventricular arrhythmias to occur.

Subsequently, these ventricular arrhythmias can be terminated

by the ICD device. While cardiac scar in IHD is known to be

an excellent substrate for the development of re-entry

phenomena leading to malignant ventricular arrhythmias,

which can be terminated by an ICD, it also contributes to

pump dysfunction and heart failure-related mortality, which is

not modulated by a conventional ICD.

To ensure the robustness of our analysis, we checked for

multicollinearity by calculating VIFs and found no evidence of

multicollinearity among the variables included in the

multivariable analysis. Furthermore, by including all clinically

relevant covariables, we avoided specification bias.
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Annotation and quantification of fQRS

Our findings should be interpreted with the limitations of

visually scored QRS fragmentation in mind. Previous work of

our group highlighted the inter- and intra-observer variability

in interpretation of QRS fragmentation (7), prompting this

current study aimed to assess the predictive value of QRS

fragmentation in patients implanted with an ICD using an

automated machine-learning algorithm (8). As our algorithm

was trained with signals that were annotated by clinicians, it

encompasses the aforementioned inter- and intra-observer

variability. Furthermore, our model is trained with only ten

preselected features, thus excluding other potential predictive

features of the ECG signals. Therefore, in an effort to detect

and quantify QRS fragmentation in a standardized and

automated manner, the proposed algorithm actually estimates

the likelihood that a clinician would perceive an ECG signal

as fragmented based on 5 independent observers applying the

Das criteria (8, 23, 26). Note that the original criteria

proposed by Das et al. only distinguish between the presence

or absence of fragmentation without assigning a numerical

score reflecting the severity of fragmentation (26). To date,

actual quantification of QRS fragmentation remains a

challenge. Roudijk et al. attempted to quantify QRS

fragmentation by scoring each deflection in the QRS

complexes of 12 leads and found a significant association

between higher scores and the presence of arrhythmogenic

right ventricular cardiomyopathy, without being able to

predict ventricular arrhythmias or SCD (27). In general, the

results of visual QRS fragmentation should be interpreted with

caution as the traditional visual ECG interpretation is

inherently limited by subjectivity and observer variability

emphasizing the importance of clear criteria to distinguish

fragmentation due to myocardial scar from benign normal

variants (7, 28). Therefore, computational quantification is

increasingly pursued. Iglesias et al. approached this challenge

using continuous wavelet transformation focusing on the

frequency-domain instead of time-domain analysis (29).

Another automated ECG-based evaluation of myocardial scar,

the Selvester score, was significantly associated with mortality

and device-related endpoints (30). However, the question

arises whether all of these approaches identify fragmentation

as described by Das or enclose other information. The lack of

a uniform methodological approach compromises the

reproducibility of studies in this field. Additionally, using data

from 12 leads separately increases the risk of statistical errors.

The latter advocates for dimensionality reduction, which

reduces the risk of type I error by multiple testing and has the

potential to enhance the signal-to-noise ratio. Recently, QRS

micro-fragmentation was presented as a promising predictor

of mortality (31). This analysis overcomes these hurdles as the

analysis uses singular value decomposition of the QRS

complex to project the information of all QRS complexes into

optimized three perpendicular dimensions. Subsequently, the

ECG is reconstructed back from this three-dimensional

projection and micro-fragmentation is quantified as the
Frontiers in Cardiovascular Medicine 0722
difference between the original and reconstructed ECG

signals. By quantifying micro-fragmentation as percentage, it

presents as a single, weighted value no longer prone to

multicollinearity between different leads.
Limitations

All patients in this study were implanted in a tertiary hospital,

which may introduce referral bias. Due to the design, general

limitations inherent to retrospective, non-randomized research

performed in a single center are valid. We only assessed the ECG

at implantation not taking into account possible dynamical

changes over time. Although we have reliable mortality data, we

are blinded to the underlying mechanism of death while

differentiation between arrhythmic and non-arrhythmic death

might provide useful insights. Future work should focus on the

true quantification of QRS fragmentation. As an extension of this

research, improved prediction of outcomes might be possible by

training new machine-learning models linking the current

features directly to the outcome parameters, without the

intermediate step of fQRS detection.
Conclusion

There was no association between the automatically quantified

probability of QRS fragmentation and outcome when correcting for

confounders by Cox proportional hazards modeling. While the

algorithm quantifies the probability of QRS fragmentation, it

does not directly assess the risk of arrhythmia or other adverse

events. Instead, it uses fragmentation as an intermediate index,

which might compromise its predictive value. Further research is

warranted to improve quantification techniques and to establish

a more robust understanding of the clinical relevance of fQRS in

ICD patients.
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A new prediction model
for sustained ventricular
tachycardia in arrhythmogenic
cardiomyopathy
Baowei Zhang1†, Xin Xie1†, Jinbo Yu1, Yizhang Wu1, Jian Zhou1*,
Xiaorong Li1,2* and Bing Yang1,3

1Department of Cardiology, Shanghai East Hospital, Tongji University School of Medicine, Shanghai,
China, 2Department of Cardiology, Ji’an Center People’s Hospital, Ji’an, China, 3Department of
Cardiology, The First Affiliated Hospital of Nanjing Medical University, Nanjing, China
Background: Arrhythmogenic cardiomyopathy (ACM) is an inherited
cardiomyopathy characterized by high risks of sustained ventricular
tachycardia (sVT) and sudden cardiac death. Identifying patients with high risk
of sVT is crucial for the management of ACM.
Methods: A total of 147 ACM patients were retrospectively enrolled in the
observational study and divided into training and validation groups. The least
absolute shrinkage and selection operator (LASSO) regression model was
employed to identify factors associated with sVT. Subsequently, a nomogram
was constructed based on multivariable logistic regression analysis. The
performance of the nomogram was evaluated using the area under the curve
(AUC) of the receiver operating characteristic (ROC) curve and calibration
curve. Decision curve analysis was conducted to assess the clinical utility of
the nomogram.
Results: Seven parameters were incorporated into the nomogram: age, male
sex, syncope, heart failure, T wave inversion in precordial leads, left ventricular
ejection fraction (LVEF), SDNN level. The AUC of the nomogram to predict the
probability of sVT was 0.867 (95% CI, 0.797–0.938) in the training group and
0.815 (95% CI, 0.673–0.958) in the validation group. The calibration curve
demonstrated a good consistency between the actual clinical results and the
predicted outcomes. Decision curve analysis indicated that the nomogram had
higher overall net benefits in predicting sVT.
Conclusion: We have developed and internally validated a new prediction model
for sVT in ACM. This model could serve as a valuable tool to accurately identify
ACM patients with high risk of sVT.

KEYWORDS
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Introduction

Arrhythmogenic cardiomyopathy (ACM), an inherited cardiomyopathy characterized

by high risks of ventricular arrhythmias and sudden cardiac death, is one of the leading

causes of SCD in young people and athletes (1–3). Sustained ventricular tachycardia

(sVT) constitutes a major contributor to SCD in ACM patients. Although frequency

catheter ablation (RFCA) and anti-arrhythmic drugs have effectively reduced sVT

incidence, the implanted cardioverter defibrillator (ICD) remains the most efficacious
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therapy for preventing SCD in ACM patients (4). However, ACM

often presents in adolescents or at young age, and ICD treatment is

invasive, associated with various complications, and imposes a dual

burden of physiological and psychological stress on patients.

Therefore, patients should be thoroughly assessed before

undergoing ICD treatment (5). ACM patients with a history of

sVT or resuscitated SCD can benefit from secondary prevention

with ICD. Nevertheless, for ACM patients without documented

sVT, the primary goal in the management of ACM patients is to

identify those at high risk of sVT and treated with prophylactic

ICD implantation (6).

Previous studies have identified several risk factors for

predicting sVT in ACM patients, including gender, proband

status, cardiac syncope, degree of exercise restriction, premature

ventricular complex (PVC) burden, non-sustained VT, genetic

testing, and extend of myocardial involvement (7, 8). Two

studies have constructed prediction models for sudden cardiac

death and sustained ventricular tachycardia in ACM patients

using these risk factors (9, 10). These prediction models could

effectively predict the occurrence of sVT and sudden cardiac

death, but their predictive value was limited in ACM patients

without identified pathogenic gene variants and in those with left

ventricular involvement (11–13). These two prediction models

considered demographic factors, symptoms, PVCs burden, and

extend of myocardial involvement, but they overlooked the

pathophysiological mechanisms underlying the occurrence of

sVT in ACM patients. Increased cardiac sympathetic nerve

activity plays an important role in the occurrence of sVT in

ACM patients (14). Our preliminary study found that SDNN, an

indicator of cardiac sympathetic nerve activity, could effectively

predict the occurrence of sVT in ACM patients (15). The

predictive value of SDNN is based on the role of hyperactivity of

cardiac sympathetic nerve system in the occurrence of sVT, a

mechanism distinct from other traditional risk factors. Therefore,

we hypothesized that incorporating SDNN in the prediction

model could provide additional value in distinguishing ACM

patients with high risk of sVT.

In the present study, a total of 147 ACM patients were

retrospectively enrolled and divided into training and validation

groups. A prediction model was built on the basis of

multivariable logistic regression analysis, and performed well in

identifying ACM patients with high risk of sVT in both the

training and validation groups.
Methods

Patients

A total of 212 patients diagnosed with ACM were

retrospectively enrolled from the First Affiliated Hospital of

Nanjing Medical University and Shanghai East Hospital between

January 2006 and October 2024. This study was conducted in

accordance with the principles outlined in the Declaration of

Helsinki (revised in 2013) and received approval from the

institutional ethics committee board of the First Affiliated
Frontiers in Cardiovascular Medicine 0226
Hospital of Nanjing Medical University (Approval No. 2011-SR-

014). Given the retrospective nature of the study, individual

consent was waived. Diagnosis of ACM was based on the

updated diagnostic criteria (6, 16). Patients with incomplete data,

a history of heart transplantation (having received a normal

heart), or other comorbidities associated with a high risk of

ventricular arrhythmias (e.g., LVEF <35%) were excluded from

the study.
Data collection

All enrolled ACM patients underwent retrospective evaluation of

elementary clinical characteristics, as well as electrocardiographic

and echocardiographic features. Elementary clinical data

encompassed age, sex, age at diagnosis, prior syncope episodes,

family history, comorbidities, and both pharmacological and non-

pharmacological therapies. Surface electrocardiography (ECG), 24-

h Holter monitoring, and echocardiography were meticulously

reviewed by two independent physicians to identify potential

predictors for risk stratification in ACM. The standard deviation

of all normal-normal (NN) intervals (SDNN) was computed as

the dispersion of all NN intervals over a 24-h period of Holter

monitoring (17). Furthermore, all patients were meticulously

assessed by two independent physicians to detect evidence of sVT.

sVT was defined as follows: (1) recorded spontaneous persistent

ventricular tachycardia (lasting for ≥30 s at ≥100 beats per

minute, or with unstable hemodynamics requiring cardioversion),

(2) ventricular fibrillation/flutter, or (3) appropriate ICD

intervention in patients with such devices.
Statistical analysis

For continuous variables, the Kolmogorov-Smirnov test was

employed to assess the distribution of the data. Variables

exhibiting a normal distribution are expressed as mean ±

standard deviation (SD), with differences between groups

investigated using the Student’s t-test. Variables not conforming

to a normal distribution are presented with interquartile range

and median, and differences were examined using the

Mann-Whitney test. Categorical data were summarized using

percentages, and differences between groups were evaluated using

the χ2 or Fisher’s exact test, as appropriate.

The initial population was randomized into training and

validation groups at a ratio of 7:3, which were subsequently

utilized for model development and validation, respectively. The

least absolute shrinkage and selection operator (LASSO) logistic

regression model was employed to identify factors with

significant predictive value for the occurrence of sVT from the

data in the training group. Factors exhibiting nonzero coefficients

in the LASSO regression model were retained. Subsequently, a

multivariable logistic regression analysis, incorporating factors

selected from the LASSO regression as well as other clinically

significant variables, was conducted to construct a predictive

model. To maximize the inclusion of effective predictive factors,
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TABLE 1 Baseline characteristics of patients enrolled.

Variables sVT group
(n= 89,
60.5%)

Non-sVT
group
(n= 58,
39.5%)

P-value

Age (years) 45.9 ± 15.3 45.0 ± 15.8 0.72

Male (n, %) 78 (87.6) 33 (56.9) <0.001

History (years) 3.0 (1.0, 10.0) 4.0 (1.0, 8.5) 0.91

Age of diagnosis (years) 42.0
(28.5, 48.0)

38.0 (28.5, 51.0) 0.93

Syncope (n, %) 39 (43.8) 21 (36.2) 0.46

ICD (n, %) 31 (34.8) 6 (10.3) 0.002

RFCA (n, %) 31 (34.8) 7 (12.1) 0.004

Family history (n, %) 8 (9.0) 3 (5.2) 0.59

Comorbidities
Hypertension (n, %) 10 (11.2) 10 (17.2) 0.43
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variables with a two-sided p-value ≤0.1 were incorporated into the

prediction model, while factors of evident clinical significance were

directly included. To provide quantitative predictions of sVT

probability for individual patients, a nomogram was constructed

based on the multivariable logistic regression analysis conducted

in the training group.

To evaluate the discriminatory capability of the nomogram, the

area under the curve (AUC) of the receiver operating characteristic

(ROC) curve and calibration curve analyses were conducted in the

training group. These methods were also applied to the validation

group to further validate the performance of the nomogram.

Additionally, decision curve analyses (DCA) were performed to

assess the clinical utility of the nomogram by quantifying the net

benefits in both groups. All statistical analyses were conducted

using R software (Version 4.2.0; https://www.r-project.org).

Diabetes (n, %) 0 (0) 3 (5.2) 0.12

Coronary artery disease (n, %) 2 (2.2) 0 (0) 0.67

Heart failure (n, %) 7 (7.9) 9 (15.5) 0.24

Smoking (n, %) 26 (29.2) 4 (6.9) 0.002

Alcohol (n, %) 14 (15.7) 2 (3.4) 0.04

Anti-arrhythmic drugs
Class I (n, %) 15 (16.9) 7 (12.1) 0.58

Class II (n, %) 43 (48.3) 18 (31.0) 0.06

Class III (n, %) 44 (49.4) 11 (19.0) <0.001

Class IV (n, %) 3 (3.4) 0 (0) 0.41

Characteristics on electrocardiography
RBBB (n, %) 33 (37.1) 18 (31.0) 0.57

TWI-A (n, %) 65 (73.0) 28 (48.3) 0.004

TWI-I (n, %) 38 (42.7) 19 (32.8) 0.30

NSVT (n, %) 39 (43.8) 25 (43.1) 1.00

SDNN (ms) 113.0
(89.0, 135.0)

134.5
(113.0, 150.5)

<0.001

Characteristics on echocardiography
RV enlargement (n, %) 61 (68.5) 19 (32.8) <0.001

RVOT dyskinesia (n, %) 40 (44.9) 31 (53.4) 0.40

RV free wall dyskinesia (n, %) 63 (70.8) 34 (58.6) 0.18

PAH (n, %) 32 (36.0) 13 (22.4) 0.12

Tricuspid regurgitation (n, %) 63 (70.8) 32 (55.2) 0.08

Mitral regurgitation (n, %) 26 (29.2) 19 (32.8) 0.79

LVDD (mm) 47.0
(41.5, 50.0)

48.0 (45.0, 51.0) 0.09

LVEF (%) 61.0
(52.5, 65.8)

62.9 (55.0, 65.8) 0.59

sVT, sustained ventricular tachycardia; ICD, implantable cardiac defibrillator; RFCA,

radiofrequency catheter ablation; RBBB, right bundle branch block; TWI-A, T wave

inversion on anterior leads; TWI-I, T wave inversion on inferior leads; NSVT, non-

sustained ventricular tachycardia; SDNN, Standard deviation of NN intervals; RV, right
ventricle; PAH, pulmonary artery hypertension; LVDD, left ventricular end diastolic

dimension; LVEF, left ventricular ejection fraction.
Results

Baseline characteristics

After excluding 65 patients for various reasons, a total of 147

ACM patients were ultimately enrolled in this study

(Supplementary Figure S1). Among them, 60.5% of patients

(89 individuals) had a history of sVT. Patients with and without

sVT exhibited similar characteristics in terms of age, history

duration, age at diagnosis, family history of ACM, comorbidities,

and pharmacological therapies. However, patients with sVT

demonstrated a higher proportion of males (87.6% vs. 56.9%,

p < 0.001), smokers (29.2% vs. 6.9%, p = 0.002), alcohol

consumers (15.7% vs. 3.4%, p = 0.04), users of class III anti-

arrhythmic drugs (49.4% vs. 19.0%, p < 0.001), recipients of ICD

devices (34.8% vs. 10.3%, p = 0.002), individuals who underwent

RFCA (34.8% vs. 12.1%, p = 0.004), those with T wave inversion

in anterior leads (73.0% vs. 48.3%, p = 0.004), right ventricular

(RV) enlargement (68.5% vs. 32.8%, p < 0.001), and lower levels

of SDNN [113.0 (89.0, 135.0) vs. 134.5 (113.0, 150.5) ms,

p < 0.001], compared with patients without sVT (Table 1).

All 147 ACM patients were subsequently randomly divided

into the training group (n = 104, 70.7%), with the remaining

patients allocated to the validation group (n = 43, 29.3%). The

incidence of sVT was found to be similar between the training

and validation groups (56.7% vs. 69.8%, p = 0.20). Moreover,

demographic characteristics, comorbidities, pharmacological

therapies, electrocardiographic, and echocardiographic features

were well-balanced between the training and validation groups

(Supplementary Table S1).
Feature selection and nomogram
construction

In the training group, patients with sVT exhibited a higher

proportion of males (93.2% vs. 55.6%, p < 0.001), smokers (32.2%

vs. 4.4%, p = 0.001), alcohol consumers (18.6% vs. 0, p = 0.006),

recipients of ICD devices (32.2% vs. 11.1%, p = 0.02), individuals
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who underwent RFCA (39.0% vs. 8.9%, p = 0.001), users of class

III anti-arrhythmic drugs (AAD) therapy (54.2% vs. 24.4%,

p = 0.004), those with T wave inversion in anterior leads (74.6%

vs. 51.1%, p = 0.02), and RV enlargement (71.2% vs. 37.8%,

p = 0.001), but exhibited lower levels of SDNN [114.0 (88.0,

136.0) vs. 132.0 (115.0, 151.0) ms, p = 0.003], consistent

with findings observed in the entire cohort (Supplementary

Table S2). The LASSO logistic regression model identified 11

features as potential predictors of sVT in the training group

(Figure 1). Subsequently, a multivariable logistic regression
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FIGURE 1

The least absolute shrinkage and selection operator (LASSO) regression model was employed to identify factors associated with sVT in ACM patients.
(A) The optimal λ selection in the LASSO model was determined using 10-fold cross-validation, guided by the minimum criteria (the right dotted
vertical line) and the 1-SE criteria (the left dotted vertical line). (B) The LASSO coefficient profiles for all 23 features revealed that eleven features
with nonzero coefficients were selected at the optimal λ, as indicated by the vertical line.

TABLE 2 Predictors for sVT in patients with ACM.

Variable Prediction model

β Odds ratio (95% CI) P-value
TWI-A 1.38 3.97 (1.148–15.647) 0.04

LnSDNN −2.19 0.11 (0.011–0.813) 0.04

Male 2.81 16.62 (3.613–108.370) <0.001

Heart failure −4.43 0.01 (0.001–0.155) 0.002

LVEF −0.11 0.90 (0.818–0.978) 0.02

Syncope 1.01 2.73 (0.698–11.527) 0.15

Age 0.02 1.02 (0.970–1.071) 0.44

sVT, sustained ventricular tachycardia; ACM, arrhythmogenic cardiomyopathy; CI,

confidence interval; TWI-A, T wave inversion on anterior leads; TWI-I, T wave inversion

on inferior leads; NSVT, non-sustained ventricular tachycardia; LVDD, left ventricular end

diastolic dimension; LVEF, left ventricular ejection fraction; RV, right ventricle; PAH,
pulmonary artery hypertension; NSVT, non-sustained ventricular tachycardia; SDNN,

Standard deviation of NN intervals; NA, not available.
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analysis based on the factors selected in the LASSO regression was

conducted to construct the prediction model. Additionally, for the

comprehensive predictive value of sVT in ACM patients, syncope

and left ventricular ejection fraction (LVEF) were also included.

Ultimately, age, syncope, LVEF, male sex, heart failure, T wave

inversion in anterior leads, and SDNN were incorporated into

the prediction model (Table 2).

Based on the predictors identified by the LASSO logistic

regression model in the training group, a nomogram was

constructed in the training group for identifying ACM patients at

high risk of sustained ventricular tachycardia (sVT). The

nomogram included five significant predictive features and two

canonical predictors (Figure 2). Each factor in the nomogram
Frontiers in Cardiovascular Medicine 0428
was assigned an individual score based on its value, and a total

score was calculated by summing the scores of all factors. The

final score derived from the nomogram could be utilized to

estimate the risk of sVT for a given patient (Figure 2).
Performance of the nomogram

We firstly validated the predictive value of the nomogram for

identifying ACM patients at high risk of sVT in the training group

by means of the ROC curve. The AUC of the nomogram for

predicting the occurrence of sVT in ACM patients was 0.867 (95%

CI, 0.797–0.938) (Figure 3A). The calibration curve demonstrated

that the predictive nomogram for the occurrence of sVT provided

excellent estimations of actual probabilities (Figure 3B).

Subsequently, the performance of the prediction model was

validated in the validation group. Among the 43 patients

allocated to the validation group, 30 had a history of sVT

(69.8%). Patients with sVT in the validation exhibited similar

proportions of males, smokers, recipients of ICD devices,

individuals who underwent RFCA, and those with T-wave

inversion in anterior leads, which was different from patients in

the training group (Supplementary Table S3). However, the

AUC of the prediction model to forecast the incidence of sVT

was 0.815 (95% CI, 0.673–0.958) in the validation group

(Figure 3C), indicating that the prediction model demonstrated

excellent performance in identifying ACM patients at high risk

of sVT. Furthermore, the calibration curve also illustrated good

consistency between the actual incidence of sVT and the

predicted probability in the validation group (Figure 3D).
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FIGURE 2

The nomogram was constructed in the training group for identifying ACM patients at high risk of sVT. Each factor in the nomogram was assigned an
individual score based on its value, and the scores of all factors were summarized to a total score, which was used to estimate the risk of sVT for a
given patient.
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Clinical utility

To explore the clinical implications of our predictive model,

decision curve analyses were conducted in both the training

group and the validation group. As depicted in Figure 4, the

results of DCA illustrated that the predictive model provided

excellent overall net benefits in predicting the incidence of sVT

in ACM patients.
Discussion

In this study, we developed and internally validated a prediction

model for identifying ACM patients at high risk of sVT. All features

incorporated into the prediction model consisted of elementary

clinical information readily available in clinical practice, thus

rendering the prediction model suitable for routine use in clinical

settings. Predicted risks were consistent with the actual risks of

sVT in both the training group [AUC 0.867 (95% CI,

0.797–0.938)] and the validation group [AUC 0.815 (95% CI,

0.673–0.958)]. Furthermore, decision curve analysis also

demonstrated that the model was associated with a high net

benefit in predicting the incidence of sVT in ACM patients.

High risk of sVT is the prominent clinical feature in patients

with ACM. Previous studies have shown that patients with ACM
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exhibit annual sVT rates ranging from 2% to 10%, which are

notably higher compared to patients with other non-ischemic

cardiomyopathies (18–20). Substitution of the ventricular

myocardium with fibrous or fibrofatty tissue represents a distinctive

pathological feature in patients with ACM (21). The infiltration of

fibrous or fibrofatty tissue disrupts the conduction velocity and

direction of cardiac electrical activity, predisposing individuals to

the formation of reentrant circuits and thereby increasing the risk

of sVT (22). Premature ventricular beats and sVT exhibiting a left

bundle branch block (LBBB) morphology with a non-inferior axis

pattern in ACM patients indicate the “triangle of dysplasia” as the

origin of ventricular arrhythmias, thereby supporting cardiac

fibrosis as an important mechanism of sVT in ACM (23).

However, clinical studies have shown that VAs could manifest

before identifiable cardiac structural changes occur, suggesting the

involvement of other mechanisms contributing to ventricular

arrhythmias in ACM. Subsequent studies identified impairment of

action potential upstroke velocity and propagation of action

potential in cardiomyocytes from ACM mice, attributed to the

dislocation of connexin 43 (Cx43) and dysfunction of sodium

channel Nav1.5 (24–26). Furthermore, dysregulation of calcium

(Ca2+) handling has been observed in cardiomyocytes from ACM

mice (27). This disruption of Ca2+ homeostasis predisposes to

sarcoplasmic reticulum spontaneous Ca2+ release and early

afterdepolarizations, ultimately leading to increased cardiomyocyte
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FIGURE 3

The nomogram was validated in both the training and validation groups. (A) The ROC curve was utilized to evaluate the performance of the nomogram
in the training group. The AUC of the nomogram for predicting the occurrence of sVT in ACM patients was 0.867 (95% CI, 0.797–0.938). (B) The
calibration curve in the training group demonstrated that the predictive nomogram provided excellent estimations of actual probabilities of sVT.
(C) The ROC curve was used to evaluate the performance of the nomogram in the validation group. The AUC of the nomogram for predicting the
occurrence of sVT in ACM patients was 0.815 (95% CI, 0.673–0.958). (D) The calibration curve in the validation group validated that the predictive
nomogram provided excellent estimations of actual probabilities of sVT.
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excitability and the onset of ventricular arrhythmogenesis (28).

Consequently, a combination of cardiac fibrosis, dislocation of Cx43

and Nav1.5, and disturbance of Ca2+ homeostasis is postulated to

contribute to arrhythmogenesis in ACM.

In addition, the abnormal activity of sympathetic nerve system

contributes to the ventricular arrhythmogenesis in ACM (29). Our

clinical studies, along with others, have identified the overactivation

of the cardiac sympathetic system in patients with ACM (14, 15, 30).

Stimulation of myocardial β1 adrenergic receptors can increase

cellular Ca2+ loading through the cyclic adenosine monophosphate

(cAMP)–protein kinase A (PKA) pathway, resulting in an

augmentation in the L-type calcium current, as well as through

SERCA2-mediated reduction of Ca2+ re-uptake. The resultant
Frontiers in Cardiovascular Medicine 0630
elevation in diastolic Ca2+ levels within the cardiomyocyte nay

heighten the likelihood of spontaneous sarcoplasmic reticulum

calcium release, subsequently leading to the induction of

afterdepolarization and extra stimulus, which could serve as

triggers for inducing sVT (31). Additionally, the sprouting

and remodeling of sympathetic nerve fibers secondary to

sympathetic nerve fiber necrosis result in the heterogeneous

reinnervation of cardiomyocytes, potentially promoting the

dispersion of action potential duration and providing a suitable

substrate for the maintenance of sVT (32). Therefore, the

overactivity of the cardiac sympathetic nervous system not

only provides triggers but also a suitable substrate for sVT in

ACM patients.
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FIGURE 4

DCA was performed for the nomogram in both the training group (A) and the validation group (B) the red line indicated the predictive nomogram. The
gray line represented the assumption that sVT occurred in all ACM patients, while the black line represented the assumption that no patient had sVT.
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Sustained ventricular tachycardia in ACM patients is associated

with abnormal electroactivity of cardiomyocytes, cardiac fibrosis,

and overactivation of the cardiac sympathetic system. Therefore,

clinical parameters associated with these factors may serve as

predictors of sVT in ACM patients. Previous studies have

identified several predictors of sVT in ACM patients, including

recent syncope, younger age at presentation, male sex, decreased

left ventricular ejection fraction (LVEF), non-sustained

ventricular tachycardia (NSVT), PVC burden, RV dysfunction,

and leads with T-wave inversion (33–36). Syncope is a common

initial symptom of ACM and often indicates that the patient has

experienced hemodynamically unstable sVT, although non-

cardiogenic causes of syncope should also be considered in some

cases (37). Therefore, recent syncope is regarded as a significant

indicator for identifying high-risk patients with sVT in ACM.

NSVT and PVC burden may reflect the abnormal electroactivity

of cardiomyocytes. Decreased LVEF and RV dysfunction may

indicate more severe cardiac fibrosis and scar formation in both

ventricles (38). Additionally, the 12-lead ECG plays a crucial role

in the diagnosis of ACM, localization of ventricular arrhythmias,

and identification of high-risk patients for sVT (39). T-wave

inversion is not only one of the ECG criteria for diagnosing

ACM, but it is also an independent factor in predicting the

occurrence of sVT in patients with ACM (20, 40). This study

also identified that T-wave inversion in the anterior leads was

independently associated with sVT in ACM patients. A recent

study integrated theses predictors and developed a prediction

model for sVT in ACM patients (10). However, subsequent study

showed that this prediction model had good performance in

distinguishing patients with and without sVT in ACM patients

with pathogenic mutant PKP2 (C-index 0.77), but had limited

value in predicting the risk of sVT in ACM patients with
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unknown pathogenic gene mutations (9). In addition, this

predictive model only incorporated parameters related to the

abnormal electroactivity of cardiomyocytes and cardiac fibrosis.

We hypothesized that incorporation parameters associated with

the overactivity of the cardiac sympathetic system might enhance

the value of the prediction model.

SDNN, a parameter of heart rate variability, is regarded as an

indicator of cardiac sympathetic system activity. Our previous

study revealed that ACM patients exhibited decreased SDNN

levels, and SDNN level emerged as an independent predictor of

sVT in ACM patients (15). The present study also demonstrated

that the SDNN levels in the sVT group were significantly lower

than those in the control group. Further analysis using LASSO

regression and logistic regression indicated that SDNN levels

were independently associated with the occurrence of sVT in

patients with ACM. The prediction model incorporating SDNN

and these canonical parameters effectively identifies high-risk

patients for sVT in individuals with ACM. Furthermore,

calibration plots exhibited good agreement between predicted

and observed sVT in ACM patients. Therefore, the predictive

model in this study may more effectively identify high-risk

patients for sVT among individuals with ACM.

The significant clinical benefit of our prediction model lies in

its precise quantification of arrhythmic risk tailored to individual

ACM patients, offering prognostic insights crucial for guiding

clinical decisions regarding prophylactic ICD implantation.

Additionally, all parameters included in the prediction model are

readily accessible clinical variables, rendering the model user-

friendly. It is important to acknowledge that all these parameters

in the prediction model might change as ACM progresses. Thus,

ACM patients should undergo periodic re-stratification as

recommended in a recent expert consensus document.
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Limitations

One potential limitation is that all patients in this study

were from tertiary medical centers in China and had

relatively high incidences of sVT within this cohort

(60.5%). The bias in patient selection could potentially

impact the overall accuracy of this prediction model when

applied to other ACM patients. Secondly, the relatively

small sample size of patients used to develop a new

prediction model might be associated with selection bias,

reduce the statistical power, increase the risk of type II

errors, and affect the reliability of the conclusions drawn.

Although we have tried to minimize the impact of a small

sample size by adding a validation cohort, caution is still

required when interpreting and applying the results of our

study. Additionally, due to its retrospective design, our

study possesses certain drawbacks compared to a

prospective study. Moreover, genetics play important roles

in the diagnosis of ACM and sVT risk evaluation in ACM

(41, 42). However, only a small portion of patients in this

study underwent genetic testing, so genetics were not

included in the construction of the prediction model.

Finally, some p-values in this study were close to the

significance threshold, raising the potential for type I error.

Therefore, further large prospective cohort studies are

needed to assess the accuracy and clinical utility of the

prediction model in risk stratification for sVT in

ACM patients.

In summary, we developed and validated a new prediction

model to generate individualized estimates of the risk of

incident sVT in ACM patients. Utilizing easily accessible

clinical parameters, this model has the potential to accurately

identify high-risk patients with sVT, thereby offering

significant value for guiding prophylactic ICD implantation in

ACM patients.
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Introduction: The risk of mortality associated with cardiac arrhythmias is
considerable, and their diagnosis presents significant challenges, often
resulting in misdiagnosis. This situation highlights the necessity for an
automated, efficient, and real-time detection method aimed at enhancing
diagnostic accuracy and improving patient outcomes.
Methods: The present study is centered on the development of a portable deep
learning model for the detection of arrhythmias via electrocardiogram (ECG)
signals, referred to as CardioAttentionNet (CANet). CANet integrates Bi-
directional Long Short-Term Memory (BiLSTM) networks, Multi-head Attention
mechanisms, and Depthwise Separable Convolution, thereby facilitating its
application in portable devices for early diagnosis. The architecture of CANet
allows for effective processing of extended ECG patterns and detailed feature
extraction without a substantial increase in model size.
Results: Empirical results indicate that CANet outperformed traditional models in
terms of predictive performance and stability, as confirmed by comprehensive
cross-validation. The model demonstrated exceptional capabilities in detecting
cardiac arrhythmias, surpassing existing models in both cross-validation and
external testing scenarios. Specifically, CANet achieved high accuracy in
classifying various arrhythmic events, with the following accuracies reported
for different categories: Normal (97.37 ± 0.30%), Supraventricular (98.09 ±
0.25%), Ventricular (92.92 ± 0.09%), Atrial Fibrillation (99.07 ± 0.13%), and
Unclassified arrhythmias (99.68 ± 0.06%). In external evaluations, CANet
attained an average accuracy of 94.41%, with the area under the curve (AUC)
for each category exceeding 99%, thereby demonstrating its substantial clinical
applicability and significant advancements over traditional models.
Discussion: The deep learning model proposed in this study has the potential to
enhance the accuracy of early diagnosis for various types of arrhythmias.
Looking ahead, this technology is anticipated to provide improved medical
services for patients with heart disease through continuous, non-invasive
monitoring and timely intervention.

KEYWORDS

cardiac arrhythmias, electrocardiogram, portable deep learning model, transformer
model, Long Short-Term Memory, MobileNet
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1 Introduction

Cardiac arrhythmias, resulting from disruptions in the heart’s

electrical signals, frequently occur in clinical settings. Cardiac

arrhythmias, which manifest in multiple forms with varying

mechanisms and severities, are a major cause of morbidity and

mortality (1). The China Hypertension Survey conducted from

2012 to 2015 reported a prevalence rate of 0.7% for atrial

fibrillation in individuals aged 35 years and older, with 34.0% of

these cases being undetected by the patients themselves (2). In

the United States, most sudden cardiac deaths (SCDs) were due

to ventricular tachyarrhythmias, making up 80% of these

incidents (3). Bradyarrhythmias and conduction disorders can

precipitate syncope, sudden cardiac death, and symptoms

including fatigue and exercise intolerance due to intermittent

heart rate inadequacy. However, these conditions can be difficult

to identify (4).

Clinical screening for arrhythmia predominantly relies on

patients presenting to healthcare facilities after the onset of

symptoms. Under the supervision of specialized electro-

cardiographers or cardiologists, physicians are tasked with

diagnosing arrhythmias. Furthermore, some patients may be

identified as having various forms of arrhythmia during routine

physical examinations (5). However, both detection methods

necessitate a high degree of professionalism from healthcare

providers. A cross-sectional study indicated that primary care

physicians exhibited a misdiagnosis rate of 23% for abnormal

electrocardiograms (6). It is noteworthy that, despite their

expertise in cardiovascular medicine, the average diagnostic

accuracy for ventricular tachycardia is only 78.4% (7). The

large-scale training of specialized cardiologists is particularly

impractical in rural regions worldwide, especially in under-

developed countries. The advancement of artificial intelligence

technology has facilitated the increased application of deep

learning techniques for arrhythmia detection. Nonetheless, the

integration of AI and deep learning into electrocardiography

(ECG) detection poses distinct challenges due to the specialized

nature of ECG interpretation.

Frameworks for interpreting electrocardiograms (ECGs),

including parameters such as heart rate, rhythm, cardiac axis,

intervals, and ventricular activity, have been developed to classify

and identify various cardiac disorders in contemporary research.

For instance, Attia et al. introduced a novel algorithm utilizing

convolutional neural networks to predict paroxysmal atrial

fibrillation (AF) in patients, achieving an overall accuracy of

83.3% based on benign, normal sinus rhythm ECGs (8).

Similarly, Khurshid et al. (9). demonstrated that ECG P-waves

significantly impacted the predictions made by artificial

intelligence (AI) models during the training of convolutional

neural networks. Their study employed a combined analysis of

AI and clinical risk factor models for AF, which enhanced the

functionality and accuracy of ECG-AI systems. Despite the

relative robustness of these systems, the complex nature of the

cardiac conduction system results in numerous ECG graphs

exhibiting morphological characteristics that are not readily
Frontiers in Cardiovascular Medicine 0235
discernible to the human eye, complicating the identification of

local morphology and inter-beat relationships. Furthermore, there

remains a lack of comprehensive evaluation regarding the efficacy

of end-to-end deep learning methods in classifying a diverse

array of diagnoses from raw ECG data (7). Previous research has

focused on specific components of the ECG processing workflow,

such as localized noise reduction (10) and feature extraction (9),

or has been limited to diagnosing specific rhythms, primarily AF

and myocardial infarction (MI) (9, 11). This narrow focus

contributes to suboptimal accuracy rates in ECG-AI applications

and restricts the advancement of AI and deep learning

methodologies in this domain (12).

In this study, we address the evolving trends in deep learning

and the challenges associated with cardiac arrhythmia detection

by introducing the innovative CardioAttentionNet (CANet)

model. This model is specifically designed to facilitate portable

and accurate arrhythmia detection, thereby enabling early

discovery and diagnosis, which can significantly reduce potential

harm to patients. CANet is constructed upon the Long Short-

Term Memory (LSTM) network and incorporates the Multi-

Head Attention mechanism derived from the Transformer

model, as well as Depthwise Separable Convolution from

MobileNet. A comparative analysis with traditional models

indicates that the Bi-directional LSTM (BiLSTM) performs

effectively in arrhythmia detection due to its capability to process

and retain long-term sequential information, which is essential

for analyzing extended rhythm patterns and cyclic variations in

electrocardiogram (ECG) signals. However, BiLSTM is limited in

its ability to simultaneously focus on multiple features and

capture finer details. To overcome this limitation, we have

integrated Multi-Head Attention, which allows the model to

concentrate on various aspects of ECG signals, in conjunction

with Depthwise Separable Convolution for enhanced feature

extraction. When compared to baseline models, CANet exhibits

superior accuracy and predictive performance, effectively

identifying a range of cardiac arrhythmias. The workflow of this

study is depicted in Figure 1.
2 Methods

2.1 Data collection

In this study, we utilized the widely recognized MIT-BIH

Arrhythmia Database (13, 14) for our experimental analyses.

This database was particularly well-suited for training deep

neural networks due to its extensive collection of samples. It

consisted of 109,446 electrocardiogram (ECG) recordings, each

sampled at a frequency of 360 Hz, which includes both normal

heart rhythms and various arrhythmic conditions. Notably, the

database segmented these ECG signals into individual beats, each

representing a distinct cardiac cycle. Following the standard

clinical classification, the heartbeats were categorized into five

types: Normal beats (N), Fusion beats (F), Supraventricular

ectopic beats (S), Ventricular ectopic beats (V), and Unknown
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FIGURE 1

Workflow of this study.
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beats (Q). In our research, we adhered to this classification scheme

for the identification and analysis of arrhythmias within the

ECG signals.
2.2 Data preprocessing

Despite the pre-segmentation of electrocardiogram (ECG)

signals in the MIT-BIH Arrhythmia Database, these signals

continued to exhibit a considerable amount of noise, including

electromyographic interference, motion artifacts, and baseline

drift, among other factors. Such noise could negatively impact

the quality of heart rate signals, thereby hindering the precise

extraction of features. Consequently, the preprocessing of these

signals was imperative. In the domain of ECG signal

preprocessing, wavelet transform was a widely utilized method

(15). This technique facilitated the transformation of long-

duration time-domain signals into time-frequency representations,

thereby elucidating the frequency domain components at each

time point and capturing more localized features. During the

wavelet transform process, we primarily employed the Mallat

algorithm (16). This method systematically decomposed the

signal into “low-frequency approximations” and “high-frequency

details,” which allowed for the effective removal of frequencies

associated with electromyographic noise (20–5,000 Hz) and

baseline drift (1 Hz). Following the noise reduction and signal

restoration, we achieved ECG signals with improved accuracy and

clarity, thereby establishing a robust foundation for subsequent

data augmentation processes (17).

Recognizing the disparity in the MIT-BIH Arrhythmia

Database, with a significant predominance of normal heart rate

samples over those exhibiting arrhythmias, we employed data

augmentation methods in the preprocessing stage. This approach

ensured a balanced representation of all classes in the dataset

and bolstered the model’s ability to detect abnormal patterns,

thus enhancing its overall generalizability. Specifically, we

employed data augmentation methods such as time warping and

noise injection to create a balanced dataset. These techniques

markedly improved the performance of our model, effectively

addressing the challenges associated with data imbalance. The
Frontiers in Cardiovascular Medicine 0336
adjusted proportions of the different arrhythmia categories in the

dataset, both prior to and following data augmentation, were

depicted in Figure 2. Experimental results demonstrated that

these data augmentation strategies significantly bolstered the

model’s performance and successfully mitigated the issues related

to data imbalance.
2.3 Feature extraction

In this study, we selected segmented electrocardiogram (ECG)

signals as the primary input, supplemented by each heartbeat

interval (R-R interval, RRI) as a parallel input, to establish

comprehensive indicators that reflect the key characteristics of

cardiac arrhythmias. To enhance accuracy in subsequent deep

learning processes, we employed Gaussian filtering to improve

data contrast. Although Gaussian filters are predominantly

utilized in digital image processing, they are equally effective in

enhancing the signal-to-noise ratio, filtering out noise, and

ensuring smoother ECG signals (18). Given the waveform

deformations frequently observed in ECGs during arrhythmias,

we implemented R-wave detection to delineate each individual

heartbeat. In our methodology, the Pan-Tompkins algorithm (19,

20) was initially employed to detect R-waves in the denoised

ECG signals on a per-minute basis. Subsequently, we calculated

the intervals between adjacent R-waves, yielding RRI in

milliseconds as a parallel input to the ECG signals, thereby

providing a more intuitive representation of the characteristics of

cardiac arrhythmias.
2.4 Model construction

2.4.1 Cardioattentionnet (CANet)
The advancements in deep learning have significantly

enhanced its application in the detection of cardiac arrhythmias,

particularly through the utilization of models such as Long

Short-Term Memory (LSTM) networks and Recurrent Neural

Networks (RNN). These models, especially LSTM, have

demonstrated superior recognition accuracy compared to
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FIGURE 2

Data display before and after data augmentation. (a) before data augmentation. (b) after data augmentation.
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traditional methods (21). LSTM, which represented an

improvement over RNN, effectively addresses challenges

associated with gradient vanishing and long-term dependencies,

thereby enhancing the accuracy of deep learning applications.

The efficacy of RNN and LSTM in analyzing time-dependent

data was particularly noteworthy, as evidenced by the work of

Salloum, Ronald, and Kuo, C.-C. Jay, who reported elevated

arrhythmia detection rates using RNN without the necessity for

prior feature extraction (22). Furthermore, Hannun et al. (7)

introduced a Deep Neural Network (DNN) for classification

purposes, underscoring the high sensitivity and predictive

capabilities of DNNs. Nonetheless, concerns regarding the

accuracy of outputs generated without preprocessing input data

persist, highlighting the necessity for a careful balance between

accuracy and computational efficiency (21). RNN models retain

previous ECG information, influencing current inputs. LSTM

units loop information across time steps, creating internal

feedback that helps the network understand time and learn

temporal dynamics in the data. With these properties, Currently,

many models have been using RNN and LSTM models to

achieve demonstrated accuracy in arrhythmia detection, including

Sumanta et al.’s ELM-RNN model (ECG signal classification and

arrhythmia detection using ELM-RNN) and Shu Liu Oh’s CNN-

LSTM model (Automated diagnosis of arrhythmia using

combination of CNN and LSTM techniques with variable length

heart beats).

This study presents CANet, a hybrid deep learning model

developed for the detection of cardiac arrhythmias. CANet

integrates Bidirectional Long Short-Term Memory (BiLSTM),

Multihead Attention, and Depthwise Separable Convolution to

enhance generalization, predictive performance, and structural

robustness, while simultaneously minimizing bias and variance.

The design of the model leverages the strengths of various

machine learning techniques, amalgamating them into a cohesive

framework, as illustrated in Figure 3.
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CANet architecture initiates with Bidirectional Long Short-

Term Memory (BiLSTM) processing, which enhances temporal

dependencies by integrating both past and future data, thereby

rendering it appropriate for electrocardiogram (ECG) signal

analysis. This configuration facilitates the retention of long-term

dependencies, consequently improving classification accuracy.

Subsequently, the Multi-Head Attention layer, derived from

Transformer models and adapted for image and time series

applications, allocates attention to various features concurrently,

thereby mitigating the issue of feature neglect (23). This aspect

is particularly significant in ECG signal analysis, as it addresses

the challenges associated with feature focus in BiLSTM.

The model utilizes Depthwise Separable Convolution, which

demonstrates greater efficiency compared to standard

convolutions in terms of both parameter count and

computational workload, thereby improving training speed

(24). This architecture is particularly effective in extracting

local time-domain features from electrocardiogram (ECG)

signals, which is essential for the identification of abnormal

ECG characteristics.

Following comprehensive testing and validation, CANet

demonstrates considerable advantages in the detection of cardiac

arrhythmias, outperforming conventional models. The

architecture incorporates Bidirectional Long Short-Term Memory

(BiLSTM) networks, attention mechanisms, and convolutional

networks, thereby effectively capturing anomalies in electro-

cardiogram (ECG) signals from various perspectives. Cardio-

AttentionNet is specifically designed to perform efficiently in

data-scarce environments, where smaller datasets are often a

reality. Through its lightweight architecture and attention-based

feature selection, the model is capable of leveraging limited data

effectively, as demonstrated by its strong performance on the

MIT-BIH Arrhythmia Database. External evaluations and five-

fold cross-validation further substantiate CANet’s exceptional

performance in arrhythmia detection.
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FIGURE 3

The construction of CANet.
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2.4.2 Baseline models
To conduct an objective evaluation of the proposed CANet

model, this study established several baseline models for

comparative analysis to determine the efficacy and advantages of

CANet. The selected baseline models for comparison included

Recurrent Neural Networks (RNN), Convolutional Neural

Networks (CNN), Long Short-Term Memory networks (LSTM),

Bidirectional LSTM (BiLSTM), and Gated Recurrent Units

(GRU). These models were chosen due to their prevalent

application in deep learning and their significant contributions to

research in heart rate detection.

Convolutional Neural Networks (CNNs), a prevalent

architecture in deep learning, were recognized for their efficiency

in extracting signal features via convolutional operations. This

model has gained prominence in the domains of signal

classification and segmentation, particularly in the detection of

electrocardiogram (ECG) signals, where it has demonstrated a

significant impact (25, 26).

Recurrent Neural Networks (RNNs) were acknowledged for

their strong model fitting and predictive capabilities when

dealing with sequential data, and they have demonstrated

significant effectiveness in the detection of arrhythmias. In

contrast to conventional deep learning architectures, the hidden

layers of RNNs incorporated memory functions that facilitated

the retention and utilization of previous information. This

characteristic was particularly vital in the analysis of

electrocardiogram (ECG) signals (27, 28).

Long Short-Term Memory (LSTM), an extension of Recurrent

Neural Networks (RNN), integrates “gates” at each unit (29),

thereby enhancing the model’s memory capabilities and
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providing significant advantages in the processing of longer

sequences. LSTM has become a widely utilized model in the

detection of arrhythmias (30).

The Gated Recurrent Unit (GRU), a variant of the Recurrent

Neural Network (RNN) developed to mitigate challenges

associated with long-term memory and gradient descent, features

a reduced number of “gates” in comparison to the Long

Short-Term Memory (LSTM) architecture, thereby improving

computational efficiency (31). Furthermore, the GRU has

demonstrated significant efficacy in the analysis of electro-

cardiogram (ECG) signals and related applications.

Bidirectional Long Short-Term Memory (BiLSTM), an

enhancement of Recurrent Neural Networks (RNN) and Long

Short-Term Memory (LSTM) networks, incorporates a mechanism

for the propagation of data in both forward and backward directions.

This capability allows BiLSTM to integrate information from both

temporal contexts, thereby improving its predictive performance

compared to traditional RNN and LSTM architectures (32).

Consequently, BiLSTM has attracted significant research interest

within the domain of electrocardiogram (ECG) analysis (33–35).
2.5 Model evaluation

In order to conduct a thorough and objective assessment of the

performance of the proposed CANet model, this study utilized

standard evaluation metrics, including Accuracy (ACC), Precision

(PRE), Recall (REC), F1-Score (F1), and the Receiver Operating

Characteristic (ROC) curve. These metrics were derived from the

values of True Positives (TP), True Negatives (TN), False
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Positives (FP), and False Negatives (FN). The specific formulas for

these metrics were outlined as follows:

ACC ¼ TPþ TN
TPþ FPþ TNþ FN

(1)

PRE ¼ TP
TPþ FP

(2)

REC ¼ TP
TPþ FN

(3)

F1 ¼ 2� PRE� REC
PREþ REC

(4)

where:

• ACC represents the ratio of correctly classified samples to the

total number of samples, providing a direct measure of

model performance.

• PRE reflects the proportion of actual positive samples that are

predicted as positive by the model, indicating the precision of

the model. High precision is crucial in applications such as

healthcare, where it denotes a lower rate of misclassification.

• REC indicates the proportion of actual positive samples

correctly identified by the model, representing the model’s

coverage. A high recall signifies that the model captures most

of the real positive cases.

• The F1 score, the harmonic mean of precision and recall, is an

integrated metric, especially important when there is an

imbalance between positive and negative samples.

Additionally, the ROC curve graphically represents the

performance of a binary classifier, showing the relationship

between the True Positive Rate (TPR) and False Positive Rate

(FPR) at various threshold settings. Ideally, the best classifier’s

ROC curve approaches the upper left corner of the graph. The

Area Under the Curve (AUC) measures the model’s overall

ability to distinguish between positive and negative samples. An

AUC value close to 1 indicates superior model performance.
3 Results

3.1 Experiment setup

In this study, comprehensive parameter tuning and

optimization were conducted on all developed models to ensure

the objectivity and accuracy of the results. To maintain

consistency, identical parameter settings were employed

throughout the five-fold cross-validation and external testing

processes. Iterative experimentation demonstrated that the

models converged effectively without overfitting when the

number of epochs was set to 30. Specifically, for our CANet

model, the learning rate and batch size were fixed at 0.0001,

while parameter adjustments were made based on gradient

thresholding to enhance model performance.
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All experiments were conducted on a platform running

Windows 11 Professional operating system, with Python 3.10.9 as

the runtime environment. Regarding software libraries, Pytorch

2.0.1 + cu117, Scikit-learn, Sklearn 0.0.post1, scipy 1.10.0, and

other mathematical libraries were utilized to support the

construction of the model structure and the validation of results.

The hardware configuration included an Intel Core i7 10750H

processor (base frequency of 2.6 GHz, turbo frequency up to

5 GHz, 6 cores/12 threads) and an NVIDIA GeForce GTX

1080Ti graphics card (8 GB memory capacity, 128-bit memory

bus width).
3.2 Result of five-fold cross-validation

To comprehensively and objectively evaluate the performance

of the proposed CANet model, this study utilized the five-fold

cross-validation method for dataset division and conducted

rigorous testing of the model. The mean values of the model test

results were used to reduce randomness and improve

generalization capability. After 10 training epochs, optimal

performance for CANet was observed with a learning rate of

0.0001, which helps to ensure that the model’s weights are

updated in small steps, preventing large oscillations or divergence

in the loss function. To provides a good balance between

accurate gradient estimation and computational efficiency, the

batch size is 64, without overfitting. The final training iteration

graph is depicted in Figure 4a.

During the five-fold cross-validation, CANet showed a

performance higher than all other models. In the accuracy scale,

this model shown a stable ability of prediction, which was the

only one that recognized all five heartbeats with a accuracy

higher than 95%. Moreover, it outperformed all baseline models

across all evaluation matrics (ACC, PRE, REC and F1),

showcasing exceptional predictive performance.

These results highlight CANet’s high accuracy in recognizing

five different types of heartbeats. The corresponding ROC curves

and confusion matrices are shown in Figures 4b,c.

Compared to the five baseline models, CANet showed more

favorable results in the cross-validation. The baseline models’

ACC, PRE, REC, and F1 scores were lower than CANet’s, which

is shown in the Supplementary Table S1.

Among them, the GRU model performed the best, which mean

ACC reached 97%, but its precision was significantly lower than

CANet. The BiLSTM model slightly trailed GRU in classification

accuracy. The performance of the remaining models declined

further across several metrics. Overall, traditional models fell

short in various metrics compared to CANet, which

demonstrated a clear advantage in the cross-validation. The ROC

curves for the baseline models are presented in Figures 4c–g.
3.3 Result of external validation

To evaluate the performance of the newly developed CANet

model, an external test using an unseen sample set was
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FIGURE 4

The result of five-fold cross-validation. (a) the training flow of CANet. (b) The ROC curve of CANet. (c–g) The ROC curve of BiLSTM, CNN, GRU, LSTM
and RNN.
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conducted to assess its capability in handling unseen data. The

results demonstrate that CANet performed exceptionally well,

with average ACC, PRE, REC, and F1 of 94.41%, 92.41%,

92.41%, and 79.02%, respectively. Notably, the model accurately

identified [S] and [Q] type, achieving precision rates of 99.26%

and 99.22%, respectively. For [N] type, CANet consistently

showed reliable performance across all metrics, with ACC, PRE,

REC, and F1 at 94.91%, 99.26%, 94.55%, and 96.85%,

respectively. Additionally, the model was trained and tested using

data prior to data augmentation, yielding average ACC and PRE

of 93.27% and 87.23%, respectively. Due to imbalances in the

dataset, a significant number of [Q] type predictions were

incorrectly classified as [N], markedly reducing precision. These

findings underscore the significant improvement in model

performance facilitated by data augmentation. Overall, CANet

maintained high accuracy and precision across different types of

heartbeats without significant performance variation. The

corresponding confusion matrix and ROC curve are presented

in Figures 5a,b.
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In external testing of baseline models, the GRU model

exhibited the highest accuracy, with mean ACC, PRE, REC, and

F1 of 93.76%, 73.06%, 93.14%, and 79.39%, respectively. Despite

its high recognition rate, GRU’s performance across all

evaluation metrics was inferior to CANet, especially in PRE and

F1. The performance of all models in the external test is detailed

in Supplementary Table S2.

Other baseline models demonstrated lower precision, accuracy,

recall, and F1-scores. Additionally, GRU showed lower precision in

recognizing [S] and [V] types, with rates of only 38.38% and

41.86%, respectively. The accuracy of BiLSTM was slightly lower

than GRU, at 91.74%, with a precision of only 67.43%. The

remaining models (LSTM, CNN, RNN) showed poorer

recognition results, with lower accuracy, precision, recall, and F1.

The results indicate that baseline models were inferior to CANet

in terms of accuracy and adaptability to the dataset, displaying a

clear imbalance in recognizing different types of heartbeats.

Additionally, the ROC curves of the baseline models are

illustrated in Figures 5b–g. Analysis of these curves reveals that
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FIGURE 5

The result of external validation. (a) the confusion matrix of CANet. (b) The ROC curve of CANet. (c–g) The ROC curve of BiLSTM, CNN, GRU, LSTM
and RNN.
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the CANe model surpasses all baseline models in AUC values for

each classification. Apart from the [S] category, which has an

AUC of 97.47%, all other classifications have AUCs exceeding

99%, demonstrating exceptional clinical predictive value. These

results confirm the superior predictive performance of the CANe

model. Given its lightweight design, the model is poised for

widespread deployment in clinical electrocardiographic devices

and portable wearable devices, facilitating precise and real-time

detection of cardiac arrhythmias.

We measured the inference time for the model to process a

single ECG signal on a standard hardware platform (Intel Core

i7 CPU with 16 GB RAM). The average inference time was

found to be approximately 56.7 ms, which is well within the

typical requirement for real-time detection. This result is

consistent with the claim that the model can be used for

real-time arrhythmia detection. The model was found to

require approximately 30 MB of memory during inference. This

low memory footprint demonstrates the portability of
Frontiers in Cardiovascular Medicine 0841
CardioAttentionNet, making it feasible for deployment on

resource-constrained devices, such as wearable ECG monitors or

mobile health applications.
4 Discussion

In this study, we proposed an innovative fusion model referred

to as CANet, which integrates Bidirectional Long Short-Term

Memory (BiLSTM), Multihead Attention, and Depthwise

Separable Convolution. This model was specifically designed to

achieve high accuracy and robustness while maintaining a

lightweight architecture. CANet is employed for the classification

of electrocardiogram (ECG) signals, with the objective of

distinguishing abnormal heartbeats from normal cardiac

rhythms, thereby facilitating the detection of cardiac arrhythmias.

The results indicated that CANet exhibits remarkable recognition

capabilities for five clinically distinct types of heartbeats.
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During five-fold cross-validation, CANet achieved high average

precision, with 95% confidence intervals for the various heartbeat

types as follows: Normal (N) 97.92 ± 0.33%, Supraventricular (S)

98.58 ± 0.21%, Ventricular (V) 99.13 ± 0.13%, Fusion (F)

99.30 ± 0.17%, and QRS (Q) 99.74 ± 0.5%. In external testing,

CANet continued to demonstrate excellent performance,

attaining average accuracy (ACC), precision (PRE), recall (REC),

and F1 scores of 94.91%, 99.26%, 94.55%, and 96.85%, respectively.

Although the CANet model demonstrated superiority across

multiple tasks in this study, we also acknowledge that other models

retain advantages in specific scenarios. The GRU model, in particular,

excels in handling time-series data, especially in situations

characterized by strong short-term dependencies. Due to its

streamlined architecture and lower computational complexity, the

GRU may offer higher efficiency in environments with limited

resources or computing power. In contrast, while CANet boasts more

robust performance, its complexity may render it less suitable for

scenarios sensitive to computational speed or resource demands.

Moreover, despite CANet’s demonstrated higher accuracy and

robustness in our investigated tasks, lightweight models such as the

GRU might still be viable choices in tasks or with data features where

these characteristics are prominent. These models could have

advantages in applications requiring real-time responses or operating

under resource constraints. Therefore, the selection of models in

practical applications should consider the specific task requirements,

computational resources, and data characteristics comprehensively.

The exemplary performance of CANet can be attributed to the

synergistic combination of its architectural design and predictive

capabilities. The integration of LSTM, Multi-Head Attention, and

Depthwise Separative Convolution enables effective processing and

memory of long-term sequential data, identification of cyclic

patterns in ECG signals, and simultaneous focus on multiple

features. Additionally, the temporal nature of cardiac signals offers

an ideal setting for the BiLSTM component of the model, yielding

more precise and efficient recognition capabilities. Through this

optimized design, we have significantly enhanced the model’s

performance while minimizing its parameters, thus avoiding

excessive computational load on the hosting devices. As a result,

the model holds potential for future deployment in portable

devices for real-time and precise detection and classification of

cardiac arrhythmias. These combined elements contribute to the

outstanding performance of CANet, showing potential for

application in wearable devices and clinical practice for early

arrhythmia diagnosis, thereby mitigating its impact on health.

To illustrate the model’s feature extraction and effective

recognition of ECG signals, a heat activation map is presented as a

visualization of the model output in Figure 6. Specifically, for

Normal beats (N), the heatmap shows significant activation during

the QRS complex, indicating accurate identification of this critical

interval with reduced activation during the T wave, consistent with

normal electrophysiological characteristics. For Fusion beats (F),

the activation pattern is uniformly distributed during the QRS

complex and P wave, reflecting variations in cardiac signals in

these regions, corresponding to the clinically observed shortened

interval between the P wave and QRS complex. For

Supraventricular ectopic beats (S), the heatmap exhibits heightened
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activity at the onset of the QRS complex, suggesting the model’s

sensitivity to changes in QRS morphology typical of

supraventricular ectopy, aligning with the clinical presentation of

abnormal P waves and altered QRS morphology. For Ventricular

ectopic beats (V), the clinical presentation of wide and abnormal

QRS complexes without preceding P waves is mirrored by intense

activity throughout the QRS interval on the heatmap, consistent

with the characteristics of ventricular ectopy. For Unknown beats

(Q), significant activation is shown on the T wave following the

QRS complex, indicating that the model can effectively capture

features of abnormal waveforms when dealing with uncertain

categories. This visual representation demonstrates CANet’s ability

to differentiate between various heart rate variabilities, emphasizing

the model’s interpretability and potential to enhance trust among

medical professionals and patients.

The electrocardiogram (ECG) serves as an essential tool in the

routine practice of clinical medicine, with over 300 million ECGs

conducted worldwide each year (36). Arrhythmias are highly

prevalent; however, the challenges associated with monitoring

certain malignant arrhythmias contribute to elevated mortality

rates. The enhanced accuracy in diagnosing cardiac arrhythmias

is primarily attributed to the expertise of clinicians, a situation

that is increasingly untenable given the current global shortage of

specirealized cardiologists. For instance, China has only 4.8

cardiologists per 100,000 individuals (37), while Japan is reported

to have approximately 14,000 specialized cardiologists (38),

figures that are grossly insufficient relative to their large

populations. In response to these challenges, wearable devices

incorporating deep learning technologies are being increasingly

integrated into daily life (39). Research indicates that the Apple

Watch, the most widely utilized wearable device, exhibits a

sensitivity of only 25% for atrial flutter/atrial tachycardia

(AFL/AT) (40), while the Fitbit demonstrates even lower

accuracy in diagnosing atrial arrhythmias (41). The purpose of

this study is to develop an ECG-AI model that accurately detects

arrhythmia. Compared to traditional methods, this deep learning

approach eliminates the need for manual design and selection of

features, significantly reducing the expertise and time required

for arrhythmia diagnosis. Moreover, by diminishing the reliance

on specialized knowledge, the model can be deployed on

everyday wearable devices such as the Apple Watch to facilitate

routine monitoring of arrhythmias. This will assist clinicians in

obtaining more precise ECG diagnoses and providing technical

support for wearable and hospital devices.

In recent years, many studies have explored the application of

deep learning models in arrhythmia classification, some of

which focused on the problem of five categories of arrhythmias.

Although these studies have demonstrated the potential of AI

in arrhythmia detection, existing models vary significantly

in complexity, accuracy, and computational efficiency. Our

proposed CANet model significantly improves on traditional

methods, especially in terms of lightweight design, real-time

detection capabilities, and portability, which are critical for the

clinical application of wearable devices. For example, Attia et al.

(8) proposed an AI-assisted ECG algorithm for identifying atrial

fibrillation (AF) in sinus rhythm with an accuracy of 83.3%.
frontiersin.org

https://doi.org/10.3389/fcvm.2024.1473482
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/


FIGURE 6

The heat activation map of new model (From left to right, up and down are respectively normal beat, ventricular ectopic beat, fusion beat,
supraventricular ectopic beat, unknown beat).
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However, the study only focused on one type of arrhythmia, while

our model solves the problem of multi-class classification and can

distinguish between normal, atrial, ventricular, atrial fibrillation,

and unclassified arrhythmias, providing a more comprehensive

solution. In addition, CANet integrates a multi-head attention

mechanism that can simultaneously focus on multiple features of

the ECG signal, improving accuracy without increasing

computational complexity, which is also a limitation of many

existing models. Similarly, Faour et al. (11) studied a convolutional

neural network (CNN)-based AI model for detecting ST-segment

elevation myocardial infarction. Although the model was effective

in detecting specific types of arrhythmias, its high model

complexity limited its application on portable devices. In contrast,

CANet significantly reduced the number of parameters and

improved computational efficiency by using deep separable

convolutions, making it suitable for real-time arrhythmia detection

on wearable ECG devices. Finally, the deep neural network (DNN)

developed by Hannun et al. (7) showed high sensitivity and

specificity in classifying arrhythmias from raw ECG data. Although

this method performed strongly, its application in portable devices

was limited by its model complexity and large size. Our model

maintains high performance while adopting a lightweight design,

enabling real-time detection and making it more suitable for

deployment in resource-constrained environments. Compared with

these studies, CANet not only achieves competitive accuracy, but

also further improves performance without increasing

computational overhead by integrating an efficient architecture and
Frontiers in Cardiovascular Medicine 1043
attention mechanism to optimize feature extraction. This makes it

particularly suitable for clinical environments that require real-time

continuous monitoring and portability. In addition, CANet uses

data augmentation techniques such as time warping and noise

injection to enable it to perform well even with limited data, which

is a scenario that many existing models have difficulty handling.

Of course, there are some limitations to this study. Although the

model demonstrated superior accuracy compared to others during

validation, it still presents a risk of misdiagnosis, particularly in the

classification of ventricular ectopic beats and normal beats, where

accuracy is lower. This suggests that the model’s effectiveness in

arrhythmia detection may require further enhancement through

strategies such as data augmentation and balancing the dataset by

oversampling rare classes or undersampling common ones to

reduce bias towards specific patterns. As this study focuses on the

development of deep learning methodologies, and given the

limitations of dataset size and volume, comprehensive testing

across a broad spectrum of cardiac arrhythmia classifications was

not conducted. Consequently, the training and validation of this

study have certain limitations. Given the current model’s superior

classification performance, we plan to incorporate additional data

in future work and train the model to recognize a wider array of

arrhythmia types, thus broadening its applicability. Additionally,

the model’s external testing process has certain limitations: while

external validation typically requires testing across data from

diverse sources, this model’s external test was performed on a

held-out set from the MIT-BIH dataset, which introduces some
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bias and reduces the model’s robustness. Furthermore, this study was

not tested across extensive datasets, diverse populations, or complex

clinical settings. Therefore, it is necessary to further evaluate the

model’s performance using datasets with broader coverage.

Specifically, the current publicly available database used can only

detect the types of arrhythmias mentioned earlier, and in the

future, we plan to expand to include additional relevant types.

Additionally, there is a lack of external test data in this study, and

we may conduct a multi-center study to improve this in the

future. Lastly, the system has not been developed or deployed yet,

and further development is required for clinical translation.
5 Conclusions

In this endeavor, researchers have created an AI-powered ECG

model. The model has superior performance in both five-fold

cross-validation and external validation compared to other

models, indicating its greater feasibility and potential for reliably

detecting arrhythmias through a fusion deep learning model

featuring separable convolution. The principle aim of the study is

to facilitate the procurement of more precise ECG diagnoses

through technological advancement and to augment technical

support for wearable and clinical devices utilized in

clinical circumstances.
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Introduction

Integration of ion channels and transporters and inherent property of automaticity of

myocardial cells are necessary for the transmission of electrical impulses throughout the

myocardium and the generation of a normal cardiac rhythm. When either of these,

normal electrophysiological process of impulse generation or normal conduction of

action potential gets disrupted, patients experience cardiac arrhythmias. The risk of

acquired arrythmias is significantly increased in presence of structural heart diseases,

myocardial infarction and metabolic disorders. The majority of cardiac arrhythmias are

categorised according to the rate at which they generate impulses or by where they

originate in the myocardium. These include atrial fibrillation (AF), atrial flutter,

ventricular tachycardia (VT), supraventricular tachycardia (SVT), ventricular fibrillation

and bradyarrythmias (1). With its rapid and erratic electrical signals in the atria, AF is

the most prevalent type and causes ineffective contractions. AF patients present with

shortness of breath, exhaustion, palpitations, and a higher risk of stroke.

Anticoagulation therapy to prevent thromboembolic events along with antiarrhythmic

medications, are common management strategies. Sudden cardiac arrest caused by

ventricular arrhythmias results in patients losing consciousness. In these situations,

immediate cardiopulmonary resuscitation (CPR) and defibrillation are critical for

survival (2). Global estimates indicate that cardiac arrhythmias impact nearly 2% of the

world’s population and are linked to significant socioeconomic burden. According to

recent research, machine learning algorithms may enhance the risk stratification for

long-term cardiac arrhythmia. The development of mobile health technologies has

provided customer-focused health care opportunities (3). In this opinion, the potential

applications of the current and upcoming mHealth technologies for treating cardiac

arrhythmias are illustrated.
Role of digital technologies in arrythmia care

Contemporary portable gadgets designed for health monitoring, such as

photoplethysmography and ECG systems (4) are not only affordable but the high-speed

internet access of these sensors have enabled patients to access healthcare more widely.

These technologies enable real-time monitoring and early arrhythmia detection, allowing

patients to better manage their conditions and receive timely medical intervention (5).

Using longer-term event recorders, 24–48 Holter, or medically certified ambulant
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electrocardiogram (ECG) monitors has been necessary for the crucial

step of correlating symptoms with rhythm. Long-term rhythm

monitoring is made possible by mHealth devices, especially

smartphone-based ECG and PPG technology, which is reasonably

priced (6). Cardiac electrophysiology has been profoundly

modified by AI and machine learning, with advancements in

mobile technology enabling the measurement of heart-related

physiological data. The healthcare industry now has access to a

wealth of data, including accelerometers, ECGs, and PPG signals (7).
Atrial fibrillation screening

New developments in current contact-free plethysmography

using smartphone cameras on the face and fingers have

demonstrated promise for examining atrial fibrillation. AI

algorithms demonstrate a high degree of cardiac rhythm

discrimination when used for ECG readings, including those

recorded with mobile cardiac telemetry. It will take thorough

algorithm validation, data integration with the healthcare system,

improvement of current clinical workflows, and strong patient

access to turn these fascinating findings that lead to better

clinical results expanded to unprecedented levels. Some excellent

examples of recent innovations include the TeleCheck-AF
TABLE 1 Validated devices involving mHealth technologies for arrythmia.

Type of Device Study Sensitivity
(%)

Specificity
(%)

Arr

Hand-held ECG
devices

Zenicor (14) 96 92 AF

MyDiagnostick (15) 100 96 AF

Merlin ECG event
recorders (13)

93.9 90.1 AF

Wearable PPG based Apple Watch (9) 98 90.2 AF/flu

Fitbit (10) 68 98 AF/flu

Smartphone ECG
based

AliveCor Kardia (16) 98 97 AF/flu

AliveCor (17) Alivecor is accurate in
measuring QTc interval (P < .01)

QTc i
rhythm

Easy t

AliveCor Kardia (18) 89 91 SVT

Pulse wave analysis Pulse-smart (36) 97 93.5 AF, P

Smartphone PPG
based

Cardiio Rhythm (19) 92.9 97.7 AF/flu

Wearable ECG based Necklace-ECG (20) 99.1 98.5 AF

Samsung Simband 2.0
(21)

98.2 98.1 AF/flu

Holter based-
continuous monitoring

Zio Patch (22) 96 arrhythmia events detected AF, SV

ECG, electrocardiography; PPG, photoplethysmography; AF, atrial fibrillation; PVC, premature v

corrected QT interval; HR, heart rate.
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project, smartphone ECG surveillance, and home antiarrhythmic

medication loading with smartphone tracings (8).

Smartwatches can detect irregular pulses, confirming AF

diagnosis through ECG patch monitoring, as demonstrated in

studies like Apple Heart Study (9) and Fitbit and Huawei Heart

Studies (10). The HEARTLINE trial explores the impact of

accessible devices like Apple Watch on early AF detection and

clinical outcomes, while the LOOP trial explores anticoagulant use

(11, 12). Population-wide AF screening may benefit, but its

usability and detection depend on the screening modality and

population characteristics. Diagnosis of AF is typically made

through ECG or continuous ECG recording, but concerns about

false-positive diagnoses arise from sensitivity and specificity

variations. The detection rates of new AF have only ranged from

0.9%–7.4% using handheld ECG monitors like Merlin, which rely

on automated algorithms and have sensitivities ranging from 93%–

100% (13). PPG and ECG-based wearables can identify AF in

patients with previous AF, anti-arrhythmic medications,

cardioversion, or ablation as highlighted in Table 1. While ECG is

still the gold standard for diagnosing AF, PPG is already found in

the majority of commercially available smartphones and wearable

technology, making it a low-cost way to monitor arrhythmias even

if it doesn’t allow for precise diagnosis. Further ECG evaluation is

necessary to confirm arrhythmias identified by PPG alone.
ythmia Pros Cons

Cloud-based analysis service No display of ECG tracings

Recording and storage device Rechargeable battery not available

Display of ECG recordings Rechargeable battery not available

tter/SVT Simple technology. Blood pressure cannot be measured.

Easy to carry. PPG sensor consumes more power.

FDA approved Expensive.

tter/SVT Easy to carry. Blood pressure cannot be measured.

FDA approved Expensive.

tter ECG recordings displayed iphone/android is required

n sinus ECG recordings displayed iphone/android is required

o carry

ECG recordings displayed iphone/android is required

Easy to carry

FDA approved

VC Can distinguish between sinus
rhythm and irregular abnormal
pulse.

Noise and light affect accuracy.

Easy to use.

tter Low cost. Android application needed

Automatic beat to beat
measurement of HR.

ECG tracings available. Continuous wearing is required.

Easy, simple.

tter Both ECG and PPG recordings
are obtained.

Android is necessary

T, VT No battery charging required Prolonged wearing

FDA approved

entricular contraction; SVT, supraventricular tachycardia; VT, ventricular tachycardia; QTc,

frontiersin.org

https://doi.org/10.3389/fcvm.2025.1548554
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/


Banerjee 10.3389/fcvm.2025.1548554
Atrial fibrillation management and the
potential risk of stroke

The potential of PPG and ECG-based wearables to identify AF

in patients with a history of AF, anti-arrhythmic medication use,

cardioversion, and ablation has been confirmed by certain studies

using artificial neural network (23). Integrating mobile

technologies with a “pill in the pocket” approach could provide

benefits like closer monitoring, early antiarrhythmic medication

administration, confirmatory validation of symptoms, and

avoiding side effects and emergency medical visits (24).

In order to predict paroxysmal AF on ECGs from patients in

sinus rhythm, the Mayo Clinic created the first AI-ECG

algorithm using almost 650,000 ECGs. Furthermore, the use of

AI-ECG for AF estimation was investigated in patients who had

an embolic stroke of unknown cause, in which silent underlying

AF is often suspected to be the cause (25). AI/ML techniques

may also present the chance to stratify patients based on

outcomes, like the likelihood of a stroke or the success of

cardioversion, in the context of a new AF diagnosis. The ML

models outperformed the CHA2DS2-VASc and HATCH scores

in predicting the risk for ischemic stroke, but they were less

effective than the scores in predicting 6-month AF recurrence,

6-month rhythm control, and pharmacological cardioversion

success (26, 27). Regardless of the AF pattern (silent or

paroxysmal) or whether the AF burden is low due to automatic

cessation of rhythm control techniques, current guidelines advise

lifelong anticoagulation based on risk factors.
Role of mHealth in ventricular and
supraventricular arrythmias

SVT is challenging to diagnose due to its unpredictable nature

and lack of diagnostic yields. Traditional methods have diagnostic

yields ranging from 10% to 50%–60%. mHealth devices offer long-

term, affordable rhythm monitoring, effectively diagnosing patients

experiencing brief episodes of prolonged palpitations. Smartphone-

based single-lead ECGs have a high resolution to distinguish SVT

from sinus tachycardia misdiagnosis (89% sensitivity and 91%

specificity). However, only 51% of surveyed doctors would

proceed with an invasive EP study based on symptomatic,

regular tachycardia (18). mHealth devices may mistakenly

diagnose palpitations caused by PVCs as AF due to irregular

rhythms. Discrimination algorithms could address this issue.

Smartphone-based algorithms have successfully distinguished

PVCs from sinus rhythm, PACs, and AF with 96% accuracy.

A computational algorithm created a feature matrix from QRS

attributes from a smartphone-connected ECG device, showing

98.69% PVC recognition accuracy. Smartphones may be helpful

in diagnosing ventricular arrhythmias, as evidenced by case

reports (28, 29). According to the 2019 guidelines published by

the European Society of Cardiology (ESC), mobile recording

devices may be required for the diagnosis of supraventricular

tachycardias (SVT) due to their ease of use, but validation is

necessary. EP-guided ablation, a potential treatment, can be
Frontiers in Cardiovascular Medicine 0348
accelerated with the use of smartphone-based one-lead ECG

recordings. Unfortunately, quantifying burden is difficult due to

the irregular nature of SVTs (30).
Use of mHealth application for arrythmia
care in children

Paediatric and congenital heart populations are quickly adopting

mHealth technologies, despite the fact that these tools were created

and validated in the adult population. When compared to

traditional 12-lead ECGs in children, a few mHealth devices, like

the Apple Watch and Alive Cor Kardia Monitor (31), have been

evaluated for symptom-rhythm correlation and QT evaluation

with high quality data (32). ICDs are effective in saving lives for

patients with high risk of sudden cardiac death (SCD), but they

don’t significantly reduce sudden deaths. Machine learning can

develop algorithms to recognize reduced left ventricular function

from a 12-lead ECG, which predicts ICD benefit (33). Traditional

markers and AI-based markers struggle to improve mortality rates

by predicting positive and negative values and identifying

modifiable physiological processes. Wearable technology measuring

heart rate variability (HRV) can improve general health, but its

efficacy is limited due to limited data in controlled settings (34).
Limitations of mHealth technologies

For various stakeholders, integrating digital health technologies

into the treatment of patients with arrhythmias poses a number of

challenges. Healthcare providers encounter challenges like a lack of

knowledge about the features of the devices, a lack of confidence in

their use, and worries about liability. Challenges for patients and

consumers include the need for additional testing, socioeconomic

disparities that impact access, potential anxiety related to test

results, and differing levels of digital literacy. Operational

difficulties include continuous charging of devices, cybersecurity

threats, data storage problems, insufficient investment in

workflows to handle the growing number of devices, and the

incorporation of device data into electronic health records.

Additionally, the adoption of these technologies in the healthcare

landscape is made more difficult by the absence of clear guidance

on legal obligations and reimbursement proceedings (35).
Conclusion

High cardiac rhythm discrimination is demonstrated by various

AI algorithms in ECG readings. According to recent research, AI

algorithms may enhance the risk stratification for long-term

ventricular arrhythmia. However, for widespread clinical results,

additional validation, data integration, clinical workflow

enhancements, and patient access are required. Data from wearable

devices being incorporated into electronic medical records (EMRs)

is crucial for efficient clinical review and decision-making.

However, clinician time is a significant barrier to this integration.
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By reducing the need for frequent office visits and intervention, these

systems can ensure consistent and effective patient care. Clinical data

is essential for confirming device accuracy and determining the

effectiveness of interventions based on findings. Progressive

automation may be an option, but systems should begin as semi-

automated. However, to evaluate the clinical usefulness of machine

learning models in enhancing subsequent ventricular rhythm

disturbances, additional investigations with bigger sample sizes,

robust validity, more varied patient samples, are required.
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Research objective: This study is based on bioinformatics analysis to explore the
co-expressed differentially expressed genes (DEGs) between atrial fibrillation (AF)
and chronic kidney disease (CKD), identify the biomarkers for the occurrence
and development of the two diseases, investigate the potential connections
between AF and CKD, and explore the associations with immune cells.
Methods: We downloaded Two AF gene chip datasets (GSE79768, GSE14975)
and two CKD gene chip datasets (GSE37171, GSE120683) from the GEO
database. After pre-processing and standardizing the datasets, two DEGs
datasets were obtained. The DEGs were screened using R language, and the
intersection was taken through Venn diagrams to obtain the co-expressed
DEGs of AF and CKD. To obtain the signal pathways where the co-expressed
DEGs were significantly enriched, GO/KEGG enrichment analyses were used
to analysis the co-expressed DEGs. The Cytoscape software was used to
further construct a PPI network and screen key characteristic genes, and the
top 15 co-expressed DEGs were screened through the topological algorithm
MCC. To further screen key characteristic genes, two machine-learning
algorithms, LASSO regression and RF algorithm, were performed to screen key
characteristic genes for the two disease datasets respectively to determine the
diagnostic values of the characteristic genes in the two diseases. The
GeneMANIA online database and Networkanalyst platform were used to
construct gene-gene and TFs-gene interaction network diagrams respectively
to predict gene functions and find key transcription factors. Finally, the
correlation between key genes and immune cell subtypes was performed by
Spearman analysis.
Research results: A total of 425 DEGs were screened out from the AF dataset,
and 4,128 DEGs were screened out from the CKD dataset. After taking the
intersection of the two, 82 co-expressed DEGs were obtained. The results of
GO enrichment analysis of DEGs showed that the genes were mainly enriched
in biological processes such as secretory granule lumen, blood microparticles,
complement binding, and antigen binding. KEGG functional enrichment
analysis indicated that the genes were mainly enriched in pathways such as
the complement coagulation cascade, systemic lupus erythematosus, and
Staphylococcus aureus infection. The top 15 DEGs were obtained through the
MCC topological algorithm of Cytoscape software. Subsequently, based on
LASSO regression and RF algorithm, the key characteristic genes of the 15 co-
expressed DEGs of AF and CKD were further screened, and by taking the
intersection through Venn diagrams, five key characteristic genes were finally
obtained: PPBP, CXCL1, LRRK2, RGS18, RSAD2. ROC curves were constructed
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to calculate the area under the curve to verify the diagnostic efficacy of the key
characteristic genes for diseases. The results showed that RSAD2 had the highest
diagnostic value for AF, and the diagnostic values of PPBP, CXCL1, and RSAD2 for
CKD were all at a relatively strong verification level. Based on AUC >0.7, co-
expressed key genes with strong diagnostic efficacy were obtained: PPBP, CXCL1,
RSAD2. The results of the GeneMANIA online database showed that the two
biomarkers, BBPB and CXCL1, mainly had functional interactions with cytokine
activity, chemokine receptor activity, cell response to chemokines, neutrophil
migration, response to chemokines, granulocyte chemotaxis, and granulocyte
migration. The TFs-gene regulatory network identified FOXC1, FOXL1, and GATA2
as the main transcription factors of the key characteristic genes. Finally, through
immune infiltration analysis, the results indicated that there were various immune
cell infiltrations in the development processes of AF and CKD.
Research conclusion: PPBP, CXCL1, and RSAD2 are key genes closely related to
the occurrence and development processes between AF and CKD. Among
them, the CXCLs/CXCR signaling pathway play a crucial role in the development
processes of the two diseases likely. In addition, FOXC1, FOXL1, and GATA2 may
be potential therapeutic targets for AF combined with CKD, and the
development of the diseases is closely related to immune cell infiltration.

KEYWORDS

atrial fibrillation, chronic kidney disease, bioinformatics, inflammatory, immune process,
CXCLs/CXCR
1 Research background

Atrial fibrillation (AF) is the most common arrhythmia in

clinical practice. In the past two decades, with the increase in

exposure to risk factors, the aging of the population, and the

prolonged survival period of patients with chronic diseases (1),

AF has brought a heavy disease burden to society and medical

services. AF not only affects the quality of life of patients but

also increases the risk of complications such as heart failure,

stroke, death, and dementia (2, 3). The etiology of AF is complex

and can involve multiple systemic diseases. Various factors can

increase the susceptibility to AF, including primary diseases

cardiovascular diseases such as coronary heart disease,

hypertension, valvular heart disease, cardiomyopathy, etc.,

endocrine diseases such as hyperthyroidism, respiratory diseases

such as sleep apnea syndrome, and oxidative stress and other

factors. Koray Kalenderoglu et al. (4) pointed out that in the

development of AF, the inflammatory response is closely related

to the onset and maintenance of atrial fibrillation. In addition,

this study evaluated the levels of inflammatory markers after

balloon ablation to predict the risk of AF recurrence. It was

found that the inflammatory indexes, namely the uric acid/

albumin ratio (UAR), the systemic immune—inflammation index

(SIII), and the CRP/albumin ratio (CAR), were independently

associated with the risk of AF recurrence after balloon ablation.

Moreover, it was discovered that CAR might be better at

predicting the recurrence of AF.

Chronic kidney disease (CKD) is a chronic disease with

abnormal kidney structure or function lasting for more than 3

months. The key points of its common diagnostic criteria are as

follows (5): the appearance of albuminuria (UAER≥ 30 mg/24 h

or UACR≥ 30 mg/g), abnormal urinary sediment, related tubular
0252
lesions, histological abnormalities, structurally abnormal findings

in imaging, or a history of kidney transplantation, etc. CKD is a

disease that seriously threatens human health, apart from

cardiovascular and cerebrovascular diseases, diabetes, malignant

tumors, and other diseases. In recent years, the prevalence of

CKD has been on the rise globally, and the prevalence rate in

the general population has reached as high as 14.3% (6, 7). In

the development process of chronic kidney disease, inflammatory

responses play an indispensable role (8). Some studies have

pointed out that in the early stage of kidney injury, neutrophils,

the main recruited inflammatory cells, promote the production of

reactive oxygen species (ROS) and trigger an inflammatory

cascade reaction (9). The inflammatory response, as an

important immune defense mechanism of the body, is a dynamic

process of injury, anti-injury, and repair, and can lead to the

occurrence of various chronic diseases.

It was first discovered by Robert Bright and others in 1,836 that

there is an association between the physiology and pathology of the

heart and the kidney, and it was described as “the delicate and

highly interdependent relationship between the heart and the

kidney”. With the continuous advancement of research on the

heart and the kidney, a new concept- “Cardiorenal Syndrome

(CRS)” (10, 11) has been proposed, which refers to a syndrome

in which acute or chronic functional abnormalities occur in one

of the heart and kidney organs, resulting in acute or chronic

functional abnormalities in the other organ. The heart and

kidney are both important organs that affect hemodynamics,

and at the same time, they are both affected by hemodynamics,

and there is a strong interaction between them (12). The

pathogenesis of cardiorenal syndrome involves multiple aspects,

including changes in hemodynamics, enhanced activity of the

renin-angiotensin-aldosterone system (RAAS) (13), oxidative
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stress, production of advanced glycation end-products,

endoplasmic reticulum stress, and persistent chronic

inflammation, etc., and its exact mechanism has not been fully

elucidated. At present, regarding the pathophysiological

mechanisms of AF and CKD, many studies have identified that

chronic inflammatory responses play important roles in the

occurrence and development of these two diseases. This study’s

purpose is to analysis the potential biological significance of

biomarkers in AF and CKD, further investigate the immune

characteristics of immune cells in these two diseases, and search

for potential diagnostic markers and therapeutic targets.
2 Materials and methods

2.1 Acquisition of datasets

The gene expression profile datasets of AF and CKD

were downloaded from the Gene Expression Omnibus (GEO,

https://www.ncbi.nlm.nih.gov/geo/). Among them, GSE79768 and

GSE14975 are AF-related datasets, with a total of 19 atrial

fibrillation case groups and 17 sinus rhythm control groups.

GSE37171 and GSE120683 are CKD-related datasets, with a total of

78 chronic kidney disease patients and 43 normal control groups.

Among them, the AF dataset GSE14975 and the CKD dataset

GSE120683 are used as external validation sets, and all of the above

datasets are obtained from the GPL570 platform. The specific

contents of the gene chip data of the two diseases are shown in

Table 1, and the research analysis process is shown in Figure 1.
2.2 Preliminary data processing and DEGs
screening

The downloaded microarray datasets are read in based on the R

(4.4.1) software. The expression data of the selected samples are

annotated according to the GPL570 platform file, and the probe

ID conversion is carried out to transform the probe matrix into

a gene matrix. When a probe corresponds to multiple gene

names, the first gene in the front is retained through the

delimiter. The data are corrected by using the Normalize

Between Arrays function of the “limma” package. The box-plots

of the samples after standardizing the original data are shown in

Figures 2A,B, respectively; the PCA plots after performing

principal component analysis are shown in Figures 2C,D. Obtain

the grouping information of the datasets of the two diseases. Use

the “limma” package in R software to conduct differential
TABLE 1 Basic information of GEO datasets used in the study.

GSE series Platform Samples size Disease

Control Disease
GSE79768 GPL570 12 14 AF

GSE37171 40 75 CKD

GSE14975 5 5 AF

GSE120683 3 3 CKD
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expression analysis on the gene expression profile matrices of AF

and CKD respectively. Sequentially, through constructing a

comparison matrix, fitting a linear model, and performing

Bayesian testing, all the differentially expressed genes (DEGs) of

the two diseases are finally obtained. To further screen the

DEGs, for both the gene data of AF and CKD, P < 0.05 and |log2

(FC)| > 0.585 are selected as the screening thresholds. With the

help of the “pheatmap” package, heatmaps and volcano plots are

drawn for the two diseases based on the obtained data.

Furthermore, use the “VennDiagram” package in R software to

draw a Venn diagram to identify the overlapping part of the two

sets of DEGs, and obtain the co-expressed differentially expressed

genes of the two groups of disease data. This overlapping part of

co-expressed DEGs is used for subsequent research and analysis.
2.3 Gene ontology (GO) and Kyoto
encyclopedia of genes and genomes
(KEGG) enrichment analyses

Utilize the “org.Hs.eg.db” R package for human genome

annotation to transform the gene names in the co-expressed

DEGs data of the two diseases, which is obtained from the above

mentioned differential analysis, into ENTREZ IDs. By means of

the “ClusterProfiler” package in R software, conduct GO and

KEGG enrichment analyses on the co-expressed DEGs.

Meanwhile, the enrichment analyses need to meet the conditions:

p. adjust <0.05 and q. value <0.05. The results of gene function

enrichment analyses are visualized through the “ggplot2”,

“pathview” and “enrichplot” R packages. Finally, using the

“cnetplot” function of the “BiocManager” R package to screen

out the Top4 results in GO analysis and the Top8 results in

KEGG analysis, and visualizing the results.
2.4 Construction of protein—protein
interaction (PPI) network

The co-expressed differentially expressed genes obtained after

taking the intersection are imported into the STRING (https://cn.

string-db.org) website, and the confidence score threshold is set

to 0.4 to evaluate the interactions between genes by constructing

a protein-interaction network diagram, and the screened results

are downloaded. Then, with the help of Cytoscape software, the

results obtained from the STRING database are visualized, and

the top 15 genes are screened based on the topological

algorithm-Matthews correlation coefficient (MCC).
2.5 Acquisition of feature genes by
machine-learning algorithms

The top 15 co-expressed genes obtained by the MCC algorithm

are further screened for key feature genes in AF and CKD

respectively through two machine-learning algorithms. The least

absolute shrinkage and selection operator (LASSO) and random
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FIGURE 1

Flow chart of the study design. GO, gene ontology; KEGG, Kyoto encyclopedia of genes and genomes; TFs, transcription factors.
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forest (RF) algorithms are used to obtain the key feature genes of

the two diseases respectively, and the key feature genes of the

two diseases are obtained by taking the intersection through

Venn diagrams.
2.6 Verification of gene diagnostic efficacy
with external datasets

The diagnostic values of the key characteristic genes obtained by

machine-learning algorithms in the two diseases are evaluated by

using the area under the ROC curve (AUC). The value of AUC

ranges from 0.5 to 1. The closer it is to 1, the better the diagnostic

performance and the higher the accuracy of the gene. The AF

dataset GSE14975 (AF = 5, SR = 5) and the CKD dataset

GSE120683 (CKD= 3, Normal = 3) are downloaded from the GEO

database. The ROC curves of the key characteristic genes in the two
Frontiers in Cardiovascular Medicine 0454
diseases are drawn with the help of the “pROC” and “ggplot2”

packages, and the AUC values and 95% CI values are calculated to

verify the diagnostic efficacy of the key genes in the two diseases.

Draw a violin plot using the t-test to verify the diagnostic value of

key characteristic genes in the training sets GSE79768 and GSE37171.
2.7 Construction of gene-gene and TFs-
gene interaction network diagrams

The gene-gene interaction network of biomarkers, that is, key

characteristic genes, is analyzed with the help of the

GeneMANIA online database; based on the JASPAR database

(https://jaspar.genereg.net/), the transcription factors (TFs)-gene

regulatory network is constructed using the Networkanalyst

platform, and the key transcription factors are found by using

the cytohubba plug-in MCC algorithm of Cytoscape software.
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FIGURE 2

Normalized expression matrices. Box plots (A,B) and PCA diagrams (C,D) of the GSE79768 and GSE37171 datasets. PCA, principal component analysis.
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2.8 Immune cell infiltration analysis

The expression data of 82 co-expressed differentially expressed

genes in the atrial fibrillation validation set GSE79768 and the

chronic kidney disease validation set GSE37171 were obtained.

The infiltration abundances of immune cells in the two disease

validation sets were evaluated based on the “CIBERSORT”

R package. The results were displayed by drawing bar charts, box

plots, and heat maps using ggplot2. The correlation coefficients

and P—values between the target genes and immune cell subsets

were calculated using the “cor.test” function, and the analysis

results were visualized with lollipop plots.
3 Results

3.1 Screening and identification of DEGs of
the two diseases

In the AF dataset GSE79768, which contains 14 atrial

fibrillation patients and 12 sinus—rhythm normal control groups,
Frontiers in Cardiovascular Medicine 0555
a total of 425 DEGs were screened (Figures 3A,B), among which

210 genes were up-regulated and 215 genes were down-regulated.

In the CKD dataset GSE37171, which contains 75 chronic kidney

disease patients and 40 normal control groups, a total of 4,128

DEGs were screened, among which 660 genes were up-regulated

and 285 genes were down-regulated [with threshold conditions:

P-value < 0.05 and |log2(FC)| > 1, which were illustrated by the

volcano plots in Figures 3C–E]. 82 co expressed DEGs were

obtained by taking the intersection of the DEGs of the two

diseases through Venn diagrams (Figure 4A).
3.2 GO/KEGG enrichment analyses of co-
expressed DEGs

In the results of GO enrichment analysis, from the perspective

of biological processes, the genes were mainly enriched in humoral

immune responses, lymphocyte-mediated immunity, adaptive

immune responses of immunological receptor somatic

recombination based on the immunoglobulin superfamily

domain, and myeloid leukocyte migration (Figures 4E,F). From
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FIGURE 3

Identification of common DEGs and enrichment analysis. (A) Volcano plots of all DEGs in GSE79768. (B) Heatmap of all DEGs in GSE79768. (C) Volcano
of all DEGs in GSE37171. (D,E) The top 200 up-regulated concurrently with the top 200 down-regulated DEGs of in GSE37171.
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FIGURE 4

GO and KEGG enrichment analysis of common DEGs. (A) Venn diagram of common DEGs between AF and CKD. (B) The PPI network diagram
beautified with the help of Cytoscape software. (C) Top 10 results in KEGG pathway enrichment analysis of the common DEGs. (D–J) The top 8
KEGG pathways (D) and the top 4 GO (BP, CC and MF) terms (E–J) of the common DEGs and their enriched targets were identified.
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the perspective of cellular composition, the genes were mainly

enriched in secretory granule lumen, blood microparticles,

cytoplasmic vesicle lumen, and vesicle lumen (Figures 4G,H).

From the perspective of molecular functions, the genes were

mainly enriched in complement binding, antigen binding and

MHC class II receptor activity (Figures 4I,J). KEGG functional

enrichment analysis indicated that the genes were mainly

enriched in Staphylococcus aureus infection, systemic lupus

erythematosus, COVID-19, alcoholic liver disease, and the

complement—coagulation cascade process (Figures 4C,D).
3.3 Constructing a PPI network to obtain
candidate genes

A PPI network of 79 co-expressed genes was constructed using

the STRING online website. After removing the isolated nodes, it

was imported into Cytoscape software to obtain a PPI network

diagram with 30 nodes and 40 edges (Figure 4B), and the top 15

genes were obtained based on the MCC algorithm (Figure 5A).
3.4 Feature genes are obtained by machine-
learning algorithms

Further screening was performed on the top 15 genes of AF and

CKD respectively based on two machine-learning algorithms

(LASSO algorithm and RF algorithm). After gene screening for AF

(Figures 5B,C) and CKD (Figures 5D,E) by the LASSO algorithm

respectively, the intersection was taken to obtain 7 characteristic

genes: PPBP, CXCL1, C3, LRRK2, RGS18, HLA—DQA1, RSAD2.

When applying the RF algorithm for gene screening, with the

criterion of Mean Decrease Gini >0.8 or 1 set, analyses were

carried out for AF (Figure 5F) and CKD (Figure 5G) respectively,

and the intersection of the two obtained through a Venn diagram

yielded 7 characteristic genes: PPBP, CXCL1, CXCR2, LRRK2,

RGS18, RSAD2, S100A8. Then, the characteristic genes obtained

by the two machine-learning algorithms were intersected, and

finally, 5 key characteristic genes were obtained: PPBP, CXCL1,

LRRK2, RGS18, RSAD2 (Figure 5H).
3.5 Verification of gene diagnostic efficacy
with external datasets

ROC curves were constructed for the five key characteristic genes

in the external validation datasets respectively, and the diagnostic

efficacy of the characteristic genes for diseases was verified by

calculating the area under the curve. Verification in the AF dataset

GSE14975 found that RSAD2 (AUC= 1.000, 95%CI = 1), CXCL1

(AUC= 0.880, 95%CI = 0.626–1), LRRK2 (AUC= 0.760, 95%

CI = 0.4138–1), PPBP (AUC= 0.880, 95%CI = 0.626–1), and

RGS18 (AUC = 0.720, 95%CI = 0.365–1), among which RSAD2

had the highest diagnostic value for AF (Figure 6A). Verification

in the CKD dataset GSE120683 showed that RSAD2

(AUC= 0.889, 95%CI = 0.5809–1), CXCL1 (AUC= 0.889, 95%
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CI = 0.5809–1), LRRK2 (AUC= 0.667, 95%CI = 0.1332–1), PPBP

(AUC= 0.889, 95%CI = 0.5809–1), and RGS18 (AUC= 0.667, 95%

CI = 0.1332–1), among which RSAD2, CXCL1, and PPBP had the

same diagnostic value for CKD (Figure 6B). Therefore, three co-

expressed biomarkers of the two diseases were obtained based on

AUC> 0.7: PPBP, CXCL1, and RSAD2. In the two training sets of

AF GSE79768 (Figure 6C) and CKD GSE37171 (Figure 6D), violin

plots were drawn, and the results showed that the biomarkers had

good diagnostic value (p < 0.05).
3.6 Construction of genes-genes and TFs-
genes interaction network diagrams

The Genes-Genes interaction network of biomarkers was

analyzed using the GeneMANIA database. The protein-

interaction relationships involved in the three biomarkers are

shown in Figure 7A, displaying the adjacent genes that change

most frequently with the biomarkers. PPBP, CXCL1, and RSAD2

have complex interaction networks, and they interact with the

surrounding shared genes through co-expression, physical

interaction, prediction, genetic interaction, co-localization,

pathways, and shared protein-domain interaction. Among them,

the two biomarkers BBPB and CXCL1 mainly have functional

interactions with cytokine activity, chemokine receptor activity,

cell response to chemokines, neutrophil migration, response to

chemokines, granulocyte chemotaxis, and granulocyte migration.

The above results once again emphasize the importance of

immune-cell-related inflammation in these two diseases, and

PPBP and CXCL1 may be key regulatory genes in the

development mechanisms of the two diseases.

The TFs-genes interaction network was constructed using the

Networkanalyst platform to find potential regulatory molecules

(Figure 7B), and the key transcription factors were found using

the cytohubba plug-in MCC algorithm. Finally, it was confirmed

that FOXC1, FOXL1, and GATA2 are the main transcription

factors of the key characteristic genes (Figure 7C).
3.7 Correlation analysis between key
characteristic genes and immune cell
infiltration

Enrichment analysis of co-expressed genes showed that the

genes were mainly enriched in pathways such as the

complement- coagulation cascade and systemic lupus

erythematosus, indicating that the genes are closely related to

immune-inflammatory responses. To further explore the

infiltration differences of various immune cells in the case and

control groups of the two diseases respectively, the proportions

of each sample of the two diseases in 22 kinds of immune cells

were obtained based on the “CIBERSORT” algorithm (Figures

8A-D). The results showed that compared with healthy controls,

the common feature of AF and CKD is a consistent upward

trend of B memory cells and CD8+ T cells. In the AF dataset,

compared with the control group, the AF case group was
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FIGURE 5

(A) The PPI diagram of the TOP 15 genes screened by the MCC algorithm. (B–E) LASSO regression analysis for screening in the hub genes in GSE79768
and GSE37171, cross-validation was performed to select the best ⅄, and the lines in the regression coefficient path map representative the variables
included and their running trajectories. (F,G) Screen biomakers for hub genes in GSE79768 and GSE37171 using the RF algorithm. (H) The Venn
diagram identified 5 candidates for hub genes by LASSO regression analysis and RF algorithm.
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FIGURE 6

Validation of candidate genes. (A,B) ROC curves of candidates genes to assess for diagnostic sensitivity and specificity value in GSE14975 (A) and
GSE120683 (B). (C,D) Validation of the diagnostic efficacy of candidate genes in the GSE79768 (C) and GSE37171 (D) respectively by T-test.
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FIGURE 7

The interaction network of hub genes. (A) Three hub genes were analyzed via GeneMANIA. The 20 most frequently changed neighboring genes are
shown. The predicted genes are located in the outer circle and hub genes are in the inner circle. (B) TFs-gene network analysis of hub genes was
displayed via Networkanalyst. The yellow located within the circle represents hub genes, and the blue located on the periphery represents TFs that
are closely related to hub genes. (C) Screening key transcription factors by MCC algorithm. The red represents hub genes, and the yellow
represents TFs.
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FIGURE 8

Immune cell infiltration. (A,B) Box plots show the comparison of 22 types of immune cells between the disease group and the control group of
GSE79768 and GSE37171. (C,D) Immune cell infiltration maps of each sample of GSE79768 and GSE37171. (E–G) The correlations between the
expression of three hub genes (PPBP, CXCL1, RSAD2) and immune cell in GSE79768. (H–J) The correlations between the expression of three hub
genes (PPBP, CXCL1, RSAD2) and immune cell in GSE37171. (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).
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significantly up-regulated in monocytes, M0 macrophages and

activated natural killer (NK) cells (p < 0.05), and significantly

down-regulated in activated dendritic cells and plasma cells

(p < 0.05). In the CKD dataset, the CKD case group was

significantly up-regulated in B memory cells, γ-δ T cells, plasma

cells, activated mast cells, M1 macrophages, activated dendritic

cells, and CD8+ T cells (p < 0.05), and significantly down-

regulated in resting CD4+ T cells, M0 macrophages, activated

CD4 +memory cells, and resting B cells (p < 0.05).

To further investigate the association between biomarkers and

immune cells, Spearman rank analysis was carried out. In the

figure, the horizontal axis represents the correlation between

biomarkers and immune cells, with dots representing the size of

the correlation coefficient. The larger the dot, the greater the

correlation. The vertical axis represents the types of immune

cells, and the number of asterisks indicates the size of the

P-value. The smaller the P-value, the more asterisks.

The results of the correlation analysis show that in the AF data,

PPBP is significantly positively correlated with B memory cells and

activated NK cells, and significantly negatively correlated with

follicular helper T cells (Figure 8E); CXCL1 is significantly

positively correlated with plasma cells, activated mast cells, and

resting CD4+ T cells, and significantly negatively correlated with

monocytes, activated NK cells, CD8+ T cells, M0- and M2- type

macrophages (Figure 8F); RSAD2 is significantly positively

correlated with CD8+ T cells, activated NK cells, M0- and M2-

type macrophages, and significantly negatively correlated with

resting CD4+ T cells, plasma cells, and resting NK cells

(Figure 8G). In the CKD data, PPBP is significantly positively

correlated with resting B cells, activated CD4 + T memory cells,

resting mast cells, resting NK cells, M0- and M2- type

macrophages, and significantly negatively correlated with

B memory cells, monocytes, activated dendritic cells, γ-δ T cells,

CD8+ T cells, and plasma cells (Figure 8H); CXCL1 is

significantly positively correlated with memory B cells and γ-δ

T cells, and significantly negatively correlated with resting B cells,

M0- type macrophages, activated CD4+ T memory cells, resting

mast cells, and resting NK cells (Figure 8I); RSAD2 is significantly

positively correlated with plasma cells and γ-δ T cells, and

significantly negatively correlated with M0- type macrophages,

resting NK cells, activated CD4+ T memory cells, and resting

CD4+ T cells (Figure 8J).
4 Discussion

At present, an increasing number of studies have shown that

the systemic inflammatory response state and immune cells play

an important role in the occurrence and development of AF and

CKD. For example, mast cells promote the expression of cardiac

fibroblast cells and collagen by secreting platelet-derived growth

factor-A (PDGF A) (14). During heart injury, macrophages

present antigens released by dead heart tissue cells to CD4 + T

cells through protein molecules on their surface and activate

them, leading to the continuous release of inflammatory factors

and the continuous progress of pro-fibrosis, thereby expanding
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heart damage (15–17). When the kidneys are damaged, it causes

the continuous release of inflammatory factors, resulting in

continuous damage to kidney tissue and function, thereby

leading to CKD. Some studies have pointed out after ureteral

ligation in wild-type mice, disodium cromoglycate, a mast cell

stabilizer that reduces degranulation, significantly alleviated renal

fibrosis. This conclusion is consistent with the immune

infiltration results of CKD disease in this study (18). Similarly,

both AF and CKD are two diseases with a high risk of

thrombosis. Both are associated with an increased risk of

thrombosis and embolism events. The process of thrombosis

involves the participation of various cytokines and coagulation

factors, which play important roles. A study exploring a mouse

model found that edoxaban significantly inhibited the levels of

inflammatory factors, upregulated the levels of chemokines, and

reduced the risks of apoptosis, atrial fibrillation, and venous

thrombosis by regulating the Wnt-β-mediated PI3K/AKT

signaling pathway (19). In this study, through KEGG enrichment

analysis, it was found that the differentially expressed genes were

enriched in the complement—coagulation cascade process, which

is consistent with the research findings. In addition, we found

that CXCL1 and PPBP are closely associated with CXCR2 (C-X-

C motif chemokine receptor 2). As a chemokine receptor,

CXCR2 can mediate apoptosis, inflammatory responses, and

angiogenesis through pathways such as the phosphatidylinositol

3-kinase/Akt (PI3K/Akt) pathway, the phospholipase C/protein

kinase C (PLC/PKC) pathway, and the NF -κB pathway. These

processes are closely related to the mechanism of thrombosis.

In our study, we attempted to identify DEGs and deeply explore

the role of immune cell infiltration in AF-CKD. A total of 82

DEIRGs were detected as candidate biomarkers in the

pathogenesis of AF-CKD, and the enrichment function identified

the potential mechanisms of DEIRGs. The results of KEGG

enrichment analysis show that DEIRGs are significantly related to

immune and inflammatory responses such as systemic lupus

erythematosus, COVID-19, and the complement- coagulation

cascade. In addition, through GO analysis, these genes are

involved in humoral immune responses, lymphocyte- mediated

immunity, adaptive immune responses of immunological receptor

somatic recombination based on the immunoglobulin superfamily

domain, secretory granule lumen, blood microparticles,

cytoplasmic vesicle lumen, vesicle lumen, complement binding,

antigen binding, and other pathways. The study found three

potential biomarkers of AF and CKD-PPBP, CXCL1, and RSAD2,

and the CXCLs/CXCR signaling pathway plays an important role

in the occurrence and development of the two diseases.

CXCL1 (C-X-C motif chemokine receptor 1) is a member of

the CXC superfamily and an important chemokine that

participates in the occurrence and development of various

inflammatory diseases, activating CXC chemokine receptor 2

(CXCR2) and high-level CXC chemokine receptor 1 (CXCR1). It

has important functional roles in physiological functions,

including inducing angiogenesis and neutrophil recruitment. In a

2018 study by Lei Wang et al. (20), the researchers found that

angiotensin II-induced monocyte infiltration in the heart is

mainly mediated by CXCL1-CXCR2 signaling, and
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CXCL1-CXCR2 signaling initiates and promotes cardiac

remodeling. In addition, the study pointed out that intervention

with CXCL1 neutralizing antibody prevents the development of

angiotensin II-induced cardiac hypertrophy, fibrosis, and

inflammation (21). As a pro- inflammatory chemokine, CXCL1

mediates various acute and chronic inflammations, thereby

promoting fibrosis development. In particular, monocyte

infiltration in atrial tissue leads to an increase in the number of

macrophages in the atrium, and then macrophages can directly

couple with surrounding cardiomyocytes through gap junctions

and increase atrioventricular conduction by stimulating

cardiomyocyte repolarization (22). The expression level of

CXCL1 in the atrium of atrial fibrillation patients is strongly

positively correlated with activated mast cells (23), which is

consistent with the results of immune infiltration analysis in this

study. Activated mast cells and macrophages (24), especially

those interacting with vascular smooth muscle cells, produce

CXCL1 in the intima and perivascular tissue. In AF patients

(14), mast cells may induce cardiac fibroblasts to increase

collagen production by secreting PDGF-A, resulting in atrial

fibrosis and AF CXCL1 may mediate inflammatory responses

through the NF-κB (nuclear factor-κB), TGF-Smad 2/3 signaling

pathways, among which TGF-β is an important pro-fibrotic

cytokine. Similarly, some studies have pointed out (25) that in

damaged kidney cells, when TGF-β is continuously expressed,

pathological accumulation of extracellular matrix substances in

the glomerulus and interstitial compartments occurs, leading to

the progression of renal fibrosis (26). Damaged renal tubules

activate myofibroblast differentiation, proliferation, and matrix

secretion by producing and releasing bioactive molecules to

recruit inflammatory cells. A single-cell analysis pointed out (27)

that CXCL1 is secreted from pro-fibrotic tubules and then

recruits CXCR2 + basophils, which is a key factor in renal

fibrosis. Some studies have found that the expression of TNF-α,

and CXCL-1 increases in the kidneys of CKD rats. After

treatment with tanshinone IIA, it was found that the drug

inhibits kidney inflammation mediated by the NF-κB signal and

reduces the expression of these inflammatory genes (26).

PPBP (pro-platelet basic protein), also known as CXCL7 or

NAP2, belongs to the platelet—derived growth factors of the

CXC chemokine family. It is an effective chemoattractant and

activator of neutrophils. It is released from activated platelets and

participates in the response to vascular injury. It can stimulate

various processes, such as mitosis, glucose metabolism, and the

synthesis of extracellular matrix and plasminogen activators.

Some studies have pointed out (23) that CXCL7/PPBP and

CXCL1 are the hub genes with the most associations in atrial

fibrillation. It is now clear that PPBP plays a crucial role in

coordinating neutrophil recruitment during vascular injury. Some

studies have explored (28, 29) the molecular basis for chemokine

CXCL7 to form heterodimers with chemokines CXCL1, CXCL4,

and CXCL8, pointing out that these chemokines co-exist in

platelet granules and are released upon platelet activation. By

activating the CXCR2 receptor, they recruit and coordinate

neutrophils to reach the site of tissue injury. The recruited

neutrophils mediate microbial killing and initiate tissue repair.
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PPBP exerts the functions of recruiting neutrophils and inducing

angiogenesis by activating the CXCR2 receptor and binding to

sulfated glycosaminoglycans (sGAGs). However, continuously

activated neutrophils further aggravate the initial injury, leading

to various thrombosis-related cardiovascular and inflammatory

diseases (30–33). An article published in 2013 pointed out (34)

that there is a CXCL7 chemotactic gradient within the thrombus,

which is indispensable for the migration of neutrophils within

the thrombus. In addition, the study (35) showed that in the

context of platelet-neutrophil communication, the ability of

CXCL7 to exist as both a monomer and a dimer, as well as in

both free and GAG-bound states, may maximize repair and

reduce tissue injury and the occurrence of cardiovascular

diseases. CXCL7 is unique.

RSAD2 (radical S-adenosyl methionine domain containing 2),

also known as Viral inhibitory protein, Endoplasmic reticulum—

associated, interferon—inducible (VIPERIN), is an antiviral gene.

In a recent study by Örebro University (36), publicly available

human carotid atherosclerosis data were used and experimental

research was carried out. The results showed that the RSAD2

gene has a higher expression level in plaques. Further

experimental research found that when human—derived aortic

smooth muscle cells are stimulated by interferon—γ, knocking

down the RSAD2 gene will lead to a decrease in the expression

and secretion of CXCR3 chemokines CXCL9, CXCL10, and

CXCL11, thereby reducing the chemotactic effect on monocytes

and decreasing the migration of monocytes to the lesion site.

During the process of atherosclerosis, RSAD2 may play a role

through inflammatory and immune responses. In addition,

studies have shown (37) that functional chemokine receptors,

including CXCR3, are expressed in glomerular podocytes, and

the activation of these receptors may induce the release of

oxygen free radicals, leading to podocyte injury and the

development of proteinuria. Currently, there are relatively few

studies on RSAD2, and more research is needed to further

explore the potential role of this gene in various diseases.

In the studies of the three biomarkers, it is summarized that

PPBP, CXCL1, and RSAD2 have similarities in the disease

development process. All of them can lead to the up- regulated

CXCLs inducing, activating, and binding to CXCR chemokines,

promoting the rapid recruitment of leukocytes in the

inflammatory environment. Therefore, the CXCLs/CXCR

signaling pathway may play an important role in the

development of AF and CKD. The research on the CXCLs/

CXCR signaling pathway in inflammatory diseases can involve

many different systems, including the respiratory system,

digestive system, cardiovascular system, and nervous system. The

development of diseases in different systems is inseparable from

extensive leukocyte infiltration. After receiving upstream

signaling, chemokine receptors recruit leukocytes to gather at the

inflammatory foci. However, leukocyte disorders and excessive

infiltration lead to the destruction of organ structures, resulting

in inflammation- related diseases. Among them, CXCR2, a

chemokine receptor closely related to PPBP and CXCL1 in the

development of AF and CKD, is a G-protein-coupled receptor

(GPCR) and plays an important role in the human immune
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system, especially in cell chemotaxis, inflammatory responses, and

tumorigenesis. Binding to CXCR2 can activate multiple G- protein

—mediated signal cascade pathways, including the PI3K/Akt

pathway, PLC/PKC pathway, mitogen-activated protein kinase/

p38 (MAPK/p38) pathway, and Janus kinase 2/signal transducer

and activator of transcription (JAK2/STAT3) pathway. These

signal transduction pathways are several key intracellular signal

transduction routes, and they play important roles in cell

metabolism, apoptosis, inflammatory responses, angiogenesis,

cytokine signaling, and immune responses (38). Different from

PPBP and CXCL1, the expression of RSAD2 is related to CXCR3

chemokines. CXCR3 is one of the G-protein-coupled receptors,

mainly binding to ligands such as CXCL9, CXCL10, and

CXCL11, and participating in the chemotaxis of immune cells.

In addition, this study constructed a TFs-DEGs interaction

network for further analysis of possible therapeutic targets. In the

TFs-DEGs interaction network, FOXC1, FOXL1, and GATA2

were identified as key transcription factors. FOXC1 and FOXL1

transcription factors both belong to the “C” subgroup of the

Forkhead box (FOX)/Winged helix family. FOX transcription

factors play important roles in various biological processes,

including cell proliferation, differentiation, survival, and death.

FOX transcription factors are distributed in different tissues and

cell types of the lungs, intestines, and cardiovascular system (39).

They are involved in cell proliferation, autophagy, inflammation,

and the differentiation of specific gene transcription during the

development and adulthood of cardiovascular tissues (40, 41). In

a human heart tissue experimental study (42), it was found that

compared with the control group of human- induced pluripotent

stem-cell-derived cardiomyocytes with normal telomere length

(nTL-CMs), human-induced pluripotent stem-cell-derived

cardiomyocytes with short telomeres (sTL-CMs) exhibited an

increase in aging markers, a decrease in mitochondrial

respiratory reserve, and contractile dysfunction. In addition, the

study found that overexpression of FOXC1 in nTL-CMs fully

induces myocardial aging, induces inflammation—related genes,

and simultaneously down- regulates myofibrillar and

mitochondrial genes, leading to contractile dysfunction and

myocardial aging. Conversely, knockdown of shFOXC1 in sTL-

CMs is sufficient to block aging and restore mitochondrial

function. Wataru et al. found that in patients with AF, the long

non-coding RNA (lncRNA) FOXCUT strongly upregulates the

expression of the transcription factor FOXC1. It exerts a post-

transcriptional genetic regulation similar to that in

carcinogenesis, prompting the transformation of endothelial cells

into fibroblasts. This leads to atrial structural remodeling and the

occurrence of arrhythmia (43). It has been pointed out (44) that

FOXL1 can regulate a series of genes that enhance fibroblast

function, including the transcriptional co-activator Yes

-associated protein and/PDZ-binding motif (YAP/TAZ) marker

genes and platelet- derived growth factor receptor-α. YAP/TAZ

are downstream effectors of the Hippo signaling pathway and are

crucial transcriptional co-activators. Some research reports that

the FOX family is expressed in renal tubular epithelial cells

during renal fibrosis and exhibits the ability to promote fibrosis

and metabolic rewiring (45). The GATA2 transcription factor is
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a member of the GATA-binding transcription factor family and

plays a key role in biological processes such as hematopoiesis

and endocrine cell development, cell proliferation, and immune

responses. For example, in terms of immune responses, GATA2

is involved in regulating the differentiation of dendritic cells, the

proliferation of hematopoietic stem cells, the differentiation of

IgE/mast cells, and the differentiation of granulocyte—monocyte

progenitor cells (46, 47). Some studies have found that FOG2 is

overexpressed in human heart failure. In addition, conditional

overexpression of FOG2 in adult mouse cardiomyocytes leads to

the occurrence of primary AF. As a protein that can bind

directly to GATA2, FOG2 can cooperate with GATA2 to regulate

the expression of target genes after they bind to each other (48).

Studies have shown (49) that overexpression of GATA2 reduces

the phagocytic ability of phagocytes and affects the maturation of

phagosomes. A mouse model study found (50) that the

expression of GATA2 in mice can enhance the production of

inflammatory mediators by adipocytes, and in mouse

macrophages, the toll-like receptor-4 (TLR4) signaling pathway

up-regulates GATA2, and subsequently GATA2 cooperates with

the mitogen-activated protein kinase (MAPK) signaling pathway

to induce IL-1b transcription. Interestingly, YAP has been found

to interact with the transcription factor GATA2, enhancing the

transcription of aquaporin-2 (AQP2) in the renal collecting

ducts, and controlling the final urine volume and osmotic

pressure. When the YAP gene is deficient, the mRNA and

protein abundance of Aqp2 in the kidneys is significantly

reduced, leading to disorders in renal water—salt metabolism

and further promoting the progression of kidney diseases (51).

Some scholars have proposed that in kidney injury caused by

ischemia-reperfusion injury, GATA2 positively regulates the

expression of cytokines and chemokines in collecting duct cells,

promoting disease progression. By inhibiting GATA2, the

expression of inflammatory factors can be reduced, and kidney

damage can be significantly alleviated (52).

Our study has discovered that PPBP, CXCL1, and RSAD2

promote the development of AF and CKD, among which the

CXCLs/CXCR signaling pathway may play a crucial role. In

addition, the related transcription factors FOXC1, FOXL1, and

GATA2 also lead to disease progression by mediating the high

expression of inflammatory factors, profibrotic factors, and

immune cells. Based on the current research findings on the

potential pathogenesis of these two diseases, these discoveries

provide guiding suggestions for us to develop more effective

treatment plans in clinical practice. Currently, in the

standardized treatment of AF, the focus is mainly on three

aspects: rhythm control, heart rate control, and anticoagulation

therapy. Among them, pulmonary vein isolation (PVI) is a

widely recognized treatment for rhythm control and serves as the

cornerstone of catheter ablation for AF. Vinitha Nesapiragasan

et al. (53) pointed out that even with persistent PVI, there is still

a possibility of arrhythmia recurrence. For patients with

ineffective PVI or recurrence after persistent PVI, catheter

ablation strategies other than PVI can be adopted. Among these,

renal denervation (RDN) can reduce the frequency of AF. In a

study on a canine model by Wang et al. (54), the results showed
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that RDN inhibited the upward trend of TNF-α and IL-6 levels in

the left atrium after prolonged right atrial pacing, and significantly

alleviated the damage of myocardial fibrosis caused by chronic

right atrial pacing. This demonstrated that catheter-based RDN

could suppress the activity of the RAAS and atrial remodeling,

including the significant increase in atrial fibrosis, inflammation,

and apoptosis. In a randomized controlled study, it was found

that among patients with paroxysmal AF and hypertension,

compared with using catheter ablation alone, adding RDN

significantly reduced the likelihood of AF recurrence (55). In

addition, some studies have pointed out (56) that RDN inhibits

the over-activation of the systemic sympathetic nervous system,

providing strong protection against the occurrence and

progression of kidney and heart diseases. For patients with both

AF and CKD, in addition to conventional drug therapies, opting

for RDN might be a favorable treatment option. But at present,

RND mainly focuses on the treatment of hypertension (57).

There are relatively few studies on using RND to treat AF and

CKD. Larger-scale and more in-depth research needs to be

carried out. However, the broad prospects of the clinical

application of RND can be anticipated.

In summary, in the pathogenesis of AF and CKD, chronic

inflammation can increase the risk of AF and CKD through

promoting atrial remodeling, oxidative stress, fibrosis and other

pathways. PPBP, CXCL1 and RSAD2 may play important roles

in the occurrence and development of AF and CKD, among

which the CXCLs/CXCR signaling pathway may play a crucial

role. With a better understanding of the underlying mechanisms

of AF and CKD, patients with AF-CKD will be better managed

and treated.
4.1 Limitation

This study has certain limitations. First, due to the diverse

sources, incompleteness and multi-sourced nature of biological

data, during the data processing, the identification of biomarkers

may be interfered by batch effects and missing data values.

Second, in the analysis of gene sequencing data, phenomena such

as gene horizontal transfer and mutation can lead to inaccurate

results and over-fitting of the model, affecting the reliability of

the model. Finally, due to the complexity of biological systems,

the limitations of data analysis methods and the uncertainty of

biological significance, false—positive or false—negative results

may occur. Therefore, the specific functions and mechanisms

may need to be further verified through experiments.
5 Conclusion

In this study, three biomarkers (PPBP, CXCL1, and RSAD2)

were identified as diagnostic markers for AF-CKD patients. It

was found that immune and inflammatory pathways accelerate

the occurrence and development of AF-CKD, among which the

CXCLs/CXCR signaling pathway may play a crucial role. FOXC1,

FOXL1, and GATA2 may be potential therapeutic targets for AF
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combined with CKD. The correlations between PPBP, CXCL1,

RSAD2, and immune cells may play important roles in the

pathogenesis of AF-CKD. Whether these biomarkers can become

new targets for molecular—targeted therapy in AF-CKD patients

requires further research.
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stress electrocardiography for 
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Background: The diagnostic power of exercise stress electrocardiography 
(ExECG) remains limited. We aimed to construct an artificial intelligence (AI)-
based method to enhance ExECG performance to identify patients with 
significant coronary artery disease (CAD).

Methods: We retrospectively collected 818 patients who underwent both 
ExECG and coronary angiography (CAG) within 6 months. The mean age 
was 57.0 ± 10.1 years, and 614 (75%) were male patients. Significant coronary 
artery disease was seen in 369 (43.8%) CAG reports. We  also included 197 
individuals with normal ExECG and low risk of CAD. A convolutional recurrent 
neural network algorithm, integrating electrocardiographic (ECG) signals and 
features from ExECG reports, was developed to predict the risk of significant 
CAD. We also investigated the optimal number of inputted ECG signal slices and 
features and the weighting of features for model performance.

Results: Using the data of patients undergoing CAG for training and test sets, our 
algorithm had an area under the curve, sensitivity, and specificity of 0.74, 0.86, 
and 0.47, respectively, which increased to 0.83, 0.89, and 0.60, respectively, 
after enrolling 197 subjects with low risk of CAD. Three ECG signal slices and 12 
features yielded optimal performance metrics. The principal predictive feature 
variables were sex, maximum heart rate, and ST/HR index. Our model generated 
results within one minute after completing ExECG.

Conclusion: The multimodal AI algorithm, leveraging deep learning techniques, 
efficiently and accurately identifies patients with significant CAD using ExECG 
data, aiding clinical screening in both symptomatic and asymptomatic patients. 
Nevertheless, the specificity remains moderate (0.60), suggesting a potential for 
false positives and highlighting the need for further investigation.

KEYWORDS

exercise stress electrocardiography, coronary artery disease, deep learning, 
multimodal approach, feature variable, artificial intelligence, clinical screening, 
convolutional recurrent neural network
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Introduction

Ischemic heart disease is the major cause of mortality 
worldwide. Recent findings from the global disease burden study 
indicate that ischemic heart disease caused more than 9 million 
deaths in 2021 (Vaduganathan et al., 2022; Malakar et al., 2019). 
Early diagnosis is crucial because lifestyle modification and 
medical intervention improve life quality and prolong survival 
(Knuuti et al., 2020).

The workup of a patient presented with suspected coronary 
artery disease (CAD) involves history taking, physical 
examination, and initial examinations. Possible CAD is further 
evaluated using many noninvasive test modalities, including 
exercise stress electrocardiography (ExECG), stress 
echocardiography, stress nuclear myocardial perfusion imaging, 
cardiovascular magnetic resonance imaging, and coronary 
computed tomography angiography (CCTA). Among them, 
ExECG, which has been used for >60 years, is a safe and 
affordable test for suspected CAD. However, although several 
ExECG scores, such as the Duke treadmill score, have been 
developed to improve diagnostic accuracy, the diagnostic power 
of ExECG remains limited with an area under the receiver 
operating characteristics curve (AUC) of 0.72–0.76 (Shaw 
et al., 1998).

Artificial intelligence (AI) has been applied in many disease 
models (Yadav and Jadhav, 2019; Movassagh et al., 2023; Alzubi 
et  al., 2021; Kose et  al., 2021). Given the limitations in the 
diagnostic accuracy of ExECG, AI offers the potential to 
overcome these challenges by detecting subtle patterns in ExECG 
data that might be  missed by conventional interpretation 
methods. AI-enabled ExECG algorithms, which utilize various 
models and datasets to enhance accuracy, efficiency, and 
applicability of CAD prediction, have been published, with AUC, 
sensitivity, and specificity of 0.73–0.78, 0.25–0.85, and 0.43–0.97, 
respectively (Babaoglu et al., 2009; Babaoğlu et al., 2010; Yilmaz 
et  al., 2023; Lee et  al., 2022). A hybrid convolutional neural 
network (CNN)–long short-term memory (LSTM) architecture 
has been shown to effectively process and analyze 
electrocardiography (ECG) (Banerjee et al., 2020; Cheng et al., 
2021). We hypothesized that the application of a hybrid CNN–
LSTM model in ExECG might accurately and efficiently identify 
patients with significant CAD. To test this hypothesis, 
we conducted a retrospective study of ExECG in patients who 
underwent invasive coronary angiography (CAG) and those with 
normal ExECG to develop and validate a deep learning AI model 
to predict significant CAD.

The primary objectives of this study were to: (1) develop a 
hybrid CNN–LSTM algorithm that integrates ECG signals and 
ExECG features to improve the diagnostic accuracy of ExECG for 
significant CAD; (2) optimize the number and weighting of ECG 
signal segments and features to maximize model performance; 
and (3) evaluate the model’s efficiency in generating results. Our 
findings suggest that a multimodal AI algorithm leveraging deep 
learning can rapidly and accurately detect significant CAD from 
ExECG data, delivering results within one minute post-test. This 
advancement holds potential to enhance clinical screening for 
CAD in both symptomatic and asymptomatic patients.

Materials and methods

Study population

We enrolled 4,959 ExECG reports of 4,849 patients who underwent 
symptom-limited ExECG saved in XML format using the GE CASE 
6.73 Stress Test system from January 2017 to January 2022 (Fletcher 
et al., 2013). We excluded patients with incomplete ExECG data or 
pacemaker implantation. The CAG group was defined as patients who 
underwent ExECG and subsequent CAG within 6 months, which was 
further divided into two subgroups with (A) and without (N) significant 
CAD. ExECG reports showing peak heart rates >85% of the maximum 
predicted rate and interpreted as normal by cardiologists, without 
subsequent CAG within 6 months, were categorized as subgroup T. In 
this group, patients with known or suspected CAD, hypertension, 
hyperlipidemia, diabetes, or clinical risk factors of CAD [male ≥45 years 
old, female ≥55 years old, or body mass index ≥24 or < 18.5 kg/m2] 
were further excluded, resulting in a subgroup at low risk of CAD (H). 
We selected patients who were evaluated through both ExECG and 
CCTA within 6 months at the Health Screening Center and had <50% 
coronary artery stenosis and classified them into subgroup C (Figure 1). 
Due to the variable positive predictive value of CCTA, ranging from 64 
to 91%, patients identified by CCTA as having >50% coronary artery 
stenosis were excluded from the study (Arbab-Zadeh and Hoe, 2011). 
We included patients with a wide range of CAD severity to ensure the 
generalizability of our model.

We conducted model training using combinations of the 
aforementioned subgroups, resulting in five groups, including the 
CAG group (subgroups N and A); group II (subgroups N, A, and T); 
group III (subgroups N, A, and H); group IV (subgroups N, A, and C); 
and group V (subgroups N, A, H, and C). Some patients underwent 
more than one examination. We  used any complete examination 
reports available, which resulted in a discrepancy between the number 
of examinations and patients.

Patients who underwent ExECG and CAG within 6 months at our 
institute and Asia University Hospital after February 2022 were used for 
external validation, respectively. The Institutional Review Board (IRB) of 
China Medical University Hospital approved this retrospective, single-
center study (IRB number CMUH110-REC3-019).

Coronary angiography

Coronary angiography was performed using standard techniques 
and used as the golden standard to determine the presence and 
severity of CAD. Significant CAD was defined as ≥50% stenosis of the 
left main stem and/or ≥ 70% stenosis in any major coronary artery 
(Nallamothu et al., 2013; Bhatt, 2015).

ExECG data retrieval

The ExECG equipment generates a 10-s ECG signal at a 
frequency of 500 Hz in 12 ECG leads. ECGs in the pretest, exercise 
(peak heart rate), and recovery phases were retrieved for model 1 
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training (Figure 2, left panel). To investigate if the number of ECG 
signal slices for model input is proportional to the model’s capability, 
we added three extra slices close to the peak heart rate during the 
exercise and recovery phases for model 2 training (Figure  2, 
right panel).

The ExECG reports included supplementary physiological data 
alongside the ECG signals, which have been shown to enhance the 
accuracy of ExECG assessments (Lehtinen, 1999; Christman et al., 
2014; Ahmed et al., 2015; Marzlin and Webner, 2019; Schultz et al., 
2017; Ghaffari et al., 2017; Mieres et al., 2014; Snader et al., 1997). 
To improve the model’s effectiveness in detecting CAD, 
we integrated a carefully selected set of these physiological metrics 
as metadata, consisting of 14 primary features and two derived 
features. The primary features included sex, age, BMI, resting and 
peak heart rates, maximum predicted heart rate, resting and peak 
systolic and diastolic blood pressures, maximum rate-pressure 
product, maximum workload, maximum ST depression, and the 
ST/heart rate index. Additionally, we  derived chronotropic 
incompetence and percent predicted metabolic equivalents to 
further support the model’s predictive capability (Supplementary  
material).

ECG signals and metadata preprocessing

Our model processed input data as stacked ECG signals, 
annotated as 5,000 × 12  in three phases (pretest, exercise, and 
recovery), indicating that each lead had 5,000 data points. 
Subsequently, the ECG signals were separated into limb (I–III, aVR, 
aVL, and aVF) and precordial leads (V1–V6). Each lead, composed of 
one-dimensional data, was directed into an analytical module, 

structure A, for subsequent processing (Figure 3) (Yildirim et al., 
2018; Kiranyaz et al., 2015).

Numerical and categorical variables of metadata were 
preprocessed using MinMaxScaler and one-hot encoder techniques. 
We excluded the ExECG if sex was absent. In our study, the missing 
data rate was minimal (0–0.5%), and the data followed a normal or 
near-normal distribution. For other variables with incomplete entries, 
we used the mean of the data, ensuring the continuity and integrity of 
the dataset for analysis. Outliers were individually reviewed to ensure 
accuracy. If it was not feasible to confirm whether an outlier was 
accurate, it was handled using the same approach as missing data.

Model design

For our model development, we  designed a deep learning 
framework that integrated the CNN with LSTM network, as previously 
described (Chen et al., 2022) (Figure 3). Structure A in the architecture 
extracted the characteristics of ECG signals from the limb and 
precordial leads in each phase, and it consisted of six layers of one- 
dimensional CNN layers (Figure 4). We added a dropout layer after 
every three CNN layers, randomly discarding 20% of the information, 
to prevent overfitting. The Leaky Rectified Linear Unit (LeakyReLU) 
activation function was also used for each layer in structure A, which 
maintained the gradient flow during the training process, potentially 
leading to a better model performance. The output results from 
structure A were combined and input into the attention layer (Yang 
et al., 2016) to determine important weight vectors, followed by two 
bidirectional LSTM layers for sequence analysis. Subsequently, the 
output data were entered into two dense layers to classify the processed 
characteristics of ECG signals (Figure 3).

FIGURE 1

Flowchart of ExECG reports selection. This diagram outlined the systematic approach for selecting ExECG. TET = Treadmill exercise stress 
electrocardiographic test.
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FIGURE 2

Selection of electrocardiographic slices. In model 1 (left panel), one slice (blue circle) of the signal in each stage was selected for training. In model 2 
(right panel), three extra slices (yellow and solid orange circles) close to the peak heart rates during exercise and recovery phases were added.

FIGURE 3

Process of ExECG analysis. It comprised data acquisition, preprocessing, feature extraction, and machine learning.
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Additional physiological features (metadata) were also inputted into 
one dense layer. Subsequently, these outputs were integrated with the 
characteristics of ECG signals to serve as inputs of the judgment module, 
comprising of two dense layers and using sigmoid functions, culminating 
in the final determination of whether the patient had significant CAD 
(Figure  3). We  further evaluated our model using only metadata, 
excluding ECG signals, as illustrated by the brown box in Figure 3.

Model training

For each patient group, eligible ExECG reports were randomly 
divided into training, validation, and testing subsets in a 64:16:20 
ratio. To maximize dataset utility, we  employed K-fold cross-
validation, a method particularly advantageous when data resources 
are limited. This approach splits the combined training and validation 
data (accounting for 80% of each group) into K equal folds. The model 
is trained on K − 1 folds, with the remaining fold used for validation, 
cycling through all folds. We set K to 5, implementing a 5-fold cross-
validation process (Supplementary Figure 1).

Performance evaluation

The performance metrics of the model were systematically 
assessed through various subgroup permutations. Our evaluative 
methodology included accuracy, AUC, sensitivity, specificity, positive 
and negative predictive values (PPV and NPV, respectively), and 
F1 score.

Statistical analysis

Data were presented as mean ± standard deviation and percentages 
for continuous and categorical variables, which were compared using 
chi-square test and one-way analysis of variance, respectively. A 
two-sided p < 0.05 was considered statistically significant.

Results

Study population

Our study included 818 patients (842 ExECG reports) who 
underwent CAG (group CAG). Of these, 356 (369 CAG reports) 
and 468 patients (473 CAG reports) were identified with significant 
CAD (subgroup A) and not significant CAD (N), respectively. 
Moreover, 2,598 patients (2,623 ExECG reports) whose ExECG 
were interpreted as normal by cardiologists did not undergo 
subsequent CAG (T). We further excluded individuals with risk 
factors of CAD, leading to 197 subjects at low risk of CAD (H). 
Additionally, 248 patients (249 CCTA reports) whose CCTA 
showed <50% coronary artery stenosis were classified as subgroup 
C (Figure  1). Table  1 shows the clinical and demographic 
characteristics of both CAG and non-CAG groups. The mean age 
in subgroup A was 59.0 ± 9.8 years, which was older than the other 
subgroups. Additionally, subgroup A had a higher prevalence of 
male sex, hypertension, diabetes, and hyperlipidemia. We used 325 
and 114 patients at our institute after February 2022 and Asia 
University Hospital for external validation, respectively.

FIGURE 4

The architecture of structure A. It extracted the characteristics of ECG signals from limb and precordial leads in each phase and consisted of six layers 
of one-dimensional CNN layers.

TABLE 1  Clinical and demographic characteristics.

Characteristic Non-CAG group CAG group

Patient, n C = 248* H = 197 T = 2598* N = 468*,# A = 356*,#

ExECG, n 249 197 2,623 473 369

CAG or CCTA, n 249 0 0 473 369

Age (yrs) 52.6 ± 11.6 34.4 ± 10.3 48.2 ± 13.8 54.7 ± 11.6 59.0 ± 9.8

Male, n (%) 128 (52%) 80 (41%) 1,483 (57%) 299 (64%) 315 (88%)

Hypertension, n (%) 138 (56%) 0 (0%) 1,288 (50%) 328 (70%) 309 (87%)

Diabetes, n (%) 24 (10%) 0 (0%) 236 (9%) 75 (16%) 110 (31%)

Hyperlipidemia, n (%) 93 (38%) 0 (0%) 600 (23%) 189 (40%) 197 (55%)

BMI (kg/m2) 24.5 ± 3.3 21.4 ± 1.4 24.9 ± 4.1 25.6 ± 4.0 26.2 ± 3.2

*One patient in subgroup C, 25 in T, 5 in N, and 13 in A underwent examinations twice. #Six patients were included in both A and N subgroups according to CAG reports.
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Quantity of ECG slice and features

In the CAG group (A + N), optimal performance was achieved by 
integrating three ECG slices (pretest, peak heart rate, and recovery 
phases) and 12 features without blood pressure data, resulting in AUC, 
sensitivity, and specificity of 0.74, 0.86, and 0.47, respectively (Table 2). 
More slices and/ or features did not improve model performance. The 
SHapley Additive exPlanations summary plot (Figure 5) showed that 
sex, maximum HR, and ST/HR index were the most significant 
predictors in our model. Therefore, we used the integration of three 
ECG slices and 12 features in the next stage.

Performance across five training groups

Subsequently, the model was trained using various group 
combinations. The outcomes across five training groups were not 
significantly different if the test set only included the CAG group 
(A + N) (Table 3), with AUC, sensitivity, and specificity of 0.74–0.78, 
0.82–0.89, and 0.47–0.51, respectively. When T subgroup was integrated 
into the training and test sets (group II), accuracy significantly 
improved, with AUC, NPV, and specificity of 0.75, 0.88, 0.97, and 0.75, 
respectively. However, this enhancement was achieved with detriment 
to the F1, and PPV. When low-risk patient data (H) were included for 
both training and testing (group III), accuracy significantly improved, 
with AUC, NPV, and specificity of 0.71, 0.83, 0.90, and 0.60, respectively. 
However, the F1 score, PPV, and sensitivity had minimal variation. The 
demographic, CAG, and ExECG features did not differ significantly 
between training, validation, and testing sets in group III 
(Supplementary Table  1). The performance was not significantly 
different when the model was trained and tested on groups III, IV, or V 
(Table 3). We also compared our models with the conventional ExECG 
algorithm, which primarily focuses on exercise-induced ST-segment 
changes as assessed by board-certified cardiologists with varying levels 
of clinical experience (Mieres et  al., 2014). Compared with the 
conventional ExECG algorithm, the performance of our AI model 
showed improvements across all measured variables and delivered 
predictive outcomes within 1 min after completing ExECG.

The performance of the model using the combination of ECG 
signals and metadata was comparable to that using metadata alone 
(the brown box in Figure 3), as shown in Table 4. However, the model 
integrating ECG signals and metadata demonstrated higher sensitivity 
compared to the model relying solely on metadata.

External validation
The comparative analysis of performance across five training 

groups showed minimal discrepancy in patients at our institute after 
February 2022 and Asia University Hospital (Table 3), indicating that 
our models can potentially be applied in diverse settings.

Bootstrap validation
We implemented bootstrapping to assess low AUC probability of 

Table 2 and simulated the sample size improvement (n = 10,000) with 
a flexible bootstrap distribution. The results showed that the AUC 
distribution of our model was stable, with minimal variability and a 
narrow confidence interval. The consistency between bootstrap 
estimates and the original value underscored the reliability of this 
method for performance validation using SAS JMP Academic Suite 
Version 17.2 (JMP Inc., NC, United States) (Figure 6).

Discussion

Our study provides an efficient and accurate tool to identify 
patients with significant CAD by the AI-enhanced ExECG algorithm, 
which achieved an AUC of 0.83, a sensitivity of 0.89, and a specificity 
of 0.60, within 1 min. The most important feature predictors for our 
model performance were sex, maximum heart rate, and ST/HR index.

The conventional ExECG algorithm mainly depends on ST 
segment changes (Gibbons et al., 2002). A meta-analysis of 147 studies 
involving 24,047 patients reported mean sensitivity and specificity of 
68 and 77%, respectively, but with considerable variability, ranging 
from 23–100% for sensitivity and 17–100% for specificity. The 
variation in diagnostic accuracy could be attributed to significant 
disparities in the demographic and clinical profiles of the studied 
cohorts, divergent criteria for defining the presence and severity of 
CAD, and differences in the selection of diagnostic variables (Fletcher 
et al., 2013; Detrano et al., 1989). Compared with the conventional 
ExECG algorithm, our model, incorporating ECG signal along with 
12 features, showed superior performance.

In 2009, Babaoglu et al. initially explored the use of AI algorithms to 
detect and localize CAD through ExECG (Babaoglu et al., 2009). Their 
methodology incorporated 27 distinct features as inputs into their 
model. Subsequently, they refined their approach by reducing the feature 
set to 18 and applied the support vector machine method for further 
studies (Babaoğlu et al., 2010). Various models have been developed with 
the rapid evolution of machine learning technologies. Lee et  al. 
introduced the random forest algorithm to enhance ExECG diagnostic 
capabilities, utilizing a dataset comprising 30 specific features, with the 
option to incorporate clinical data (Lee et  al., 2022). Following this 
advancement, Yilmaz et al. implemented the eXtreme gradient boosting 
algorithm, capitalizing on ECG characteristics and signals presented in 
JPEG format for their analysis (Yilmaz et al., 2023). Compared with a 
previous study, our training model using five different patient groups 
showed not inferior performance, supported by AUC metrics, when 
assessed in the CAG group (Table 5). The AUC values reported in these 

TABLE 2  Model performance across varied quantities of inputted ECGs 
and features.

Inputted number Model performance

ECGs Features ACC AUC F1 SEN SPE

N = 6 0 0.62 0.66 0.58 0.58 0.64

10 0.64 0.66 0.59 0.57 0.69

12 0.64 0.69 0.68 0.83 0.47

14 0.65 0.70 0.68 0.82 0.50

16 0.68 0.72 0.68 0.75 0.61

N = 3 0 0.65 0.68 0.66 0.72 0.59

10 0.60 0.68 0.65 0.79 0.44

12 0.65 0.74 0.70 0.86 0.47

14 0.66 0.72 0.64 0.65 0.68

16 0.64 0.71 0.68 0.82 0.48

ACC = accuracy; AUC = area under the curve; F1 = F1 score; SEN = sensitivity; 
SPE = specificity. Bold value indicated optimal performance.
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FIGURE 5

The SHapley additive exPlanations summary plot. The red and blue colors represent the feature values, with red indicating high feature values and blue 
corresponding to low feature values. Positive SHAP values indicate that the feature increases the likelihood of predicting significant CAD, while negative 
SHAP values suggest a decreased likelihood of significant CAD. Sex, maximum HR and ST/HR index were the most significant predictors in our model.

TABLE 3  Performance comparison of the model integrating ECG signals and metadata across subgroup combinations.

Training set Test set ACC AUC F1 PPV NPV SEN SPE

Gr CAG, N: A CAG, N: A 0.65 0.74 0.70 0.59 0.79 0.86 0.47

N: A* 0.63 0.74 0.69 0.58 0.73 0.84 0.42

N: A# 0.55 0.70 0.62 0.49 0.73 0.84 0.34

Gr II, (T + N): A CAG, N: A 0.66 0.76 0.69 0.60 0.77 0.82 0.51

N: A* 0.59 0.73 0.66 0.56 0.69 0.83 0.37

N: A# 0.61 0.68 0.66 0.53 0.82 0.88 0.42

II, (T + N): A 0.75 0.88 0.43 0.29 0.97 0.82 0.75

Gr III, (H + N): A CAG, N: A 0.66 0.78 0.71 0.59 0.82 0.89 0.47

N: A* 0.61 0.75 0.69 0.57 0.77 0.89 0.35

N: A# 0.55 0.63 0.63 0.49 0.77 0.88 0.31

III, (H + N): A 0.71 0.83 0.69 0.57 0.90 0.89 0.60

Gr IV, (C + N): A CAG, N: A 0.67 0.78 0.71 0.60 0.83 0.89 0.48

N: A* 0.62 0.75 0.69 0.57 0.78 0.89 0.35

N: A# 0.56 0.63 0.63 0.49 0.78 0.88 0.32

IV, (C + N): A 0.65 0.79 0.65 0.51 0.89 0.89 0.52

Gr V, (C + H + N): A CAG, N: A 0.66 0.78 0.71 0.59 0.82 0.89 0.47

N: A* 0.62 0.75 0.69 0.57 0.78 0.89 0.35

N: A# 0.56 0.63 0.63 0.49 0.78 0.88 0.32

V, (C + H + N): A 0.68 0.82 0.63 0.49 0.92 0.89 0.59

Conventional CAG, N: A 0.46 - 0.55 0.45 0.49 0.71 0.24

* External validation from data of our institute after Feb 2022. # External validation from data of Asia university hospital. ACC = accuracy; AUC = area under the ROC curve; F1 = F1 score; 
PPV = positive predictive value; NPV = negative predictive value; SEN = sensitivity; SPE = specificity.
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ExECG-CAG studies were not as high as those observed in other AI 
implementations for ECG analyses, such as those for arrhythmia and 
systolic dysfunction (Attia et al., 2019; Adedinsewo et al., 2020). The 
selection bias inherent in ExECG-CAG studies might account for this 
discrepancy. Specifically, patients selected for CAG typically showed a 
higher probability of having obstructive CAD, a selection criterion that 
usually excludes healthy individuals. Consequently, this predisposition 
influenced the severity spectrum used during model training, 
culminating in acceptable but not outstanding AUC values.

Healthy individuals are commonly included into the training sets to 
enhance the generalization capability of AI models, facilitating its 
broader applicability across patients at various risks (Huang et al., 2022). 
Thus, we  included individuals with normal ExECG interpreted by 
cardiologists and those exhibiting insignificant coronary artery stenosis 
determined by CCTA into the training sets (groups II–V) (Table 3). The 
performance metrics for each group (groups II–V) significantly 
improved, with AUC, sensitivity, and specificity of 0.79–0.88, 0.82–0.89, 
and 0.52–0.75, respectively. Although accuracy and AUC were the 
highest when the model underwent both training and testing on group 
II, PPV and F1 score significantly decreased, with increased specificity. 
This observation suggests a propensity for the model, when trained with 
data from group II, to exhibit a bias towards classifying subjects as 
normal. This alteration may be attributed to data imbalance, considering 
that the sample size of subgroup T disproportionately exceeded that of 
subgroup A (Huang et al., 2023). Furthermore, the possibility of silent 
ischemia in subgroup T could not be  entirely ruled out, potentially 
contributing to a reduction in both PPV and F1 score. Conversely, the 
outcomes of the model trained and tested on group III including patients 
at low risk (H) also showed excellent discrimination, supported by an 
AUC, sensitivity, and specificity of 0.83, 0.89, and 0.60, respectively, 
which was achieved without compromising the PPV and F1 score. 
Considering that coronary artery disease is treatable yet often presents 
acutely and can lead to severe complications, we prioritized designing an 
algorithm with greater sensitivity and accuracy to assist in the early 
identification of potential cases. The performance of the model when 
using group IV or V did not surpass that noted in group III. This 
observation may be due to the patients undergoing CCTA (included 
within groups IV or V) are generally older and possess higher 
cardiovascular disease risk factors, aligning more closely with the 
characteristics of subgroup A instead of subgroup H (Table 1). These 
demographic and clinical characteristics may potentially lead to model 
misinterpretation. Similarly, although the performance of the model 
using only metadata was comparable to that of the model integrating 
ECG signals and metadata (Table 4), we prioritized higher sensitivity, 
which led to our selection of the model combining ECG signals 
and metadata.

The ECG images presented in PDF or JPEG formats in previous 
studies underwent processing by the equipment and limited the display 
of each lead to 2.5 s. In contrast, we used original ECG signals directly 
generated by the equipment, extending the duration for each lead to 10 s, 
which enhanced the model’s access to comprehensive ECG data. By 

combining CNNs and LSTMs into a CRNN architecture, our model 
provides the benefit of both spatial feature extraction and temporal 
sequence modeling, allowing our model to understand the complex 
structure of ECG data, recognizing the immediate patterns in the signals 
and how these patterns change over time (Verma and Agarwal, 2018; 
Zhang et  al., 2020; Zihlmann et  al., 2017). In our investigation, the 
analysis of three ECG signal slices with 12 specific features during the 
pretest, peak heart rate, and recovery phase yielded optimal performance 
metrics. However, the additional ECG slices or features did not enhance 
predictive outcomes. The principal predictive variables were sex, 
maximum heart rate, and ST/HR index (Figure 5), offering valuable 
insights into the weighting of features to identify significant CAD 
(Lehtinen, 1999; Christman et al., 2014; Ahmed et al., 2015; Marzlin and 
Webner, 2019; Schultz et al., 2017; Ghaffari et al., 2017; Mieres et al., 
2014; Snader et al., 1997). Moreover, our model can generate results 
within 1 min after completing ExECG. Future research should aim to 
enhance specificity by integrating clinical and imaging data, optimizing 
the AI algorithm, applying differential weighting during training, 
incorporating additional physiological features from the ExECG report, 
exploring the impact and significance of metadata, and expanding 
training datasets to include larger and more diverse populations 
(Benkarim et al., 2022; McKinney et al., 2020; Sato et al., 2022; Marwick 
et al., 1995; Gencbay et al., 1999; Siegler et al., 2011).

Limitations

Our study has limitations. First, the patient cohort was recruited 
from a single institution; notwithstanding, external validation was 
conducted at Asia University Hospital, revealing minimal variance in 
performance outcomes across the two facilities. Second, angiographic 
analyses were conducted by interventional cardiologists engaged in 
routine clinical practice rather than by a dedicated core laboratory, which 
may introduce a degree of subjective bias in interpretation. Despite these, 
significant stenosis was accurately identified consistently. Third, not all 
participants underwent angiography or CCTA; however, the likelihood 
of erroneously classifying patients with significant CAD as normal was 
reduced by preferentially selecting individuals at low risk for 
CAD. Additionally, our study focused on epicardial stenosis and did not 
assess coronary microvascular dysfunction. In some patients with 
diabetes or hypertension, coronary artery disease may arise from 
microvascular dysfunction rather than macrovascular stenosis (Vrints 
et al., 2024; O'Neal et al., 2017; Angeja et al., 2002; Okin et al., 2004). 
Using CAG-detected epicardial stenosis as the gold standard for 
evaluating functional tests like ExECG may not fully reflect the 
underlying pathophysiology and could negatively affect AI performance. 
Finally, low PPV and specificity might increase the incidence of 
unnecessary CAG. This limitation is primarily attributable to the 
selection bias inherent in ExECG-CAG studies. Moreover, our primary 
objective is to assist physicians in efficiently screening patients following 
ExECG, rather than acting as the sole determinant for advanced invasive 

TABLE 4  Comparison of model performance using ECG signals and metadata versus metadata alone.

Patients Model ACC AUC F1 PPV NPV SEN SPE

Gr CAG, N: A ECG+ metadata 0.65 0.74 0.70 0.59 0.79 0.86 0.47

Only metadata 0.66 0.72 0.67 0.61 0.72 0.73 0.59
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TABLE 5  The comparison with the existing literature.

Study Cohort and definition of CAD Input Model Output ACC AUC SEN SPE

Babaoglu et al. (2009) Training and test cohorts

330 patients with ExECG and CAG within one month

Definition of CAD

Narrowing ≥50% in LM, or narrowing ≥70% in the other major coronary 

arteries

27 features from the ExECG data ANN LM 0.91 - 0.25 0.97

LAD 0.73 - 0.75 0.70

LCX 0.65 - 0.50 0.75

RCA 0.69 - 0.50 0.80

Babaoğlu et al. (2010) Training and test cohorts

480 patients with ExECG and CAG within a month

Definition of CAD

Narrowing ≥50% in LM, or narrowing ≥70% in the other major coronary 

arteries

18 features from the ExECG data using the 

PCA method

SVM CAD 0.79 - - -

Lee et al. (2022) Training and test cohorts

2,325 patients with ExECG and CAG within a year

Definition of CAD narrowing ≥70% in LAD, LCX, RCA, or their main 

branches, or narrowing ≥50% in LM

30 features from the ExECG data RF CAD 0.57 0.73 0.85 0.43

30 features from the ExECG data and 7 

clinical features

CAD 0.59 0.74 0.85 0.45

Yilmaz et al. (2023) Training and test cohorts

294 patients with ExECG and CAG in the same month.

Definition of CAD narrowing ≥70% in LAD, LCX, RCA, or LM

23 extracted features from ExECG signal in 

JPEG format

XGBoost CAD 0.81 0.78 0.67 0.85

Our study Training and test cohorts

842 patients with ExECG and CAG within 6 months

Definition of CAD

Narrowing ≥50% in LM, or narrowing ≥70% in the other major coronary 

arteries

ExECG signals in XML format and 12 

features

CRNN CAD 0.65 0.74 0.86 0.47

CAD = coronary artery disease; ACC = accuracy; AUC = area under the ROC curve; SEN = sensitivity; SPE = specificity; ExECG = exercise electrocardiography; CAG = coronary angiography; LAD = left anterior descending artery; LCX = left circumflex artery; 
RCA = right coronary artery; LM = left main segment; XGBoost = eXtreme Gradient Boosting; RF = Random Forest; SVM = Support Vector Machine; ANN = Artificial Neural Network; CRNN = Convolutional Recurrent Neural Networks.
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testing. Therefore, when AI-generated findings raise clinical uncertainty, 
additional imaging modalities should be considered. Further research 
aimed at improving specificity is warranted.

Conclusion

Our AI-based algorithm has shown promise in identifying patients 
with significant CAD using ExECG data. Integrating a multimodal 
approach that combines ECG signals with additional features enhances 
both predictive performance and efficiency. Further large-scale studies 
and algorithm refinements are needed to improve specificity and validate 
clinical utility across diverse patient populations.

Summary

This study aimed to develop an artificial intelligence (AI)-based 
method to enhance the efficiency and accuracy of exercise stress 
electrocardiography (ExECG) in detecting significant coronary artery 
disease (CAD). We retrospectively analyzed 818 patients who underwent 
both ExECG and coronary angiography (CAG) within 6 months. 
We used a Convolutional Recurrent Neural Network algorithm, which 
integrated electrocardiographic (ECG) signals and ExECG report 
features to predict significant CAD. The algorithm achieved an area 
under the curve (AUC) of 0.74, sensitivity of 0.86, and specificity of 0.47. 
With the inclusion of 197 low-risk patients, AUC, sensitivity, and 
specificity improved to 0.83, 0.89, and 0.60, respectively. Optimal 
performance was achieved with three ECG signal slices and 12 features, 
including sex, maximum heart rate, and ST/HR index as principal 
predictive variables. The AI model generated results within 1 min after 
completing ExECG, suggesting its potential to identify significant CAD 
efficiently and accurately in both symptomatic and asymptomatic 
patients, thereby enhancing clinical screening.

Data availability statement

The raw data supporting the conclusions of this article will be made 
available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by The Institutional 
Review Board (IRB) of China Medical University Hospital approved this 
retrospective, single-center study (IRB number CMUH110-REC3-019). 
The studies were conducted in accordance with the local legislation and 
institutional requirements. The ethics committee/institutional review 
board waived the requirement of written informed consent for 
participation from the participants or the participants’ legal guardians/
next of kin because The present study was under a retrospective, single-
center study, waived by the institutional review board (IRB) of China 
Medical  University Hospital and approved by approval number 
CMUH110-REC3-019.

Author contributions

H-YL: Conceptualization, Funding acquisition, Project 
administration, Writing  – original draft, Writing  – review & 
editing. K-CH: Supervision, Writing – original draft. S-YC: Data 
curation, Formal analysis, Supervision, Writing – original draft. 
C-YY: Data curation, Formal analysis, Supervision, Writing  – 
original draft. T-HS: Data curation, Formal analysis, Supervision, 
Writing – original draft. M-HL: Data curation, Formal analysis, 
Supervision, Writing  – original draft. KN: Formal analysis, 
Writing – original draft.

Funding

The author(s) declare financial support was received for the 
research and/or publication of this article. The study was partly funded 
by China Medical University Hospital, China Medical University, 
Taiwan (DMR-104-010).

Acknowledgments

Enago Academic editing edited this manuscript.

FIGURE 6
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Background: Atrial fibrillation (AF) is the most common sustained cardiac

arrhythmia and is associated with significant cardiovascular complications.

Recently, artificial intelligence (AI) algorithms have leveraged heart rate

variability (HRV) patterns to enhance the accuracy of AF identification.

Methods: We conducted a systematic review of the literature by searching four

major biomedical databases—PubMed, Web of Science, Embase, and Cochrane

Library—spanning from their inception to December 13, 2024, following the

PRISMA guidelines. We extracted data on true positives, false positives, true

negatives, and false negatives from the included studies, which were then

synthesized to evaluate sensitivity and specificity comprehensively.

Results: Our final analysis included 12 diagnostic studies. Hierarchical summary

receiver operating characteristic modeling revealed excellent discriminative

ability, with a pooled sensitivity of 0.94 and specificity of 0.97. In detecting AF,

the AI model demonstrated exceptional performance (sensitivity = 0.96,

specificity = 0.99, AUC= 1.00). Subgroup analyses revealed that both deep

learning algorithms (sensitivity = 0.95, specificity = 0.98, AUC=0.99) and multi-

database studies (sensitivity = 0.96, specificity = 0.97, AUC=0.99) demonstrated

enhanced accuracy in AF identification compared to other approaches.

Conclusion: Machine learning can effectively identify AF with HRV in ECG,

especially in diagnosis and detection, with deep learning algorithms and

multiple-databases outperforming other diagnostic methods.

Systematic Review Registration: https://www.crd.york.ac.uk/PROSPERO/,

PROSPERO (CRD42025634406).

KEYWORDS

deep learning, machine learning, atrial fibrillation, heart rate variability, ECG,

meta-analysis

1 Introduction

Atrial fibrillation (AF) is the most common persistent arrhythmia encountered in clinical

practice, and its global disease burden continues to increase as the acceleration of aging

population (1). Data from the Framingham Heart Study revealed a threefold increase in the

incidence of AF over the past 50 years, underscoring its growing impact as a significant

public health concern, particularly for the elderly (2). Currently, the clinical diagnosis of

AF largely depends on patient-reported symptoms and electrocardiogram (ECG) results.

However, existing evidence suggests that these traditional methods are associated with a

misdiagnosis rate of approximately 20% (3). This diagnostic uncertainty may result in
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excessive treatment, increasing patient burdens and inefficient

resource allocation. As a result, the development of innovative and

accurate diagnostic technologies has become a critical priority to

enhance the diagnostic approach for AF.

Heart rate variability (HRV), which quantifies fluctuations in

beat-to-beat intervals, has become an established tool in clinical

prediction models for sudden cardiac death and life-threatening

arrhythmia (4). Notably, recent advancements integrating

wearable or implantable HRV data with artificial intelligence

(AI)-based analytical systems have facilitated novel strategies for

the early detection of AF and precision risk stratification (5, 6).

AI systems replicate human cognitive processes through

autonomous decision-making architectures, with their inherent

strength rooted in hierarchical pattern recognition and deep

processing of complex datasets. In the field of cardiovascular

medicine, machine learning (ML)-enhanced ECG interpretation has

demonstrated measurable improvements in predictive performance:

Alimbayeva et al. established a cardiovascular risk stratification

model through multimodal integration of ECG biomarkers using

logistic regression, random forest classifiers, and convolutional

neural networks (7). While, Khurshid’s group developed an ML-

driven framework synergizing ECG patterns with clinical risk

factors, achieving significant predictive capacity for the onset of AF

(8). These developments, driven by ongoing technological

advancements and the growing availability of open-access clinical

data, positions AI-driven approaches as powerful tools to enhance

the accuracy of AF detection and improve diagnostic efficiency.

The increasing clinical adoption of HRVmonitoring technologies

has driven substantial research interest in AI-driven HRV feature

engineering for AF prediction. However, existing studies

demonstrate substantial methodological heterogeneity in algorithm

architectures, data quality standards, and validation protocols,

which may introduce potential biases in diagnostic performance

evaluations. This study aims to fill this gap by conducting the first

diagnostic test accuracy meta-analysis that simultaneously evaluates

both sensitivity and specificity of ML-enhanced HRV analysis for AF

detection. The findings provide essential insights to inform clinical

decision-making and offer valuable guidance for future algorithmic

improvements through standardized performance bench marking.

2 Materials and methods

2.1 Protocol and registration

This meta-analysis is reported according to the Preferred

Reporting Items for Meta-Analyses (PRISMA) statement

(Supplementary Table S1) (9), and it was registered in the

PROSPERO database (CRD42025634406).

2.2 Search strategy and study selection

A systematic search was conducted across four major databases

including PubMed, Web of Science, Embase, and the Cochrane

Library, from their inception through December 13, 2024, limited

to English-language publications. The search strategy is as follows:

(atrial fibrillation OR auricular fibrillation) and (heart rate

variability OR HRV OR SDNN OR SDANN OR RMSSD) and

(artificial intelligence OR machine learning OR deep learning).

Two researchers (YZW and LCX) completed the literature

screening separately——title and abstract screening eliminated

clearly irrelevant records (e.g., non-AI methods, non-ECG

data, or animal studies)——followed by full-text evaluation

of potentially eligible articles against predefined criteria.

Discrepancies were resolved through consensus discussions or

third-reviewer arbitration (LH).

Inclusion criteria were as follows——(1) implementation of

machine learning algorithms, (2) using ECG-derived data, (3) AF as

the primary clinical endpoint, (4) human clinical studies, and (5) the

prediction of true positive (TP), false positive (FP), false negative (FN),

and true negative (TN) either be included in studies or can be

calculated; Exclusion criteria included——(1) duplication publications,

(2) studies involving critically ill populations, and (3) undefined AI

methodologies. The complete selection process was detailed in Figure 1.

2.3 Data extraction and quality assessment

Two investigators (YZW and LCX) independently extracted

data using standardized templates. The following parameters

were collected: first author, publication year, data source,

specifications of the AI algorithm, and diagnostic performance

metrics (sensitivity, specificity). The methodological quality was

assessed with the Quality Assessment of Diagnostic Accuracy

Studies-2 (QUADAS-2) tool (10), which evaluates four critical

domains: (1) patient selection, (2) index test, (3) reference

standard, and (4)flow and timing. After the initial data

extraction, cross-validation was conducted to verify inter-rater

consistency. Due to the limited sample size (n < 20), Cohen’s

kappa coefficients were not calculated, as agreement measures

can be statistically unstable with small sample sizes.

2.4 Statistical analysis

When a patient was diagnosed as AF, it was considered a positive

result; conversely, when diagnosed as non-AF, it was considered a

negative result. So, TP refers to the number of true positive

samples, which are correctly predicted as positive. FP indicates the

number of false positive samples, which are negative but

incorrectly predicted as positive. TN refers to the number of true

negative samples, which are correctly predicted as negative. FN

represents the number of false negative samples, which are

positive but incorrectly predicted as negative. Two independent

investigators (YZ and LC) extracted the number of TP, FP, FN,

and TN from each eligible study. We implemented bivariate

random-effects modeling coupled with hierarchical summary

receiver operating characteristic analysis to derive pooled sensitivity

and specificity estimates with 95% confidence intervals (CI).

Heterogeneity assessment incorporated Cochran’s Q and I2

statistics, with predefined thresholds: Q-test P-value≥ 0.10 and

I2≤ 50% indicating low heterogeneity, vs. P < 0.10 and I2 > 50%
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denoting substantial heterogeneity. For analyses demonstrating

substantial heterogeneity, we conducted meta-regression, sensitivity

analyses, leave-one-out analyses. And we conducted subgroup

analysis with the type of AI algorithm and number of adopted data

sets as parameters to investigate potential sources of variability.

Publication bias was evaluated using Deek’s funnel plot

asymmetry test, with statistical significance set at P > 0.05 indicating

absence of bias. Finally, we conducted a clinical diagnostic test for

this diagnostic strategy, calculating both the positive likelihood ratio

(PLR) and the negative likelihood ratio (NLR) to assess its

diagnostic accuracy. All statistical computations were performed in

Stata/MP 18.0 and R 4.4.2.

3 Results

3.1 Characteristics of included studies

This analysis incorporated twelve diagnostic studies (11, 22),

five of these studies predicted the occurrence of AF (11, 14, 16,

18, 19), and another seven used AI algorithms to detect AF

(12, 13, 15, 17, 20–22). And the included studies with algorithm

type distributed as follows: four studies employed DL methods

(11, 12, 15, 17), seven utilized ML approaches (13, 14, 18–22),

and only one study incorporated both two algorithmic ways (16).

Data mainly originated from the PhysioNet platform (https://

physionet.org/), MIT-BIH Atrial Fibrillation Database, and MIT-

BIH Arrhythmia Database. Only one investigation utilized

clinical datasets (18), while another synthesized clinical and

repository data (12). Regarding data diversity, only five original

studies used multi-source datasets (11–13, 16, 18), other 7

studies relying on single-source one. Comprehensive baseline

characteristics were presented in Table 1.

3.2 Quality assessment

The risk of bias in the included studies was evaluated using the

QUADAS-2 tool. The evaluation results are as follows: (1) patient

election (2 studies with high risk of bias, 6 with unclear risk of bias,

FIGURE 1

Flow diagram of literature search and study selection.
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and 4 with low risk of bias), (2) index test (all 12 studies with low

risk of bias), (3) reference standard (no study with high risk of bias,

2 with unclear risk of bias, 10 with low risk of bias), and (4)flow

and timing (4 studies with high risk of bias, 5 with unclear risk

of bias, and 3 with low risk of bias). A detailed summary of the

quality assessment results can be found in Figure 2.

3.3 Meta analysis

A total of 12 studies were included in the meta-analysis. The

forest plot indicated that AI exhibited high diagnostic

performance in identifying AF with HRV from ECG. The pooled

sensitivity was 0.94 (95% CI: 0.87–0.98), while the pooled

TABLE 1 Main characteristics of the 12 included researches in this meta-analysis.

Authors Database HRV parameter Methodology Performance

Chen et al. (11) Atrial Fibrillation Paroxysmal Database

MIT-BIH Atrial Fibrillation Database

MIT-BIH Normal Sinus Rhythm Database

R-R interval Convolutional Neural

Network

SEN = 0.9712

SPE = 0.9777

Tutuko et al. (12) MIT-BIH Atrial Fibrillation Database

2017 PhysioNet/CinC Challenge Database

2018 PhysioNet/CinC Challenge Database

ECG Long Term AF Database

Atrial Fibrillation Paroxysmal Database

MIT-BIH Arrhythmia Database

AF Termination Challenge Database

Fantasia Database

ECG recording from Chapman University

and Shaoxing People’s Hospital

ECG recording from an Indonesian

Hospital

R-R interval Convolutional Neural

Network

SEN = 0.9980

SPE = 0.9980

Udawat and

Singh (13)

MIT-BIH Atrial Fibrillation Database

MIT-BIH Arrhythmia Database

R-R interval Fourier Decomposition

Method

SEN = 0.9940

SPE = 0.9950

Wu et al. (14) Atrial Fibrillation Paroxysmal Database a11 time domain parameter

7 frequency domain parameter

7 nonlinear parameter

Bagging Ensemble Learning

Method

AdaBoost Ensemble

Learning Method

Stacking Ensemble Learning

Method

SEN = 0.8800

SPE = 0.9600

Marinucci et al.

(15)

2017 PhysioNet/CinC Challenge Database MRR、SDRR、RMSRR、PRR50 Artificial Neural Network SEN = 0.8120

SPE = 0.8120

Chesnokov (16) Atrial Fibrillation Paroxysmal Database

MIT-BIH Atrial Fibrillation Database

pVLF, pLF, pHF, LF/HF, SampEn, ApEn, MSE, and

MAE

Artificial Neural Network SEN = 0.6818

SPE = 1.0000

Support Vector Machine

(Radial Basis Function

Kernel)

SEN = 0.8372

SPE = 0.7647

Support Vector Machine

(Sigmoid Kernel)

SEN = 0.8372

SPE = 0.7647

Sanjana et al.

(17)

2017 PhysioNet/CinC Challenge Database MRR、SDNN、RMSSD Recurrent Neural Network SEN = 0.9034

SPE = 0.9687

Gated Recurrent Unit SEN = 0.8725

SPE = 0.9787

Saiz-Vivo et al.

(18)

Reveal LINQ usability study

(NCT01965899)

Single Center Clinical Trail (29)

MRR, pNN50, pNN20, RMSSD, SDNN, TINN, TRI,

ApEn, SampEn, SD1, SD2、SD1/SD2, DFAɑ1ɑ2

Support Vector Machine SEN = 0.8275

SPE = 0.5950

Xin and Zhao

(19)

Atrial Fibrillation Paroxysmal Database b4 time domain parameter

4 frequency domain parameter

Multi-scale Wavelet α-

entropy

SEN = 0.9488

SPE = 0.8948

Asl et al. (20) MIT-BIH Arrhythmia Database R-R interval Generalized Discriminant

Analysis

Support Vector Machine

SEN = 0.9463

SPE = 0.9972

Mei et al. (21) 2017 PhysioNet/CinC Challenge Database R-R interval Support Vector Machine

Bagging Trees

SEN = 0.8840

SPE = 0.9958

Bus et al. (22) Long-Term Atrial Fibrillation Database pRRx Fourier Decomposition

Method

SEN = 0.9042

SPE = 0.9537

aTime domain parameter: MRR, SDNN, HR, SDHR, minHR, maxHR, RMSSD, NN50, pNN50, HRV triangular index, and TINN, Frequency domain parameter: pVLF, pLF, pHF, LF/HF, total

spectral power, LF/(TP-VLF), and HF/(TP-VLF), Nonlinear parameter: SD1, SD2, SD2/SD1, ApEn, SampEn, and short-term and long-term fluctuations of DFA.
bTime domain parameter: MRR, SDNN, RMSSD, and pNN50, Frequency domain parameter: pVLF, pLF, pHF, and LF/HF.

MRR: mean of RR interval, SDNN: standard deviation of normal to normal RR intervals, HR: heart rate, SDHR: standard deviation of instantaneous heart rate values, minHR: min heart rate per

minute, maxHR: maximum heart rate per minute, RMSSD: root mean square of successive RR interval differences, NN50: number of successive RR interval pairs that differ more than 50 ms,

pNN50: NN50 divided by the total number of all NN intervals, pNN20: NN20 divided by the total number of all NN intervals, TINN: baseline width of the NN interval histogram, TRI:

triangular index, pVLF: absolute power of VLF band, pLF: absolute power of LF band, pHF: absolute power of HF band, LF/HF: ratio between LF and HF band powers, LF/(TP-VLF):

normalized LFP, HF/(TP-VLF): normalized HFP, SD1: poincaré plot standard deviation perpendicular the line of identity, SD2: poincaré plot standard deviation along the line of identity,

SD2/SD1: ratio of SD2 to SD1, ApEn: approximate entropy, SampEn: sample entropy, DFAɑ1ɑ2: short-term and long-term fluctuations of detrended fluctuation analysis, MSE: multiscale

sample entropy, MAE: multiscale approximate entropy, pRRx: percentage of successive RR intervals differing by at least x ms, AF: atrial fibrillation, ECG: electrocardiogram; SEN:

sensitivity, SPE: specificity.
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specificity was 0.97 (95% CI: 0.92–0.99). The summary receiver

operating characteristic curve showed an area under the curve

(AUC) of 0.99 (95% CI: 0.97–0.99), with most studies

demonstrating strong sensitivity and specificity (Figure 3A).

In predicting the onset of AF, the AI algorithm demonstrated

a sensitivity of 0.87 (95% CI: 0.74–0.94), specificity of 0.90

(95% CI: 0.72–0.97), and an AUC of 0.94 (Figure 3B). For AF

detection, the AI algorithm exhibited even superior performance,

with sensitivity of 0.96 (0.87–0.99), specificity of 0.99 (0.96–1.00),

and AUC of 1.00 (0.99–1.00) (Figure 3C). The above three

results are summarized in Table 2. However, considerable

heterogeneity was observed in the forest plot, with sensitivity

showing an I2 of 99.95%, Q = 24,113.88, and P < 0.1, and

specificity exhibiting an I2 of 99.94%, Q = 18,584.74, and

FIGURE 2

Summary of risk of bias across all included studies.
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P < 0.1. To explore the sources of heterogeneity, we conducted

meta-regression, sensitivity analysis, and subgroup analysis.

3.4 Meta-regression and sensitivity analyses

Meta-regression analyses were performed based on the baseline

characteristics of the included studies, focusing on two factors: AI

algorithm type and the number of datasets used. The results

indicated that the heterogeneity between different AI algorithm

types was not statistically significant (P > 0.05), and no significant

differences in specificity were observed between single-dataset

and multi-dataset groups (P > 0.05). Therefore, neither the AI

algorithm type nor the number of datasets explained the

heterogeneity observed in the meta-analysis (Supplementary

Figure S2). Sensitivity analysis demonstrated the robustness of

the overall results (Supplementary Figure S3). When each study

was individually excluded, neither the pooled effect size nor the

heterogeneity exhibited any significant changes (Supplementary

Table S4).

3.5 Subgroup analysis

Subgroup analysis revealed significant differences in

diagnostic performance based on various AI algorithms type

(Figure 4A). The DL model demonstrated nearly perfect

discriminative ability, with an AUC of 0.99 (95% CI: 0.98–1.00),

sensitivity of 0.95 (95% CI: 0.76–0.99), and specificity of 0.98

(95% CI: 0.93–1.00) (Supplementary Figure S5A). In contrast,

AUC of ML models was 0.97 (95% CI: 0.96–0.98), with

sensitivity of 0.92 (95% CI: 0.84–0.96) and specificity of 0.95

(95% CI: 0.84–0.99), which were slightly inferior to those of the

DL model (Supplementary Figure S5B). Additionally, data

diversity was found to have a crucial impact on model

generalization ability (Figure 4B). When trained on a single

database, AUC was 0.95 (95% CI: 0.92–0.96), with sensitivity of

0.89 (95% CI: 0.86–0.91) (Supplementary Figure S5C). However,

cross-validation using multiple databases significantly improved

diagnostic performance, with an AUC of 0.99 (95% CI: 0.98–

1.00) and sensitivity increased to 0.96 (95% CI: 0.81–0.99)

(Supplementary Figure S5D).

3.6 Clinical diagnostic testing

When the PLR value exceeds 10, a positive result significantly

raises the likelihood of disease, shifting the pre-test probability

from 20% to 90%. In this study, PLR was 37, suggesting this

diagnostic marker effectively identified the presence of the

FIGURE 3

Forest plot and receiver operating characteristics curves of artificial intelligence for AF identification in HRV. (A) The result of pooled research; (B) The

results of AI in predicting AF; (C) The results of AI in detecting AF.

TABLE 2 Main results of meta-analysis.

Research type Sensitivity Specificity AUC

Pooled 0.94 (0.87–0.98) 0.97 (0.92–0.99) 0.99 (0.98–1.00)

Prediction of AF 0.87 (0.74–0.94) 0.90 (0.72–0.97) 0.94 (0.91–0.97)

Detection of AF 0.96 (0.87–0.99) 0.99 (0.96–1.00) 1.00 (0.99–1.00)

AF, atrial fibrillation; AUC, area under the curve.
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disease. Conversely, when the NLR is below 0.1, a negative result

markedly reduces the probability of disease, lowering the pre-test

probability from 20% to 1%. In this study, NLR was 0.06,

demonstrating that this diagnostic marker is highly effective in

ruling out the disease in negative cases (Figure 5).

3.7 Publication bias

Publication bias was evaluated using Deek’s funnel plot

asymmetry test. The results indicated a P-value of 0.16,

suggesting that no publication bias was present in the studies

included in this analysis (Figure 6).

4 Discussion

This study is the first to evaluate the diagnostic performance of

HRV based on AI algorithms through a meta-analysis. The 12

included studies demonstrate that AI models exhibit outstanding

performance in identifying AF, especially in detecting AF. The

area under the summary receiver operating characteristic curve is

the theoretical optimal value (AUC = 1.00), which seems to mean

that AI could be the “gold method” for diagnosing AF. Notably,

the clinical applicability analysis further validated the diagnostic

FIGURE 4

Summary of receiver operating characteristics. (A) The subgroup of algorithm type; (B) The subgroup of number of databases.

FIGURE 5

Fagan plot.

FIGURE 6

Deeks’ funnel plot.
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value of this technology: the PLR value is 37, and the NLR value is

0.06. These findings indicated that the AI-based HRV diagnostic

tool has strong accuracy and rule out negative results effectively,

highlighting its potential as a auxiliary tools for clinicians in

identifying AF.

Our results are consistent with previous studies. For example,

Manetas-Stavrakakis et al. conducted a cohort or case-control

study using single-lead ECG to detect AF and reported a

combined sensitivity of 92.3% and specificity of 96.2% (23). In

comparison, our study found even higher sensitivity and

specificity, suggesting that HRV may be a more accurate AF

diagnostic marker. Subsequent subgroup analyses revealed that,

compared to ML models, DL demonstrated superior diagnostic

performance, which aligns with the findings of Solam Lee et al

(24). Additionally, Xie C.G. et al. reached similar conclusions,

with the DL model exhibiting significantly higher sensitivity

(98.1%) compared to the ML model (91.5%) (25). DL models

represent an important category of ML, encompassing algorithms

such as deep feedforward neural networks, convolutional neural

networks, and deep belief networks. A key feature of these

models is their high degree of flexibility. Unlike ML models, the

individual representations in DL are not manually designed by

researchers but are instead learned from training data (26).

Furthermore, DL models learn representations not in a single

step, but across multiple layers between hidden layers. More

importantly, the subsequent transformations between layers in

DL models are non-linear, significantly enhancing the model’s

adaptability. This could explain the superior performance of the

DL model observed in our study.

Although this study demonstrates promising combined results,

several limitations are unavoidable. On the one hand, limitations

stems from the included studies themselves. The majority of

studies did not use external validation sets, and the widespread

use of a single data source led to significant overlap between

model training and validation sets. This overlap may hinder the

model’s ability to adapt to the complexity of real-world patients

and clinical environments, potentially increasing misdiagnosis

rates and medical risks. The AUC in detecting atrial fibrillation

may imply an overlap between the training sets and test sets, and

the lack of real-world external validation may be an important

reason why the AUC is perfect. On the other hand, there was

considerable heterogeneity observed across studies (sensitivity

I2 = 99.95%, specificity I2 = 99.94%). Although meta-regression

and sensitivity analyses confirmed the robustness of our findings,

this suggested the presence of deeper underlying factors. One

major cause of heterogeneity is the differences in the source and

quality of the raw data. The majority of the included studies

relied on the publicly available PhysioNet database, with only

one study collecting clinical data and one combining both

clinical and database data. While the standardized collection

process of public databases reduces technical bias, it may not

fully reflect the complexity of real-world clinical scenarios.

Clinical data collection, is often susceptible to background noise

(e.g., patients’ movement). Unfortunately, due to the limited

number of clinical diagnostic studies, we were unable to perform

subgroup analysis to compare the diagnostic performance of

database vs. clinical data. Secondly, while all studies focused on

HRV as the central feature, there were slight differences in the

ECG features of HRV, leading to a lack of a standard procedures

for HRV extraction. For example, Chen W. et al. used the RR

interval as the HRV feature (11), while Bus S. et al. extracted the

pRRx parameter to predict AF (22). Other studies incorporated

multiple indicators as HRV features, including DNN, RMSSD,

pNN50, and pNN20 (15, 18, 19). These technical variations led

to inconsistent model inputs, affecting performance stability.

Finally, since ECG signals are highly susceptible to various types

of interference during data collection, background noise can

obscure the true cardiac electrical activity, thereby affecting the

performance and accuracy of AI models. Consequently, most

diagnostic studies performed denoising prior to HRV signal

input. Removing noise helps preserve crucial ECG signals (27),

thereby reducing the rates of both false positives and false

negatives. However, subtle AF fibrillation waves could be

mistakenly classified as noise and eliminated, resulting in

diagnostic bias. Additionally, there are significant differences in

signal fidelity and computational efficiency among different

denoising methods, which contributes to the substantial

heterogeneity observed in this study.

The limitations of this study reflect common challenges in the

current field. There is a clear need for standardized data collection

processes and high-quality datasets to ensure consistency in data

input. Additionally, it is crucial to identify and optimize the

most effective HRV features to enhance the specificity of AF

identification. More importantly, there is an urgent need for

additional prospective studies to assess the real-world

applicability of AI prediction models. Despite these challenges,

the accuracy of AI models for identifying arrhythmias has

already been shown to surpass that of general cardiologists (28).

We look forward to the development of more comprehensive

databases and more advanced AI algorithms, which can assist

clinicians in better diagnosing atrial fibrillation.

5 Conclusion

In conclusion, AI effectively utilizes HRV in ECG signals to

detect AF, with its DL algorithms and multi-database approaches

demonstrating superior diagnostic performance.
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Atrial fibrillation (AF) is the most prevalent sustained arrhythmia and a major

contributor to stroke and heart failure. Despite progress in management,

challenges persist in early detection, risk stratification, and personalised

treatment. Artificial intelligence (AI), especially machine learning (ML) and deep

learning (DL), has emerged as a transformative tool in AF care. This scoping

review examines the applications of AI across key domains: detection, risk

prediction, treatment optimisation, and remote monitoring. AI-driven models

enhance AF detection by analysing ECGs and wearable device data with high

accuracy, enabling early identification of asymptomatic cases. By incorporating

diverse clinical, imaging, and genomic data, predictive models outperform

conventional risk scores in estimating stroke risk and disease progression. In

treatment, AI assists in personalised anticoagulation decisions, catheter

ablation planning, and optimising antiarrhythmic drug selection. Furthermore,

AI-powered remote monitoring integrates wearable-derived insights with real-

time decision support, improving patient engagement and adherence. Despite

these advances, significant challenges persist, including algorithm

transparency, bias, data integration, and regulatory hurdles. Explainable AI (XAI)

is crucial to ensure clinician trust and facilitate implementation into clinical

workflows. Future research should focus on large-scale validation, multi-

modal data integration, and real-world AI deployment in AF management. AI

has the potential to revolutionise AF care, shifting from reactive treatment to

proactive, personalised management. Addressing current limitations through

interdisciplinary collaboration will be key to realising AI’s full potential in

clinical practice and improving patient outcomes.
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Introduction

Atrial fibrillation (AF) is the most common sustained

arrhythmia worldwide, posing significant public health and

clinical challenges due to its associated risks of stroke, heart

failure, and mortality (1–3). AF management can be challenging,

especially in the developing world, which has limited resources

(4–11). However, AF is often intermittent and asymptomatic,

making timely diagnosis challenging (12).

Artificial intelligence (AI) is the simulation of human

intelligence in computers or machines, enabling them to perform

tasks that typically require cognitive functions such as learning,

reasoning, and problem-solving (13). Within AI, machine

learning (ML) denotes a subset where algorithms learn from data

to make predictions or decisions without being explicitly

programmed (14). For example, ML can identify

electrocardiogram (ECG) data patterns to distinguish between

normal rhythm and atrial fibrillation. A more specialised subset

of ML is deep learning (DL), which utilises layered neural

networks inspired by the human brain. These models can

process complex and high-dimensional data, such as continuous

ECG signals or imaging data, and are particularly adept at

uncovering subtle features that may be imperceptible to

human clinicians.

AI techniques are increasingly employed in AF care to improve

diagnostic accuracy, risk stratification, and treatment

personalisation. For instance, DL algorithms have been shown to

detect paroxysmal AF from sinus rhythm ECGs by learning

subclinical signatures invisible to traditional analyses. Thus, a

foundational understanding of these AI categories is essential for

appreciating their applications in AF management, as explored

throughout this review.

Over the last decade, AI has gained considerable momentum

and is quickly becoming a mature discipline (15, 16). McCarthy

coined the term AI in the late 1950s to denote the simulation of

human intelligence in machines (17). Therefore, AI is not

necessarily a newcomer, although most of its recent popularity is

due to machine learning (ML). ML is a branch of AI that

develops algorithms that use data to make predictions and

improve their accuracy without being explicitly programmed to

do so (18).

AI–particularly ML and DL techniques – have shown

promise in improving AF detection, risk assessment, and

management (19, 20) in recent years. Researchers are exploring

AI across the spectrum of AF care, from early diagnosis using

ECGs and wearables to personalised treatment selection.

Despite encouraging results, there remain significant gaps in

the literature and barriers to clinical implementation. Due

to substantial advantages in big data processing, the use of

AI in cardiovascular fields has recently aroused much

attention. The use of AI in AF research has also increased

significantly since 2012 (21).

The following article provides a structured overview of key

research areas, highlighting current advances, unmet needs, and

potential methodologies for future exploration.

AI-driven early detection and diagnosis

AI algorithms can greatly enhance the early detection of AF by

analysing large volumes of heart rhythm data from ECGs and

wearable devices (22). Some currently available wearable devices

are demonstrated in Figure 1. A traditional while the 12-lead

ECG is considered the diagnostic gold standard for confirming

AF, its sensitivity is limited in detecting paroxysmal AF (23).

This is because the 12-lead ECG captures only a brief moment of

cardiac electrical activity; thus, if the arrhythmia is not active

during the recording, it may be missed. In contrast, wearable

devices and continuous monitors can provide longer-duration

rhythm surveillance, increasing the likelihood of detecting

intermittent or asymptomatic episodes. ML models have shown

high accuracy in detecting AF from single-lead ECGs or

photoplethysmography (PPG) signals. For example, deep neural

networks have achieved sensitivities and specificities in the 90%–

99% range for classifying AF vs. normal rhythm using wearable

ECG or PPG inputs (24, 25). Smartwatches equipped with FDA-

cleared AF detection algorithms (using PPG and occasional ECG

recordings) are increasingly popular and can reliably identify

irregular pulse rhythms consistent with AF (26, 27). Notably, one

smartphone-based PPG algorithm showed ∼89% sensitivity and

∼99% specificity compared to ECG diagnosis (28), highlighting

the potential of ubiquitous devices for screening. This was also

supported by a recent meta-analysis showing sensitivity of 92%

and specificity of 96% in detecting AF on a single-lead ECG (29).

AI can also detect subtle patterns in normal sinus ECGs that

predict AF onset – in one study, an AI model predicted AF up

to 4 h before an episode with an area under the curve (AUC) of

0.94. Another study of 180,922 patients showed that an AI-

enabled ECG taken in normal sinus rhythm allows identification

at the point of care of patients with AF (30).

Furthermore, the AI model predicts future episodes of AF with

AUC 0.79 (0.72–0.86) in 122,394 patients, achieving the best

prediction performance for males older than 70 years (31). These

advances enable the detection of silent AF that would otherwise

go unnoticed, allowing earlier interventions (e.g., starting

anticoagulation to prevent stroke in asymptomatic patients) (32,

33). Despite promising accuracy, the real-world implementation

of AI-driven AF detection faces challenges. Wearable-based

algorithms can produce false positives or inconclusive alerts that

require confirmatory traditional ECG (34–36). Many patients

identified through smartwatch screening do not follow up with a

physician, limiting clinical impact (37). Data from large digital

health studies (Apple Heart Study and Huawei Heart Study)

suggest that while technology can detect AF and even reduce

stroke or hospitalisation rates when accompanied by proper

follow-up, ensuring adherence to alerts by patients and providers

is challenging (37, 38). There is also variability in performance

across different devices and patient populations due to data

quality and algorithm differences.

Future research may improve signal processing and ML

robustness to reduce false alarms (for example, using ensemble

models that combine ECG, PPG, and accelerometer data for
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contextual intelligence). Unsupervised learning might uncover new

AF-related patterns (e.g., in heart rate variability) that aid earlier

detection (39). Moreover, integrating wearable data into clinical

workflows via secure health information systems can ensure that

clinicians are notified of significant events (40). Developing

patient engagement strategies (adaptive app notifications or

health coaching chatbots) to encourage prompt action after an

AF alert will also be crucial to translating early detection into

improved outcomes. While early detection of AF through

wearable or implantable devices offers clear benefits, such as

stroke prevention and timely intervention, it also raises concerns

about overdiagnosis and overtreatment. The number needed to

screen (NNS) to prevent one stroke varies depending on the

population risk profile and screening method, with estimates

ranging from 83 to 300 in moderate-risk populations. However,

this remains an area of ongoing investigation (41).

Moreover, treating every detected AF episode with

anticoagulation, especially short, asymptomatic episodes, may not

be warranted. Recent evidence from the NOAH-AFNET 6 and

ARTESiA trials suggests that oral anticoagulation in patients with

device-detected subclinical AF may not significantly reduce

stroke risk and might increase bleeding risk, particularly in

patients without other high-risk features (42, 43). These findings

highlight that not all AF episodes carry equal clinical risk, and

treatment decisions should consider AF burden, episode

duration, comorbidities, and patient-specific stroke risk.

As such, integrating AI-powered monitoring must complement

clinician oversight and risk-based interpretation rather than

automatically escalate to treatment. Future AI tools may help

stratify the most clinically relevant episodes, aligning screening

with personalised therapeutic thresholds. Many AI models using

wavelets and ECG signals have shown high classification

performance in AF detection, often exceeding 95% accuracy.

These models vary in complexity and validation methods, as

summarised in Table 1. High-quality studies, including large

prospective cohorts and randomised trials assessing wearable-

based AF detection, are summarised in Table 2.

AI for risk stratification and prediction
of stroke or complications

Risk stratification is vital in AF to identify high-risk stroke,

heart failure, or disease progression patients. Traditional clinical

risk scores like CHA₂DS₂-VA are widely used for estimating

stroke risk, but they have only modest discriminatory ability

(C-statistic around 0.60) and ignore potentially important factors

(70, 71). AI-based models offer a more individualised approach.

Machine learning algorithms can ingest a wide range of clinical

features – including demographics, comorbidities, lab results,

imaging findings, and even social determinants of health – to

predict adverse outcomes. Studies have shown that ML models

FIGURE 1

Some of the market’s most used wearable devices to diagnose atrial fibrillation and their mechanism of detection. PPG, photoplethysmography; AF,

atrial fibrillation; PPG; photoplethysmography.
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outperform conventional scoring. For example, a convolutional

neural network model achieved an AUC of 0.70 for predicting

near-term stroke in AF patients, significantly better than the

<0.50 AUC of CHA₂DS₂-VA in the same cohort. Researchers

note that current scores are “rudimentary”, AI can capture

additional risk predictors (like chronic kidney disease, prior heart

failure, or socio-environmental factors) that improve accuracy

(72, 73). Likewise, ML has been applied to predict other

complications: one report used an AI algorithm on clinical and

imaging data to identify patients likely to progress from

paroxysmal to persistent AF or to develop heart failure (19).

Another model could predict postoperative AF (a common

surgical complication) with ∼87% sensitivity and 83% specificity,

enabling prophylactic strategies (74).

Stroke prediction and other outcomes

A major focus is AI use for stroke risk prediction in AF beyond

standard scoring. ML models have been trained on extensive

electronic health record datasets to calculate stroke risk

automatically; these models can incorporate nuanced patterns

(e.g., burden of AF, patterns of blood pressure control, or brain

imaging markers) that static clinical scores cannot (75). Early

results are encouraging, but validation is still required. Similarly,

AI models have demonstrated the ability to predict AF

recurrence after catheter ablation, guiding follow-up intensity and

additional therapy. For instance, a DL algorithm using

procedural data and patient characteristics predicted post-

ablation AF recurrence with approximately 85% accuracy (76).

TABLE 1 Performance of selected major AF classification studies using wavelets and AI on ECG.

Study and year Year AI model Evaluation method Accuracy

Xu et al., (44) 2021 SVM-KNN-DT-ELM Fold cross validation 98.6%

Singh et al., (45) 2020 SVM-LSTM Fold cross validation 99.4%

Abdullah et al. (46) 2020 CNN-LSTM Fold cross validation 98.1%

Ullah et al. (47) 2020 2-D CNN Fold cross validation 99.1%

Zhao et al. (48) 2020 DCNN Fold cross validation 87.8%

Nurmaini et al. (49) 2020 CNN-RNN-DNNs Fold cross validation 99.1%

Kora et al. (50) 2019 SVM-KNN Not published 94%-99.5%

Chashmi et al. (51) 2019 NN-SVM 10-fold cross validation 99%

Alarsan et al. (52) 2019 DT-RF-GDB Fold cross validation 98%

Anwar et al. (53) 2018 NN 3-fold cross validation 99.8%

Lassoued et al. (54) 2017 ANN-MLP and neurofuzzy GD +Momentum 99%

Xin et al. (55) 2017 SVM Not published 92%

Filos et al. (56) 2017 SVM Not published 93.8%

Kaya et al. (57) 2017 DT-SVM-NN Fold cross validation 98.9%-99.3%

Saraswat et al. (58) 2017 PNN Fold cross validation 100%

Dewangan et al. (59) 2016 ANN Not published 87%

Thomas et al. (60) 2015 ANN Fold cross validation 94.6%

Barmase et al. (61) 2013 Markov Fold cross validation 99.8%

Sarkaleh et al. (62) 2012 MLP-NN Fold cross validation 96.5%

Kim et al. (63) 2011 ELM Not published 97.9%

SVM, support vector machines; KNN, K-nearest neighbour; DT, decision trees; ELM, extreme learning machine; LSTM, long short-term memory; CNN, convolutional neural network; RNN,

recurrent neural network; DNN, deep neural network; NN, neural network; RF, random forests; GBD, gradient-boosted trees; ANN, artificial neural network; MLP, multilayer perceptron; PNN,

probabilistic neural network.

TABLE 2 Key evidence from high-quality studies on wearables for AF detection.

Study name and
year

Study type Device/technology Sample size Main findings

Apple Heart Study, (64) Prospective cohort

study

Apple Watch (PPG-based) 419,297 PPV: 84% for irregular rhythm notification indicating AF

Huawei Heart Study, (38) Prospective cohort

study

Huawei Watch (PPG-based) 246,541 PPV of irregular pulse notifications: 91.6%; confirmed AF in 87%

mSToPS Trial, (65) RCT Zio XT patch (ECG-based) 2,659 AF newly diagnosed in 6.3% of actively monitored vs. 2.3% in controls

REHEARSE-AF Trial,

(66)

RCT AliveCor Kardia (single-lead

ECG)

1,001 AF detection significantly increased (3.8% vs. 1%) using wearable vs.

routine care

SCREEN-AF Trial, (67) RCT AliveCor KardiaMobile ECG 856 aged ≥ years

old

Increased AF detection in high-risk elderly patients (5.3% vs. 0.5% in

routine care)

Fitbit Heart Study, (68) Prospective cohort

study

Fitbit PPG 455,699 High accuracy (PPV: 98%) for AF detection in individuals with

irregular heart rhythm alerts

Huawei heart study, (69) Prospective cohort

study

Huawei PPG 246,541 PPV: 91.6%, Both suspected AF and identified AF markedly increased

with age

AF, atrial fibrillation; ECG, electrocardiogram; PPG, photoplethysmography; PPV, positive predictive value; RCT, randomised controlled trial.
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Including advanced phenotypic data like left atrial fibrosis on

magnetic resonance imaging (MRI) or anatomical features on

cardiac computed tomography (CT) is a promising avenue to

further refine such predictions (77).

While many AI risk models have been developed, prospective

validation and clinical uptake are key gaps. Few have been tested in

randomised trials to show improved patient outcomes or cost-

effectiveness (19). Future research should emphasise external

validation of AI risk tools across diverse populations to ensure

generalizability. Creating large, standardised, and labeled datasets

(potentially through multi-center or federated learning

collaborations) will help address current data heterogeneity issues

(78). Moreover, researchers are exploring explainable AI techniques

to identify which risk factors drive predictions, which could reveal

novel modifiable risk factors (for example, an explainable model

highlighted how combinations of social and clinical factors

influence stroke risk in AF (79, 80). Such insights might inform

more holistic risk management strategies. In summary, AI-driven

risk stratification promises to move beyond one-size-fits-all metrics

toward nuanced, precision risk profiles for each AF patient.

AI-assisted treatment optimization
(medications and ablation planning)

Managing AF involves choices between rate vs. rhythm control,

various antiarrhythmic drugs, anticoagulation strategies, and

interventional therapies like catheter ablation. AI can assist

clinicians in tailoring these decisions to individual patients. One

emerging application uses ML to determine which patients

benefit most from a given therapy. For example, an AI-based

causal forest model was recently developed using data from over

700,000 AF patients to personalise stroke prevention therapy

(81). This model analyses patient characteristics to decide

whether a patient would have better outcomes with lifelong

anticoagulation (using a direct oral anticoagulant, DOAC) or a

left atrial appendage occlusion (LAAO) procedure. Notably, it

can identify subgroups of patients for whom LAAO provides a

positive net benefit (reducing stroke risk without undue bleeding

risk) vs. those who fare better on medication (81). Such AI-

driven decision support could fill an important gap in current

practice, where selecting candidates for LAAO vs. DOAC is often

unclear. Similarly, ML has been applied to recommend optimal

rate or rhythm control strategy by predicting outcomes like

symptom improvement or hospitalisation risk under each

approach (82). However, more research is needed in this area.

A significant gap is the lack of clinical trial evidence

demonstrating that AI-guided treatment decisions improve long-

term outcomes in AF. Ongoing studies will reveal the real-world

impact, particularly in applying AI recommendations for therapy

selection in a prospective trial. Methodologically, incorporating

reinforcement learning could prove beneficial—an AI that

“learns” the optimal treatment through trial and error on patient

data might suggest dynamic treatment adjustments, such as

escalating from drugs to ablation if specific patterns arise.

Furthermore, integrating AI into electronic health records as a

clinical decision support tool at the point of care is another

avenue to explore, but it must be implemented in a way that

aligns with the clinician’s workflow and provides transparent

reasoning for recommendations (83). Combining an AI’s

predictive power with a physician’s clinical judgment may yield

the best outcomes in tailoring AF therapy plans.

AI role in catheter ablation

Catheter ablation is an effective rhythm-control therapy; success

rates can differ, and repeat procedures are common (84). AI has the

potential to enhance patient selection and procedural planning for

ablation. An innovative study employed DL on cardiac imaging

data to predict non-pulmonary vein (PV) triggers of AF before an

ablation procedure (85). Typically, ablation targets triggers in the

PVs, but patients with additional atypical trigger sites often

experience recurrence. The AI model correctly predicted these

non-PV trigger locations in ∼82% of cases (64% sensitivity, 88%

specificity), improving the overall accuracy of identifying all trigger

sites to 89% (85). This information can help electrophysiologists

personalise the ablation strategy rather than using a uniform

approach for all patients. AI has also been utilised in intra-

procedural mapping – for instance, algorithms that rapidly

interpret electrogram patterns to distinguish AF drivers or to

titrate energy delivery. Early clinical experience with AI-guided

ablation dosing, including high-power short-duration ablation with

algorithmic monitoring for safety, shows the potential to reduce

complications (86). Additionally, AI can assist in medication

optimisation by predicting an individual’s response or side-effect

risk to a particular antiarrhythmic drug based on their profile,

though this is still largely theoretical (87). Recent high-quality

evidence from the TAILORED-AF trial supports using AI-guided

ablation in persistent AF. This randomised, double-blind trial

showed that targeting AI-identified spatio-temporal electrogram

dispersion areas in addition to standard PVI significantly

improved 12-month AF freedom rates (88% vs. 70%, P < 0.0001).

While safety was comparable, procedure duration was longer.

These results validate AI’s role in refining ablation strategy but

highlight the need for further trials to assess long-term outcomes,

reproducibility, and workflow integration (88). New AI-based

software solutions were designed to assist operators in targeting

AF drivers. Acute and long-term outcomes suggest that the AI-

based AF electrogram software delivers simple perioperative cues,

ensuring standardisation across multiple platforms, catheters, and

operators (89). For example, a recent study demonstrated that

DISPERS-guided ablation using ML software (the Volta VX1

software) and PVI for long-standing persistent AF caused a lower

risk of AF recurrence in long-term follow-ups (90).

Machine learning models for
personalized AF management

Personalised medicine in AF aims to move beyond generalised

treatment guidelines and towards individualised care plans. AI is a
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key enabler of this vision, as it can analyse each patient’s unique

combination of factors. Holistic ML models can assimilate

diverse data, including genomics, biomarkers, lifestyle factors,

and detailed disease history, to define patient subgroups or

“phenotypes” of AF. For instance, clustering algorithms

(unsupervised ML) have been used to identify novel AF

phenotypes that might respond differently to treatments (39). For

example, a patient might have AF driven largely by obesity and

hypertension (risk-factor-mediated AF) (91). At the same time,

another’s AF might be linked to specific genetic variants or

fibrotic scar burden in the atrium. AI can help classify such

subgroups, which is the first step to personalised therapy,

including aggressive risk factor modification for one phenotype

vs. early ablation for another.

Early rhythm control has been proven beneficial as AF begets

AF, and early intervention has shown better results irrespective

of the mechanisms. As there is an evolution of AF in many cases

(triggers at the beginning with short episodes and fibrosis with

persistent AF types), AI might help identify patients at risk for

AF and help establish a primary preventive therapy. In case of

AF, early treatment should be offered irrespective of risk factors,

as e.g., those with heart failure benefit most. Researchers have

proposed new AF classifications using ML, which are being

studied for their prognostic and therapeutic relevance (92). An

example of such translational work is the ARISTOTELES project,

which uses AI to integrate clinical, imaging, genetic, and

biomarker data to personalise risk prediction and treatment in

patients with AF and multimorbidity. The project aims to refine

stroke and bleeding risk stratification in the context of oral

anticoagulation and to address therapeutic decision-making

complexities in patients with coexisting conditions such as heart

failure, diabetes, and chronic kidney disease. By embracing a

holistic, data-driven approach, ARISTOTELES supports

guideline-aligned, individualised care and seeks to improve

outcomes, reduce adverse events, and optimise resource use in

real-world clinical settings (93). Key studies exploring AI-based

classification and prediction of AF, particularly those using ECG

or clinical data for risk stratification, are outlined in Table 3.

Integration of AI with genomic and
clinical data

In the era of precision medicine, merging AI with genomics

presents a promising methodology. Extensive genome-wide

association studies have identified numerous genetic loci

associated with AF, yet interpreting these for individual risk

remains complex. AI can bridge this gap by integrating genetic

risk scores with phenotypic data. For instance, one analysis

demonstrated that AI-driven ECG analysis serves as a practical

and cost-effective means of predicting AF risk and onset,

capturing lifetime cardiac variations, whereas genomics offers a

more static risk profile; the combination of the two facilitates

“truly individualised care” that transcends the average patient

model (96).

This might mean an AI model uses a patient’s ECG and blood

biomarkers to detect subtle signs of atrial remodelling while

incorporating their genetic predisposition to refine risk and guide

preemptive therapy (97). However, a meta-analysis indicated that

AF prediction using AI is still underdeveloped, though DL

techniques are becoming increasingly accurate. Nevertheless,

these methods are not being applied as frequently as expected (98).

Challenges and research opportunities

Achieving personalised AF management with AI faces several

hurdles. One is data silos – the need to gather comprehensive

datasets that include outcomes of different management

strategies in diverse patient profiles. Collaborative consortia and

data-sharing with privacy protections could help amass enough

data for robust personalised models. Another challenge is

interpretability: Clinicians will require understandable

explanations for why an AI recommends a personalised

approach. Research into explainable AI for personalised medicine

is, therefore, critical (99, 100). Furthermore, prospective trials are

needed to test AI-guided personalised management: for example,

an algorithm might propose varying treatment strategies for

TABLE 3 Main evidence on AI-assisted treatment in atrial fibrillation.

Study/Author (year) AI Application Population Main findings

Ngufor et al. (81) Personalized

anticoagulation vs. LAAO

744,190 AF patients AI model identifies optimal stroke prevention therapy, highlighting

patients benefiting most from DOAC or LAAO

Kim et al. (94) AI use in guiding rhythm

management

≈ 42,000 AF patients Healthcare systems using algorithms for AF rhythm management must

balance prediction accuracy with model interpretability

Liu et al. (85) Catheter ablation strategy 521 patients undergoing PAF

ablation

DL predicted non-PV triggers with 82% accuracy (88% specificity, 64%

sensitivity)

Deisenhofer et al.

(TAILORED-AF Trial) (95)

AI-guided catheter ablation 370 persistent AF patients (AI

tailored arm, n = 187)

AI-guided ablation plus standard PVI improved 12-month AF-free rates

(88% vs. 70%, p < 0.0001)

Bahlke et al. (90) ML-guided DISPERS

ablation software

50 persistent AF undergoing

ablation

ML-assisted ablation software reduced long-term recurrence rates

compared to standard PVI

Sanchez de la Nava et al. (87) Antiarrhythmic drug

selection

127 AF patient models AI predicted patient-specific drug responses in silico

Seitz et al. (89) Standardization of ablation

outcomes

85 persistent AF patients AI software standardized electrogram-based ablation across multiple

operators and platforms

AF, atrial fibrillation; AI, artificial intelligence; DL, deep learning; DOAC, direct oral anticoagulants; LAAO, left atrial appendage occlusion; ML, machine learning; PVI, pulmonary vein

isolation; PV, pulmonary vein; PAF, paroxysmal atrial fibrillation.
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patients based on their cluster phenotype – testing this against

usual care will show if personalisation via AI improves outcomes

like AF recurrence or quality of life. If successful, these

approaches could pave the way to truly precision cardiology,

where every AF patient’s management is dynamically tailored by

AI insights drawn from patients “like them” in large databases.

The role of AI in remote monitoring
and patient adherence

Remote monitoring technologies for AF allow continuous or

frequent rhythm surveillance outside the clinic. AI plays a vital role

in interpreting the large volume of data generated by remote

monitoring devices. Smartwatches and patches can detect

arrhythmias in real time, but AI algorithms must distinguish true

AF episodes from noise or benign irregularities (101). When

deployed effectively, AI-driven remote monitoring can alert

clinicians to AF onset or recurrence, enabling earlier intervention

(68). Studies have demonstrated that mobile health interventions

for AF can reduce healthcare utilisation combined with algorithmic

monitoring. In one cluster trial, patients supported by a mobile app

and wearables had significantly lower rehospitalisation and adverse

event rates than those with standard care (38). Another study

showed that contactless AI monitoring could accurately detect AF

without any wired device (102, 103). This sets the stage for

futuristic remote surveillance methods that are seamless for patients.

A critical aspect of remote AF management is ensuring patients

adhere to monitoring and therapy. AI can assist here through

personalised feedback and coaching. For example, smartphone

apps with a conversational “relational agent” have been piloted to

engage AF patients daily, provide education, and encourage

medication adherence. In a 120-patient trial, those randomised to

a 30-day smartphone app with an AI-driven virtual coach and a

portable ECG monitor showed significant improvements in

adherence and quality of life compared to controls (104). This

suggests that AI can help close the gap between detecting AF

and prompting patients to act, including taking medications and

contacting healthcare providers. Nonetheless, challenges remain:

Large-scale screening studies found that some people ignored or

delayed responding to AF alerts on their devices (37). This

highlights that technology alone is insufficient; behavioral science

must be integrated into AI systems.

Future research should explore adaptive notification systems

that adjust the urgency and style of alerts based on patient

behavior patterns to avoid alarm fatigue while conveying

importance (105). AI might predict which patients are at risk of

non-adherence. This can be done by analysing their past

application usage, heart rate trends, or speech patterns in

consultations (106). Combining remote monitoring AI with

telemedicine services is another promising avenue. If an

algorithm detects AF, it could automatically schedule a telehealth

visit or message a healthcare provider, streamlining the response.

AI can turn passive remote monitoring into an active, responsive

system that detects AF, facilitates prompt management, and

keeps patients engaged in their care.

Explainability and ethical concerns in
AI-based AF detection and treatment

Many AI models, especially DL, are often criticised as “black

boxes” – they make predictions (AF detected or stroke risk high)

without an easily interpretable rationale. In the context of AF,

lack of explainability can hinder clinician trust and adoption.

Researchers have started integrating explainable AI (XAI)

techniques into their models to address this. For instance, one

study converted PPG pulse data into images and used a

convolutional neural network to classify AF; importantly, they

incorporated XAI methods to highlight which signal features

contributed to the classification, providing transparency to

clinicians (107). The resulting model achieved 100% accuracy in

distinguishing AF from normal rhythm while ensuring the

decision process was interpretable. Such approaches allow

physicians to verify that the AI detects physiologically relevant

patterns (like irregular RR intervals or fibrillatory waves) rather

than spurious noise. Explainability is equally crucial in AI-driven

treatment recommendations – doctors need to understand why

an algorithm favors a particular therapy for a patient (perhaps

due to that patient’s combination of age, stroke risk, and prior

haemorrhage history) to feel comfortable following the advice

(108). Developing user-friendly visualisation tools and

explanation summaries for AI outputs is an active area of

research that will make AI more ethically and clinically palatable.

The use of AI in AF raises several ethical considerations. Patient

data privacy is paramount, as AI models often require large datasets

(ECGs, wearable records, and health records) that may contain

sensitive information. Ensuring compliance with privacy regulations

and using data anonymisation or federated learning (where data

stay at hospital sites and only model updates are shared) can

mitigate privacy risks (73). Bias is another concern – if an AI

model is trained mostly on certain demographics, it may perform

less accurately for underrepresented groups, potentially exacerbating

healthcare disparities. For example, an algorithm trained

predominantly on younger patients might miss AF in the elderly

or vice versa. Researchers have pointed out that algorithms must

consider social determinants of health and diverse patient attributes

to avoid bias (109). Ongoing efforts to use diverse training datasets

and to audit algorithms for fairness are critical (110). Additionally,

there is the ethical question of handling false positives/negatives: a

false positive AF alert can cause anxiety and unnecessary testing,

while a false negative might give false reassurance. Striking the

right balance in algorithm sensitivity is partly a clinical value

judgment. Some ethicists have raised concerns about widespread

consumer AF screening being promoted without clear guidance,

potentially putting users at risk of over-treatment or anxiety for the

sake of tech company marketing (111, 112).

Several strategies are recommended to ensure that AI in AF is

used responsibly. First, ethicists and patient representatives should

be involved early in developing AI tools to identify concerns such

as consent and data ownership. Second, incorporate the core

principles of biomedical ethics: beneficence (the AI should

demonstrably assist patients), nonmaleficence (minimising harm

from errors), autonomy (patients should control how their data
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are used and be informed about AI’s involvement in their care),

and justice (equitable access to the benefits of AI) (113, 114).

Specifically, this could mean providing patients with a

straightforward opt-in/out option for data sharing and ensuring

that AI tools are accessible in community hospitals, not just

academic centres. Third, maintain a human-in-the-loop

approach: AI should support, rather than replace, clinician

decision-making, and clinicians should override or question AI

when it conflicts with clinical judgment or patient preferences

(115). The medical community can harness their advantages

while upholding high ethical standards by making AI systems

transparent, secure, and patient-centred. AI-driven precision

medicine in AF must move beyond purely clinical or algorithmic

outputs to incorporate patients’ own perceptions of safety and

autonomy—factors deeply influenced by cultural background,

previous healthcare experiences, and psychosocial context.

Overreliance on binary risk models or population-level

predictions risks marginalising patient values and eroding trust.

Ethically grounded AI must therefore embed principles of shared

decision-making, allowing patients to weigh algorithmic

recommendations against their personal goals and beliefs. This

includes providing transparent explanations of AI outputs and

fostering cultural competence in both data design and clinical

implementation to support genuinely patient-centred care.

Challenges in implementing AI for AF
in clinical practice

Despite the increasing research, there is a recognised gap

between AI models developed in laboratories and the tools that

physicians use at the bedside. One significant challenge is

rigorous clinical validation (116). Many AI algorithms for AF

detection or risk prediction have been tested retrospectively or on

limited datasets (117, 118); few have been evaluated in

prospective clinical trials or real-world practice settings. Without

evidence that AI improves patient outcomes or workflow,

healthcare providers may hesitate to adopt these tools. Regulatory

approval pathways for AI in medicine are evolving – algorithms

may require clearance as medical devices, and there are questions

about how to regulate AI systems that continuously learn and

update. Obtaining regulatory approval can be complex and time-

consuming, particularly if an AI’s decision-making logic is not

easily interpretable to regulators.

Implementing AI in daily practice also presents logistical

challenges. Hospitals must integrate AI software with electronic

health record systems and device data streams, ensuring reliability

and cybersecurity. Clinicians experience alert fatigue from existing

monitoring systems; introducing AI alerts or recommendations

could further burden them if not carefully designed (119).

Therefore, human factors engineering is essential – AI tools must

be intuitive, with concise and relevant outputs. Clinician training is

another crucial aspect: cardiologists and general practitioners will

require a fundamental understanding of how the AI operates and

its limitations to use it effectively and maintain trust in the system

(120). At the practice level, some resistance to new technology is

natural; early adopters must advocate for successful use cases to

persuade their peers of AI’s potential value. High-quality data is

the fuel for AI, and data can often be messy in practice. AF-related

data frequently resides in disparate sources and may lack

standardisation. As noted in the review article by Popat et al.,

variability and heterogeneity in data and methods have led to the

inconsistent performance of AI tools across studies (73). This

suggests that an AI model may not generalise effectively without

standard data formats and solid data governance when

implemented in a different hospital or demographic. Initiatives

such as establishing shared data repositories and adopting common

standards for documenting arrhythmia data can be beneficial.

Another obstacle is the computational infrastructure – not all

clinics can execute advanced AI algorithms in real time. Cloud-

based solutions could alleviate this issue; however, data security

and latency concerns may occur.

To bridge these gaps, researchers and healthcare systems are

beginning to collaborate on implementing science for AI. This

includes pilot programmes where AI tools are introduced in a

controlled manner, and their impact on decision-making,

outcomes, and clinician workload is measured. Feedback from

these pilots can guide iterative improvements. Additionally, clear

guidelines from professional societies on how to incorporate AI

into AF management (when to trust an AI-detected AF episode

or how to use an AI risk score in anticoagulation decisions) will

provide reassurance and standardisation (121). Addressing

implementation challenges will ultimately require a

multidisciplinary approach, with data scientists, information

technology specialists, clinicians, and administrators working

together to ensure that AI for AF is accurate, useful, and

seamlessly embedded in care delivery.

Future directions for AI research in AF

The intersection of AI and AF management is a rapidly

evolving field with several exciting avenues for future research to

address current gaps. A clear need exists for developing

standardised, well-annotated datasets for AF. Future research

could focus on building large, shared databases of ECGs

(including those in sinus rhythm and AF), patient outcomes, and

imaging data, which would enable more robust model training

and validation. International collaborations and data-sharing

agreements, employing privacy-preserving techniques, will

expedite this progress and minimise duplication of effort.

Integrating various data modalities presents a promising research

frontier. AF is a multi-factorial disease; thus, combining multi-

modal data in AI models may yield new insights. For instance,

researchers could develop models that input ECG signals, cardiac

MRI scans, genetic information, lab results, and wearable activity

logs to provide a comprehensive risk assessment or guide

therapy. Initial efforts to combine ECG-based AI with genomics

have demonstrated the potential for more precise predictions

(96). Future studies will likely build on this by including

proteomics or metabolomics to capture substrate changes in AF.

Such comprehensive models could, for example, predict which
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patients will respond to upstream therapies, such as aggressive risk

factor management or anti-inflammatory treatment, based on their

unique biomarker signature.

With the proliferation of wearable devices, one future direction is

to deploy AI algorithms that operate in real time on device data.

A smartwatch could detect AF and predict when an episode is

likely to occur based on recent trends, alerting the patient to take

preventive actions, such as performing a breathing exercise or

taking a pill (122). Research into lightweight AI models that can

run on wearable hardware or smartphones for continuous

monitoring without relying on cloud servers will be crucial for

responsive and scalable AF management. Future AI research may

also contribute to the development of new treatments for AF. By

analysing large datasets of drug responses, AI could aid drug

discovery by identifying novel molecules or repurposing existing

medications that might effectively treat AF. An AI-driven

“autopilot” for PVI is on the horizon. These include algorithms

capable of guiding catheters during ablation with minimal human

input, optimising lesion placement and duration in real time based

on patient-specific atrial anatomy and electrophysiology (89).

Preliminary steps in this direction, such as AI mapping of

electrical rotors or lesion assessment through imaging, warrant

further investigation exploration. As AI systems become more

complex, a parallel research priority is enhancing their

explainability and user trust. Future AI models for AF might

incorporate built-in explanation modules that translate their

complex computations into cardiologist-friendly explanations,

highlighting which part of a P wave or what clinical factor led to a

high-risk prediction. Measuring and improving clinician trust in

AI recommendations will likely become a research topic, possibly

by testing different explanation strategies in user studies. This also

ties into medicolegal considerations – defining how responsibility

is shared between AI tools and human providers – which may be

informed by research in ethics and legal frameworks.

Finally, the ultimate test for any AI application is demonstrating

improved patient outcomes. Future research must include

prospective, randomised trials where AI-guided care is compared

to standard care in AF. These trials could examine endpoints like

reduced AF burden, hospital admissions, stroke rates, or improved

quality of life. For example, a trial might randomise clinics to use

an AI-guided AF screening and management protocol vs. usual

guideline-based management to see if the AI arm achieves better

outcomes. Additionally, health economics research should evaluate

the cost-effectiveness of AI interventions. Positive results will be

key to convincing guidelines committees and payers to endorse AI

tools in routine AF care (19). A summary of AI use in diagnosing,

classifying and treating AF is demonstrated in Figure 2. The main

take-home messages from this review, covering diagnostic,

therapeutic, ethical, and implementation aspects of AI in AF

management, are summarised in Table 4.

Conclusion

In conclusion, AI holds immense potential to transform AF

detection and management—from identifying the arrhythmia

earlier and more accurately to personalising therapy decisions

and continuously supporting patients in their daily management.

The existing literature provides a robust foundation but also

highlights gaps, such as inconsistent tool performance and

FIGURE 2

Summary of artificial use in the diagnosis and treatment of atrial fibrillation. AF,atrial fibrillation; AI, artificial intelligence; ECG, electrocardiogram.
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limited clinical validation. By focusing on the identified research

directions—enhancing data quality, ensuring ethical

implementation, and rigorously testing AI in practice—the next

wave of studies can help realise AI’s promise in atrial fibrillation.

In the coming years, we will see AI progress from exploratory

trials into integrated clinical practice, ultimately improving

outcomes and quality of life for patients with AF, provided we

address the challenges and learn from ongoing research at every

step. Despite promising advancements across detection, risk

stratification, treatment optimisation, and remote monitoring, the

clinical implementation of AI in AF remains hindered by a

persistent lack of large-scale prospective RCT evidence. This

limitation, common across many AI applications in medicine,

highlights the need for rigorous validation to establish real-world

efficacy, safety, and cost-effectiveness. Addressing this evidence

gap through well-designed, multi-centre RCTs will be essential

for translating AI innovations into routine clinical practice.
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Background: Timely and accurate detection of arrhythmias from 

electrocardiograms (ECGs) is crucial for improving patient outcomes. While 

artificial intelligence (AI)-based ECG classification has shown promising 

results, limited transparency and interpretability often impede clinical adoption.

Methods: We present ECG-XPLAIM, a novel deep learning model dedicated to 

ECG classification that employs a one-dimensional inception-style 

convolutional architecture to capture local waveform features (e.g., waves 

and intervals) and global rhythm patterns. To enhance interpretability, we 

integrate Grad-CAM visualization, highlighting key waveform segments that 

drive the model’s predictions. ECG-XPLAIM was trained on the MIMIC-IV 

dataset and externally validated on PTB-XL for multiple arrhythmias, including 

atrial fibrillation (AFib), sinus tachycardia (STach), conduction disturbances 

(RBBB, LBBB, LAFB), long QT (LQT), Wolff-Parkinson-White (WPW) pattern, 

and paced rhythm detection. We evaluated performance using sensitivity, 

specificity, and area under the receiver operating characteristic curve 

(AUROC), and benchmarked against a simplified convolutional neural 

network, a two-layer gated recurrent unit (GRU), and an external, pre-trained, 

ResNet-based model.

Results: Internally (MIMIC-IV), ECG-XPLAIM achieved high diagnostic 

performance (sensitivity, specificity, AUROC > 0.9) across most tasks. External 

evaluation (PTB-XL) confirmed generalizability, with metric values exceeding 

0.95 for AFib and STach. For conduction disturbances, macro-averaged 

sensitivity reached 0.90, specificity 0.95, and AUROC 0.98. Performance for 

LQT, WPW, and pacing rhythm detection was 0.691/0.864/0.878, 0.773/ 

0.973/0.895, and 0.96/0.988/0.993 (sensitivity/specificity/AUROC), respectively. 

Compared to baseline models, ECG-XPLAIM offered superior performance 

across most tests, and improved sensitivity over the external ResNet-based 

model, albeit at the cost of specificity. Grad-CAM revealed physiologically 

relevant ECG segments influencing predictions and highlighted patterns of 

potential misclassification.
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Conclusion: ECG-XPLAIM combines high diagnostic performance with 

interpretability, addressing a key limitation in AI-driven ECG analysis. The open- 

source release of ECG-XPLAIM’s architecture and pre-trained weights 

encourages broader adoption, external validation, and further refinement for 

diverse clinical applications.

KEYWORDS

arrhythmia, electrocardiogram, artificial intelligence, deep learning, machine learning, 

cardiac signals, explainability

1 Introduction

Accurate arrhythmia detection from electrocardiogram (ECG) 

recordings is crucial for early intervention, particularly for life- 

threatening conditions such as atrial fibrillation, conduction 

disturbances, and other arrhythmic syndromes. If left 

undiagnosed or untreated, these conditions can lead to severe 

complications that adversely affect patient morbidity and 

mortality. For instance, atrial fibrillation increases the risk of 

stroke fivefold (1), while Wolff-Parkinson-White syndrome, long 

QT syndrome, and other arrhythmic disorders markedly raise 

susceptibility to fatal cardiac events (2). Despite the importance 

of prompt diagnosis, ECG interpretation is highly specialized; 

underdiagnosis rates exceeding 50% are reported among non- 

cardiologists, varying with disease, population, and clinical 

setting (3). This highlights the pressing need for automated 

diagnostic tools that can support clinicians, reduce human error, 

and improve arrhythmia detection rates.

Artificial intelligence (AI) and deep learning (DL) have emerged 

as powerful tools capable of automating ECG analysis, achieving high 

accuracy even in detecting atypical cases. These models can recognize 

complex patterns in ECG signals, often outperforming rule-based 

algorithms and, in some scenarios, surpassing human expertise 

(4–7). Nonetheless, significant challenges remain. Existing DL 

models frequently overlook the unique attributes of ECG signals— 

which exhibit both repetitive waveforms and global rhythmic 

patterns—requiring both local (wave- and interval-level) and global 

(rhythm-level) analysis (8, 9). Additionally, many proposed methods 

are closed-source, limiting adaptation to specialized clinical 

applications and generalization across diverse populations (10, 11). 

Another critical concern is the interpretability of AI-driven 

decisions; clinicians must understand model reasoning before 

relying on these tools for patient care (12–14). Explainable AI (XAI) 

techniques, including Grad-CAM (15, 16), highlight the salient ECG 

waveform features that contribute most to the model’s decisions, 

thus improving interpretability. However, relatively few ECG- 

focused architectures combine robust performance with built- 

in explainability.

In this study, we introduce ECG-XPLAIM—an eXPlainable, 

Locally-adaptive Artificial Intelligence Model designed for ECG 

classification. By leveraging a deep inception-style convolutional 

architecture (17), ECG-XPLAIM is well-suited for time-series data 

analysis where capturing temporal dependencies is essential. The 

model further integrates XAI principles (13), aligning its decision- 

making process with the clinical reasoning that underpins ECG 

interpretation. Trained on large-scale ECG datasets to ensure 

scalability and broad clinical applicability, ECG-XPLAIM is also 

released as open-source, complete with pre-trained weights. The 

open framework facilitates external validation, transfer learning, and 

customization for specialized tasks. Overall, our work aims to 

advance interpretable machine learning in healthcare, offering a 

framework that balances high diagnostic performance with 

transparency and adaptability, thereby enhancing trust in AI-driven 

ECG diagnostics.

2 Materials and methods

2.1 Study population and data sources

We employed two large-scale, publicly available ECG datasets 

for model development and evaluation: MIMIC-IV and PTB-XL 

(18–20). MIMIC-IV contains over 800,000 12-lead ECG 

recordings, while PTB-XL comprises more than 25,000 12-lead 

ECG records, each sampled at 500 Hz for a uniform duration of 

10 s (Figure 1). The raw waveform data were used without 

additional preprocessing, aside from replacing missing values 

with zeros. To evaluate the impact of conventional ECG 

preprocessing, additional experiments applied a 0.5–40 Hz 

Butterworth bandpass filter and a 50 Hz notch filter prior to 

training and inference, while keeping all other parameters 

identical (see Supplementary Section S4). Demographic and 

patient-specific metadata were deliberately excluded from the 

training process to focus exclusively on ECG waveforms and to 

minimize bias related to patient characteristics.

2.2 Diagnostic labels and outcome 
selection

We defined five classification tasks, each of them corresponding 

to a clinically significant arrhythmic category (Table 1). The first task 

(tachycardia—TACHY) involved distinguishing atrial fibrillation 

(AFib) from sinus tachycardia (STach). The second task focused 

on detecting conduction disturbances (CD), encompassing right 

bundle branch block (RBBB), left bundle branch block (LBBB), 

and left anterior fascicular block (LAFB). The remaining tasks 

targeted the identification of long QT (LQT), the detection of 

Wolff-Parkinson-White (WPW) pattern, and the recognition of 

paced (PACE) rhythms.
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Labels were derived from structured diagnostic reports and 

automated ECG annotations provided within the source 

databases (a detailed list of key terms is presented in the 

Supplementary Section S1). Negative samples for each task were 

defined by the absence of the corresponding arrhythmic 

condition but could include other pathologies unrelated to the 

primary label. Overlapping conditions (for example, AFib 

coexisting with LQT or WPW overlapping with LBBB) were not 

excluded to reGect the complexity of real-world ECG 

interpretations. A manual review of the entire PTB-XL test 

subset, and an additional random 10% of the MIMIC-IV dataset 

was performed by expert clinicians to validate labeling accuracy. 

Agreement with database-provided labels was quantified using 

Cohen’s kappa with bootstrapped CIs (Supplementary Section S5).

2.3 Model design and explainability 
mechanism

We developed ECG-XPLAIM using a custom Inception- 

style convolutional neural network (CNN) architecture, 

designed for time-series analysis (17, 21). This framework 

captures both local waveform features (e.g., P, QRS, and 

T waves and intervals) and global rhythm patterns, such as 

irregularities that underlie arrhythmias. The model comprises 

three residual blocks, each containing two one-dimensional 

Inception modules. Within each module, three convolutional 

kernels of lengths 2, 10, and 40 data points (corresponding to 

4, 20, and 80 ms at 500 Hz sampling frequency) operate 

in parallel. The outputs of these parallel paths are 

concatenated before being fed into the subsequent layer. By 

incorporating skip connections, we preserved signal integrity 

and avoided feature degradation as the network depth 

increased (Figure 2). The receptive field expands 

progressively, roughly doubling after each block, which allows 

ECG-XPLAIM to detect both brief waveform and broader 

rhythm disturbances. This emphasizes high sensitivity for 

transient lesions while maintaining robust generalization 

across diverse ECG patterns.

To enhance interpretability, we integrated a customized 

one-dimensional Gradient-weighted Class Activation 

Mapping (Grad-CAM) mechanism tailored for multi-lead 

FIGURE 1 

Visualization of a 12-lead normal electrocardiogram sample from the MIMIC-IV database.

TABLE 1 Arrhythmia classification tasks and definitions.

Task Diagnostic labels Details

TACHY (Tachyarrhythmias) AFib vs. STach vs. Nega Differentiates AFib, characterized by irregular RR intervals and absent P-waves, from STach, which exhibits 

regular RR intervals with elevated heart rates. The Neg class includes ECGs that do not show these 

tachyarrhythmias.

CD (Conduction Disturbances) RBBB vs. LBBB vs. LAFB 

vs. Nega

Detects bundle branch blocks based on QRS complex morphology and duration. RBBB is marked by a 

prolonged QRS (>120 ms) with an rSR’ pattern in V1, LBBB by a broad QRS with deep S waves in V1, and 

LAFB by left-axis deviation and qR pattern in aVL. The Neg group excludes these conditions.b

LQT (Long QT) LQT vs. Nega Identifies prolonged QT intervals, measured using standard correction formulas.

WPW (Wolff-Parkinson- 

White) pattern

WPW pattern vs. Nega Detects pre-excitation patterns characterized by short PR intervals, delta waves, and wide QRS complexes, 

which indicate an accessory conduction pathway.

PACE (Paced rhythm) Paced rhythm vs. Nega Identifies cardiac pacing (atrial and/or ventricular), marked by pacemaker spikes preceding P-waves and/or 

QRS complexes, respectively.

AFib, atrial fibrillation; LAFB, left anterior fascicular block; LBBB, left bundle branch block; LQT, long QT; RBBB, right bundle branch block; STach, sinus tachycardia; WPW, Wolff- 

Parkinson-White pattern.
aNeg, the negative class within each task does not necessarily represent normal ECGs—it may include other non-target arrhythmias or abnormalities.
bLeft posterior fascicular block (LPFB) was excluded due to limited representation in the dataset.
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ECGs (15). This approach generates activation heatmaps that 

highlight the waveform regions most inGuential for the 

model’s predictions. By aggregating lead-specific Grad-CAM 

maps across all 12 leads, ECG-XPLAIM provides a 

comprehensive view of its decision-making. We overlayed 

these heatmaps on the raw ECG traces to underline clinically 

relevant features such as the presence or absence of P-wave 

and their morphology, QRS complex widening, and RR 

interval variations.

2.4 Training and evaluation strategies

We trained ECG-XPLAIM on the MIMIC-IV dataset and then 

evaluated internally on independent cohorts from the same 

dataset, while also testing externally on PTB-XL. To address 

class imbalance, the maximum number of samples per class was 

capped at 50,000, except for WPW detection, where data 

scarcity necessitated a 1:2 positive-to-negative ratio (600 vs. 

1,220 samples). For AFib vs. STach vs. Negative, 50,000 samples 

FIGURE 2 

ECG-XPLAIM architecture. The model consists of three sequential Inception blocks optimized for time-series ECG analysis. Each block contains two 

repeated Inception modules, each incorporating three parallel one-dimensional convolutional filters with multiple channels. These filters, with 

receptive field lengths of 2, 10, and 40 data points, capture fine-grained, intermediate, and long-range ECG features, respectively. At the end of 

each module, the outputs are concatenated and passed to the next layer. The input dimensions are 12 (number of leads) * 5,000 (10-s recordings 

at a 500 Hz sampling rate), while the output depends on the classification task. ADD, addition layer; BN, batch normalization layer; C, one- 

dimensional convolutional layer; CONCAT, concatenation layer; ch, channels; FC, fully connected (dense) layer; GAP, global average pooling 

layer; MP2, max pooling layer with pool size 2; N, number of data points; Sigmoid, Sigmoid activation function.
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were used per class. For RBBB, LBBB, LAFB, and Negative, 25,000 

were assigned to each category. For LQT vs. Negative, 39,000 

samples per class were used, and for PACE vs. Negative, 30,000 

per class were retained. Distinct training, validation, and test 

subsets were prepared to avoid overlapping. As an illustrative 

experiment, we further fine-tuned the pre-trained MIMIC-IV 

model on varying fractions of PTB-XL (0%, 5%, 10%, 20%, 

50%) and evaluated it on the remaining data (Supplementary 

Section S6). This setup is included to demonstrate feature 

transferability, while it is not part of our primary claims, since it 

does not fulfill the requirement for independence of the external 

dataset (22).Training was performed in mini-batches using 

TensorFlow/Keras on an NVIDIA L4 GPU (24GB VRAM) for 

100 epochs without early stopping. We adopted the Adaptive 

Moment Estimation (ADAM) optimizer (23), with an initial 

learning rate of 0.01, subject to exponential decay (0.95 per 

epoch). The batch size was 128 for most tasks but reduced to 32 

for WPW detection due to fewer positive samples. We selected 

the optimal checkpoint based on validation metrics during 

training to minimize overfitting.

2.5 Diagnostic performance and statistical 
analysis

We evaluated model performance using sensitivity (recall), 

specificity, and area under the receiver operating characteristic 

curve (AUROC), estimating 95% confidence intervals (CIs) for 

each metric. Internal assessment took place on the MIMIC-IV 

test set, whereas external evaluation was performed on the PTB- 

XL cohort, ensuring no overlap with training data. CIs for 

sensitivity and specificity were computed using the Clopper- 

Pearson exact method (24), and AUROC CIs were derived via 

DeLong’s method (25). We also evaluated task-wise operating 

points suitable for screening (maximizing sensitivity) and 

diagnostic confirmation (maximizing specificity), by scanning 

model decision thresholds from 0.0 to 1.0, at 0.1 increments, 

and reporting macro-averaged sensitivity/specificity pairs.

To establish benchmark comparisons, we trained two deep 

learning baselines under identical conditions. First, we 

implemented a conventional one-dimensional CNN model 

(vanilla CNN) with three standard convolutional layers followed 

by batch normalization and max pooling. Second, we applied a 

more advanced, double-layered, gated recurrent unit (GRU) 

architecture, designed for time-series feature extraction 

(implementation details are provided in Supplementary Section 

S2) (26). We also compared against an external, pre-trained, 

ResNet-based deep network that had been previously validated 

for 12-lead ECG classification (27). This external model was 

adapted to match our sampling frequency, lead configuration, 

and data settings. As the commonly supported diagnostic 

categories were only four (AFib, STach, RBBB, and LBBB), 

comparisons were restricted to these conditions.

We performed pairwise statistical analyses between ECG- 

XPLAIM and the counterpart models, across all classification 

tasks, to identify significant differences in performance. We used 

McNemar’s test to compare model sensitivity and specificity (28, 

29), and applied bootstrap resampling (n = 1,000) to compare 

AUROC differences (30), employing a significance threshold of 

0.05. To assess interpretability, we generated Grad-CAM 

heatmaps for correctly classified and misclassified recordings, 

examining which waveform components informed the model’s 

predictions. We compared these heatmaps across all tasks, 

offering insight into potential biases and failure modes.

3 Results

3.1 Diagnostic performance evaluation

3.1.1 Internal evaluation

ECG-XPLAIM demonstrated robust classification 

performance across all arrhythmia detection tasks in the 

MIMIC-IV test set (Table 2). For tachyarrhythmia classification, 

it achieved a sensitivity of 0.897 (95% CI: 0.876–0.915) for AFib, 

and 0.95 (95% CI: 0.935–0.963) for STach. Specificity and 

AUROC values were greater or equal to 0.94 and 0.98, 

respectively. When detecting conduction disturbances (RBBB, 

LBBB, and LAFB), the model yielded macro-averaged sensitivity, 

specificity, and AUROC of 0.941, 0.972, and 0.993, respectively, 

demonstrating consistent performance across these abnormalities.

ECG-XPLAIM achieved a sensitivity of 0.93 (95% CI: 0.912– 

0.945) and specificity of 0.897 (95% CI: 0.876–0.915) for LQT 

detection, with an AUROC of 0.969 (95% CI: 0.962–0.977). For 

WPW pattern, it attained a sensitivity of 0.99 (95% CI: 0.946–1) 

and specificity of 0.95 (95% CI: 0.887–0.984), translating to an 

AUROC of 0.992 (95% CI: 0.980–1). PACE detection yielded a 

sensitivity of 0.927 (95% CI: 0.909–0.942) and specificity of 

0.983 (95% CI: 0.973–0.99), with an AUROC of 0.985 (95% CI: 

0.979–0.99). Overall, macro-averaged AUROC values exceeded 

0.96 for all tasks in the internal evaluation, as illustrated 

in Figure 3.

3.1.2 External evaluation
Evaluation on PTB-XL, which was not used during model 

development, confirmed the strong generalizability of ECG- 

XPLAIM for most arrhythmias (Table 2). In AFib and STach 

classification, sensitivity values were 0.954 (95% CI: 0.942–0.964) 

and 0.956 (95% CI: 0.940–0.969), respectively, with specificity of 

0.964 (95% CI: 0.955–0.971) and 0.974 (95% CI: 0.967–0.979), 

and AUROC of 0.988 (95% CI: 0.984–0.991) and 0.991 (95% CI: 

0.988–0.994). Conduction disturbance detection remained 

similarly robust, with RBBB identified at a sensitivity of 0.996 

(95% CI: 0.986–1) and specificity of 0.966 (95% CI: 0.959– 

0.972). Although LBBB achieved a sensitivity of 0.99 (95% CI: 

0.977–0.997), its specificity was lower at 0.927 (95% CI: 0.918– 

0.936). LAFB exhibited a reduced sensitivity of 0.714 (95% CI: 

0.691–0.736), but maintained a high specificity of 0.962 (95% 

CI: 0.954–0.970).

LQT detection showed a modest decline in performance 

compared to internal evaluation, with a sensitivity of 0.691 (95% 

CI: 0.596–0.776), specificity of 0.864 (95% CI: 0.785–0.922), and 
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TABLE 2 Diagnostic performance of ECG-XPLAIM in internal and external evaluation.

Task Internal evaluation (MIMIC-IV) External evaluation (PTB-XL)

Sensitivity Specificity AUROC Sensitivity Specificity AUROC

TACHY

AFib 0.897 (0.876, 0.915) 0.939 (0.928, 0.949) 0.976 (0.97, 0.981) 0.954 (0.942, 0.964) 0.964 (0.955, 0.971) 0.988 (0.984, 0.991)

STach 0.95 (0.935, 0.963) 0.978 (0.97, 0.984) 0.995 (0.992, 0.997) 0.956 (0.94, 0.969) 0.974 (0.967, 0.979) 0.991 (0.988, 0.994)

macro-avg 0.924 0.958 0.987 0.955 0.969 0.99

CD

RBBB 0.95 (0.938, 0.961) 0.974 (0.967, 0.98) 0.994 (0.992, 0.997) 0.996 (0.986, 1) 0.966 (0.959, 0.972) 0.994 (0.992, 0.997)

LBBB 0.945 (0.929, 0.958) 0.982 (0.976, 0.986) 0.995 (0.993, 0.998) 0.99 (0.977, 0.997) 0.927 (0.918, 0.936) 0.99 (0.987, 0.993)

LAFB 0.928 (0.913, 0.941) 0.961 (0.953, 0.968) 0.989 (0.985, 0.992) 0.714 (0.691, 0.736)* 0.962 (0.954, 0.97) 0.946 (0.939, 0.953)

macro-avg 0.941 0.972 0.993 0.9 0.952 0.977

LQT 0.93 (0.912, 0.945) 0.897 (0.876, 0.915) 0.969 (0.962, 0.977) 0.691 (0.596, 0.776)* 0.864 (0.785, 0.922) 0.878 (0.835, 0.922)

WPW 0.99 (0.946, 1) 0.95 (0.887, 0.984) 0.992 (0.98, 1) 0.773 (0.662, 0.862)* 0.973 (0.907, 0.997) 0.895 (0.846, 0.944)

PACE 0.927 (0.909, 0.942) 0.983 (0.973, 0.99) 0.985 (0.979, 0.99) 0.96 (0.928, 0.981) 0.988 (0.965, 0.998) 0.993 (0.985, 1)

AFib, atrial fibrillation; AUROC, area under the receiver operating characteristic; CD, conduction disturbance task; LAFB, left anterior fascicular block; LBBB, left bundle branch block; LQT, 

long QT; Macro-avg, macro-averaged metric; PACE, Paced rhythm; RBBB, right bundle branch block; STach, Sinus tachycardia; TACHY, Tachycardia task; WPW, Wolff-Parkinson- 

White pattern.

Metrics are reported with 95% confidence intervals; The exact number of samples per class for each task is provided in the Supplementary Material; Metrics marked with an asterisk (*) 

indicate values below 0.9 with 95% confidence.

FIGURE 3 

Area under the receiver operating characteristic (AUROC) curves for internal (Int.) and external (Ext.) evaluations, on MIMIC-IV and PTB-XL datasets, 

respectively. The curves are plotted with their corresponding 95% confidence intervals. CD, conduction disturbance task (includes right and left 

bundle branch block, as well as left anterior fascicular block); LQT, long QT detection task; PACE, paced rhythm task; TACHY, tachycardia task 

(includes atrial fibrillation and sinus tachycardia); WPW, Wolff-Parkinson-White pattern.
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an AUROC of 0.878 (95% CI: 0.835–0.922). Detection of WPW 

pattern also revealed a drop in sensitivity to 0.773 (95% CI: 

0.662–0.862), with specificity remaining high at [0.973 (95% CI: 

0.907–0.997)]. Paced rhythm detection achieved a sensitivity of 

0.96 [95% CI: 0.928–0.981)], specificity of 0.988 (95% CI: 0.965– 

0.998), and AUROC of 0.993 (95% CI: 0.985–1).

Overall, while certain conditions (notably LQT and WPW) 

showed reduced sensitivity on the external dataset, AUROC 

values persisted between 0.88 and 0.99 across tasks, confirming 

the model’s strong generalization capabilities (Figure 3).

3.1.3 Supplementary analyses

We explored the effect of preprocessing (bandpass, notch), 

showing minimal or adverse impact on performance 

(Supplementary Table S3). For example, pacing detection 

sensitivity fell when filtering likely attenuated pacing spikes. 

Inter-observer agreement confirmed excellent label quality 

(Cohen’s α ≥ 0.99 across all classes; Supplementary Table S4). 

Transfer learning experiments demonstrated that fine-tuning 

with small PTB-XL fractions could improve sensitivity for some 

tasks (e.g., WPW), but at the cost of specificity for some classes 

such as LQT, consistent with overfitting (Supplementary 

Table S5, Supplementary Figure S3). Threshold scans revealed 

balanced operating points at thresholds 0.4–0.6 for specific tasks, 

such as TACHY, CD and PACE, while for the rest, particularly 

for LQT, context-dependent trade-offs were illustrated 

(Supplementary Table S6).

3.1.4 Explainability analysis
We performed Grad-CAM-based analysis to visualize the 

waveform regions that informed ECG-XPLAIM’s classification 

decisions. The model highlighted clinically meaningful features 

for each arrhythmia, while misclassifications offered insights 

into the model’s potential attention biases, comprising focus on 

specific wave morphology abnormalities and interval duration 

deviations. Figure 4 presents single- or few-lead visualizations of 

selected correctly and incorrectly classified cases, highlighting 

the waveform regions that inGuenced model predictions. A more 

extensive demonstration, including 16 full-lead case studies with 

heatmaps, is available in Supplementary Section S8.

3.2 Performance benchmarking

ECG-XPLAIM outperformed both baselines across most tasks, 

while, compared to the pre-trained model, ECG-XPLAIM 

exhibited superior sensitivity but slightly lower specificity, 

suggesting a tendency to minimize false negatives (Table 3).

In AFib detection, ECG-XPLAIM reached an AUROC of 0.958 

(95% CI: 0.951–0.965), surpassing the vanilla CNN (0.835, 95% CI: 

0.823–0.848) and GRU model (0.951, 95% CI: 0.943–0.958), while 

achieving comparable performance to the external model (0.964, 

95% CI: 0.956–0.971). Sensitivity was 0.964 (95% CI: 0.944– 

0.979), significantly higher or comparable against all baselines, 

and specificity (0.849, 95% CI: 0.835–0.861) was higher than 

CNN and GRU, but slightly lower than the external model. For 

STach, ECG-XPLAIM achieved a sensitivity of 0.966 (95% CI: 

0.946–0.980), a specificity of 0.949 (95% CI: 0.941–0.957), and an 

AUROC of 0.983 (95% CI: 0.979–0.988). Compared to the 

external model, ECG-XPLAIM reported higher sensitivity and 

slightly lower specificity, while AUROC was similar.

In conduction disturbances, ECG-XPLAIM maintained 

superior or comparable performance relative to the CNN and 

GRU baselines in most categories, with a slight exception in 

LAFB, where the GRU displayed a marginally higher AUROC. 

Sensitivity in detecting RBBB and LBBB was significantly higher 

than that of the external model (0.996, 95% CI: 0.986–1 for 

RBBB and 0.988, 95% CI: 0.974–0.996 for LBBB), although 

specificity was somewhat lower. For long QT (LQT) detection, 

ECG-XPLAIM achieved an AUROC of 0.81 (95% CI: 0.797– 

0.823), outperforming the CNN (0.727, 95% CI: 0.713–0.742) 

and GRU (0.675, 95% CI: 0.660–0.691). It also showed higher 

AUROC for WPW (0.863, 95% CI: 0.852–0.874) compared to 

CNN (0.562, 95% CI: 0.546–0.579) and GRU (0.521, 95% CI: 

0.504–0.537), yielding also better sensitivity and specificity. For 

paced rhythm detection, ECG-XPLAIM surpassed both baselines 

in AUROC, with a value of 0.985 (95% CI: 0.981–0.989), while 

delivering a markedly higher specificity than both other models 

and comparable sensitivity. A summary of these comparative 

results is illustrated in Figure 5.

3.3 User experience and integration

To facilitate the adoption and practical utilization of ECG- 

XPLAIM, in both research and clinical environments, we 

provide pre-trained model weights and ready-to-use 

implementations for each classification task. We also provide the 

source code of model architecture, along with detailed 

documentation. A step-by-step user guide has been developed to 

assist clinicians and researchers in utilizing ECG-XPLAIM, 

outlining input formatting requirements, framework 

specifications, inference execution, and interpretation of outputs. 

Additionally, a dedicated Grad-CAM visualization module is 

included to support explainability assessment. This module 

enables users to generate heatmaps themselves that can point to 

ECG regions of importance, providing transparency into the 

model’s decision-making process. By providing these tools and 

resources, we aim to position ECG-XPLAIM as a highly 

accessible, reproducible, and interpretable tool for AI-powered 

ECG analysis, both for clinical application and future research.

4 Discussion

4.1 Summary and interpretation

ECG-XPLAIM is a deep learning model that aims to balance 

high diagnostic accuracy with interpretability in automated ECG 

analysis. Its Inception-style architecture, optimized for time- 

series data, employs multi-scale processing with adaptive 

receptive fields, allowing the detection of short-duration 
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waveform alterations, alongside global rhythm irregularities. 

Unlike traditional deep learning models that act as “black- 

box” classifiers, ECG-XPLAIM incorporates explainability 

mechanisms through one-dimensional Grad-CAM visualization, 

allowing for clinically meaningful interpretations and graspable 

explanations of its predictions.

Performance-wise, ECG-XPLAIM was assessed on held-out 

subsets of the development dataset (MIMIC-IV) for each task, 

where the model achieved metrics over 0.9 for all tasks. Most 

importantly, its diagnostic capability remained consistent on an 

external basis, when validated on the development-independent 

PTB-XL dataset. ECG-XPLAIM retained its competing 

performance, scoring metric values equal to or greater than 0.9 

for most tasks, with only a few exceptions. Notably, certain 

arrhythmias, particularly LAFB, long QT, and WPW pattern, 

posed greater challenges in external evaluation, with sensitivity 

dropping to approximately 0.7–0.8, while specificity and 

AUROC remained consistently high. Additional analyses 

confirmed that introducing conventional signal preprocessing 

(bandpass 0.5–40 Hz, notch 50 Hz) did not materially improve 

performance compared to training on raw signals. In fact, 

pacing detection sensitivity declined under filtering, likely 

because sharp pacemaker spikes were attenuated. These findings 

(Supplementary Table S3) support training on raw signals for 

the primary claims, while providing reproducible code 

for transparency.

This study acknowledges that class imbalance, particularly for 

rare arrhythmias like WPW and LQT, remains a persistent 

challenge in automated ECG interpretation. Imbalances may 

result in reduced sensitivity for these categories and affect 

generalization to broader patient populations. Systematic reviews 

of data augmentation and synthetic signal generation techniques 

FIGURE 4 

Selected correct and misclassified cases. Correctly classified cases (light blue background, upper half): (A) atrial fibrillation (AFib)—Lead II, (B) sinus 

tachycardia—Lead V1, (C) long QT (LQT)—Lead II, (D) right bundle branch block—Lead V1, (E) left bundle branch block—Lead V1, (F) left anterior 

fascicular block (LAFB)—Limb leads, (G) Wolff–Parkinson–White (WPW) pattern—Lead II, (H) paced rhythm (PACE)—Lead V1. Misclassified cases 

(light red background, lower half) with only limb leads shown: (I) AFib—false Positive due to coexisting first-degree AV block (I-AVB), possibly 

leading to P-wave misinterpretation, (J) LQT—false Negative possibly due to unclear/biphasic T-waves preventing accurate QT interval 

measurement, (K) WPW—False Negative where multiple points of interest before the QRS complex cause potential misinterpretation, (L) PACE— 

False Positive due to possible misclassification of a narrow QRS as a pacing spike, (M) LAFB—False Positive where a premature ventricular 

complex is possibly mistaken for a normal beat, leading to axis misinterpretation as LAFB-like.
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FIGURE 5 

Performance bar graphs for specific arrhythmias. Classification performance metrics, including sensitivity, specificity, and area under the receiver 

operating characteristic (AUROC) curve, are displayed for individual arrhythmias. AFib, atrial fibrillation; CNN, convolutional neural network; 

External, external, pre-trained model (27); GRU, gated recurrent unit; LAFB, left anterior fascicular block; LBBB, left bundle branch block; LQT, 

long QT; PACE, paced rhythm; RBBB, right bundle branch block; STach, sinus tachycardia; WPW, Wolff-Parkinson-White pattern.
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suggest that targeted strategies can ameliorate the impact of 

imbalance while enhancing the robustness and fairness of 

diagnostic models (31). To mitigate this, the model training 

employed a maximum cap of 50,000 samples per class where 

feasible, ensuring balanced representation across major 

arrhythmia categories. For WPW detection, due to data scarcity, 

a positive-to-negative sample ratio of approximately 1:12 (600 

positive vs. 1,220 negative samples) was maintained, while LQT 

classification utilized around 39,000 samples per class. Other 

categories such as atrial fibrillation, sinus tachycardia, and 

conduction disturbances had similarly controlled sample sizes, 

with negative classes including non-target arrhythmic 

pathologies to reGect real-world complexity. These efforts aimed 

to limit dominant class bias without aggressive oversampling or 

augmentation. Supplementary analyses suggest that targeted 

augmentation and transfer learning strategies could further 

enhance detection of rare arrhythmias, supporting ongoing 

research in this direction (31).

The performance discrepancy between external and internal 

validation on specific labels, may stem from training set biases, 

class underrepresentation, or even inherent model limitations in 

capturing the subtle waveform characteristics. In particular, the 

reduced sensitivity for LQT (0.691) and WPW (0.773) in PTB- 

XL can be explained by cross-dataset domain shifts (differences 

in lead placement, sampling rates, acquisition chains, and 

annotation criteria), phenotype definition heterogeneity (e.g., 

QT correction formulas), and waveform ambiguity (e.g., when 

borderline QT prolongation or delta-like pre-excitation 

morphologies overlap with ectopy). These considerations 

highlight the importance of dataset-specific calibration and may 

motivate future domain adaptation strategies. Data 

augmentation (31–33), targeted fine-tuning (34), and signal pre- 

processing (35), might help enhance the detection of these 

patterns. Illustrative fine-tuning experiments on PTB-XL (0%– 

50% train/test splits) demonstrated that features transfer 

sufficiently across datasets: WPW AUROC improved steadily 

with additional PTB-XL data, LQT sensitivity spiked with very 

small fractions but at the expense of specificity, and TACHY/ 

CD/PACE performance remained relatively robust. AUROC 

generally increased as more external data were used 

(Supplementary Table S5, Supplementary Figure S3). We 

emphasize that this violates strict external independence, so it is 

not part of our primary claims, but it highlights transfer 

learning as a promising future avenue.

Benchmarking against three counterpart models—a vanilla 

CNN, a more advanced two-layer GRU model, and an external, 

pre-trained ResNet-based architecture—revealed that ECG- 

XPLAIM generally demonstrates competitive performance. ECG- 

XPLAIM consistently outperformed both baseline CNN and 

GRU models, achieving higher sensitivity, specificity, and 

AUROC scores across most tasks. Compared to the external, 

pre-trained model, ECG-XPLAIM demonstrated higher 

sensitivity, leading to a slightly reduced specificity. This 

preference for minimizing false negatives aligns with its 

potential role as a screening tool, where missing critical 

arrhythmias is more concerning than erroneously Gagging some 

normal cases. Benchmarking against such leading architectures 

demonstrates the competitive diagnostic performance of the 

present approach. Importantly, comparison with large-scale 

neural network frameworks for ECG interpretation, such as that 

developed by Ribeiro et al., highlights the added clinical value of 

integrated interpretability, which is increasingly recognized as a 

prerequisite for real-world deployment in cardiology settings (27).

4.2 Clinical applicability and added value

ECG-XPLAIM is designed to integrate seamlessly into clinical 

workGows by prioritizing both diagnostic accuracy and 

interpretability. Its high sensitivity ensures that clinically 

significant arrhythmias are detected early, aiding in timely 

referrals to cardiology specialists and reducing the risk of 

underdiagnosis in severe conditions such as conduction blocks or 

arrhythmias predisposing to ventricular events. Additionally, it 

enhances efficiency in high-throughput diagnostic environments 

by assisting in automated triaging of abnormal ECGs, reducing 

the burden on specialists, offering a fatigue-free screening 

solution, and facilitating early identification of high-risk patients.

Unlike many prior approaches that primarily distinguish 

normal from abnormal ECGs, ECG-XPLAIM focuses on 

challenging arrhythmias and leverages multi-class, overlap- 

tolerant training. Negative classes in each task are not purely 

“normal” recordings but instead exclude only the target 

arrhythmic entity while potentially containing other conditions. 

Consequently, ECG-XPLAIM learns to differentiate subtle, 

overlapping abnormalities—a skill crucial in real-world practice 

where arrhythmias often coexist or mimic one another. 

Furthermore, ECG-XPLAIM was specifically trained on well- 

defined classification tasks, ensuring a balanced representation 

across involved classes and focusing only on arrhythmias that are 

challenging to differentiate. This task-specific design increases its 

applicability in real-world settings, where ECGs often present 

overlapping abnormalities that require fine-grained discrimination.

ECG-XPLAIM represents a highly scalable solution, capable of 

handling large-scale ECG datasets, supporting both high-volume 

batch processing and low-latency real-time inference, making it 

suitable for both retrospective research and live clinical 

deployments. From a technical perspective, it exhibits short 

inference times (4.5–16 milliseconds per 10-s ECG), enabling 

near real-time deployment in edge- or server-based 

infrastructures. The model is open-source, enabling research 

groups to extend its architecture, adapt it for novel classification 

tasks, and implement custom modifications tailored to specific 

clinical needs. The availability of pre-trained weights facilitates 

direct deployment without extensive retraining, while also 

allowing for transfer learning and fine-tuning on new datasets, 

significantly reducing computational costs and making it 

accessible to a broader user base.

An additional threshold analysis (Supplementary Table S6) 

demonstrated how sensitivity and specificity trade-offs evolve 

across thresholds 0.0–1.0. For example, TACHY achieved a 

balanced operating point at 0.4–0.5 (SEN 0.968–0.955, SPE 
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0.952–0.969), CD balanced at 0.5, and PACE maintained excellent 

performance across a wide range of thresholds. In contrast, LQT 

sensitivity dropped steeply as thresholds increased, suggesting 

that lower thresholds (≤0.3–0.4) may be preferable in screening 

contexts, but not for disease confirmation, due to high risk for 

false positives. These findings support the potential for site- 

specific threshold personalization, where operating points can be 

pre-specified depending on whether the model is used for broad 

screening (favoring sensitivity) or confirmatory diagnostics 

(favoring specificity).

More broadly, ECG-XPLAIM fits into the growing role of AI 

in electrophysiology (EP) workGows, which extends beyond ECG 

classification into procedural guidance, ablation planning, and 

arrhythmia risk stratification (36). AI tools are increasingly 

applied for automated mapping of atrial and ventricular 

arrhythmias, predicting catheter ablation outcomes, optimizing 

device programming, and guiding individualized risk assessment 

for sudden cardiac death. Within this framework, ECG-based 

algorithms such as ours provide the critical front-end signal 

interpretation layer: by ensuring reliable, explainable detection 

of arrhythmias and conduction disturbances, ECG-XPLAIM can 

serve as the entry point that feeds into downstream EP 

workGows, including rhythm monitoring, decision-support in 

invasive procedures, and integration with longitudinal risk 

prediction models. In this way, ECG-XPLAIM’s emphasis on 

transparency and adaptability positions it as a foundational 

component in the translational pipeline of AI in EP. Explainable 

and open-source models such as ours align with these 

translational goals, as highlighted in recent consensus 

perspectives on AI in EP (13).

4.3 Explainability and trust in AI-driven 
diagnostics

A primary barrier to the clinical adoption of deep learning in 

healthcare is the “black-box” nature of most models. The 

interpretability of deep learning models applied to 

electrocardiogram analysis is increasingly acknowledged as 

essential for facilitating clinical adoption and patient safety. 

Contemporary literature highlights that XAI methods require 

rigorous evaluation to ensure reliability and relevance in clinical 

practice. Salih et al. conducted a systematic review of XAI 

evaluations in cardiology, revealing that only a minority of 

studies applied systematic assessment: 37% benchmarked XAI 

quality based on prior literature, 11% involved clinicians as 

domain experts, and 11% relied on quantitative proxies or 

statistical analysis, while 43% did not assess explanation quality 

at all. The authors advocate for formal, multi-dimensional 

frameworks that include faithfulness, fidelity, and direct clinician 

feedback, emphasizing that thorough evaluation of explanations 

is critical for the development of trustworthy and safe AI 

models in medicine (14).

Recent advances also underscore the utility of combining 

multiple interpretability techniques and actively involving 

clinicians in validation processes. Zhang et al. demonstrated the 

application of Grad-CAM in medical text classification, 

illustrating how visualization of salient features through 

heatmaps can intuitively communicate the basis for predictions 

to human users. Their comparative study using word 

embeddings and various classifier architectures (Word2Vec, 

BERT, ResNet, CNN, Bi-LSTM) showed that integrating Grad- 

CAM with high-performing deep learning models enables more 

transparent identification of decision-inGuencing input signals. 

The study found that Grad-CAM visualization reliably 

highlighted text regions most relevant to the model’s outputs, 

supporting the practical integration of XAI in clinical decision 

making and error analysis (37).

ECG-XPLAIM confronts this challenge by integrating Grad- 

CAM-based explainability, enabling visualization of the 

waveform regions that contribute most to its predictions. This 

transparency fulfills several objectives. First, it strengthens 

clinician trust by revealing the model’s decision-making process. 

Second, it facilitates potential feature discovery, unearthing 

subtle waveform variations that may carry clinical significance. 

Third, it supports adherence to emerging regulatory guidelines 

—such as those from the U.S. Food and Drug Administration 

(FDA) and the European Medicines Agency (EMA)—that 

increasingly emphasize interpretability requirements for medical 

AI systems (38, 39). Finally, it assists in error analysis: 

highlighting waveforms that led to misclassifications allows 

targeted improvements to the model’s training and architecture.

In this study, Grad-CAM visualizations helped pinpoint areas 

of interest, in both correctly identified and misclassified cases. For 

AFib, the model consistently focused on the absence of P waves in 

the pre-QRS region (Figure 4A), while the STach detection was 

primarily driven by P-wave presence and regularly appearing 

points of interest that signify rhythmicity (Figure 4B). RBBB 

and LBBB cases showed strong attention to the QRS complex 

morphology (Figures 4D,E), while in LAFB, the model seemed 

to capture the associated axis deviation-related changes 

(Figure 4F). For LQT, ECG-XPLAIM correctly identified the QT 

interval by focusing on the onset and termination of the 

repolarization phase in certain beats (Figure 4C). WPW 

classification relied on the characteristic delta wave and the PR 

interval (Figure 4G). Paced rhythm cases were accurately 

identified by highlighting both atrial and ventricular pacing 

spikes across all beats (Figure 4H).

On the other hand, false classifications revealed cases where 

the model’s attention was misdirected, particularly for 

arrhythmias with lower sensitivities. In an AFib false positive 

case, ECG-XPLAIM incorrectly interpreted a conduction delay 

due to first-degree AV block (I-AVB) as an absent P wave 

(Figure 4I), demonstrating a potential bias in P-wave 

localization. Conversely, in a false negative STach case, the 

model correctly detected rapid rhythm but misclassified it as 

AFib due to near-fusion of the P wave with the preceding 

T wave at high heart rates. Bundle branch block 

misclassifications were primarily linked to variations in QRS 

duration that seemed borderline. False positive classifications 

often involved misinterpretation of extrasystoles or 

morphological changes in the QRS complex (Figure 4M). For 

Pantelidis et al.                                                                                                                                                        10.3389/fcvm.2025.1659971 

Frontiers in Cardiovascular Medicine 12 frontiersin.org115



LQT false negatives, the model’s attention was restricted to a 

segment within the repolarization phase rather than spanning the 

full QT interval, for some cases (Figure 4J). In WPW false 

positive examples, ECG-XPLAIM placed significant focus on the 

pre-QRS regions of wide-QRS extrasystoles, mistaking premature 

beats for delta waves, indicating a bias in distinguishing abnormal 

conduction patterns. Similarly, a false positive classification of 

pacing occurred when the model misinterpreted a narrow QRS 

complex as a pacing spike (Figure 4L). (Detailed examples with 

explanations are offered in Supplementary Section S8.) These 

findings indicate the origin of prediction faults and suggest 

strategies to mitigate them, such as augmenting training data with 

borderline and atypical presentations (31).

Despite its utility, Grad-CAM is not a perfect solution. 

Although it highlights inGuential waveform regions, it does not 

fully elucidate the underlying rationale—why certain features are 

attributed to one arrhythmia rather than another (37). Future 

research could explore more advanced or complementary 

explainable AI techniques, potentially integrating rule-based 

logic or interpretability frameworks that capture inter-lead 

relationships. These refinements may further reduce model 

rigidity and enhance its ability to handle the complexities of 

real-world ECG data.

4.4 Limitations and future directions

Despite strong performance and explainability, ECG-XPLAIM 

faces certain limitations. Class imbalance was present across tasks, 

particularly for rare arrhythmias such as WPW and LQT, where 

positive samples were substantially fewer than negatives (e.g., 

WPW 600 vs. 1,220). Although we capped maximum samples 

per class and applied balanced mini-batching, residual 

imbalance may have contributed to lower external sensitivities. 

Future work could leverage more targeted data collection or 

dedicated augmentation strategies for ECG signals to enrich rare 

classes and improve model calibration (31). Importantly, the 

reliability of diagnostic labels was confirmed via inter-observer 

agreement analysis: in a random 10% subset of MIMIC-IV, 

kappa values ranged from 0.990 to 0.998 across all labels, 

supporting the sufficiency of pre-annotations (Supplementary 

Table S4). Finally, real-world clinical performance can only be 

validated prospectively; although robust, retrospective testing on 

MIMIC-IV and PTB-XL does not guarantee identical outcomes 

in diverse clinical environments.

While Grad-CAM visualizations partly address the 

interpretability gap, they do not provide an explicit rationale for 

how certain features lead to a diagnosis. For instance, 

identifying a lengthened QRS complex does not clarify how the 

model distinguishes between RBBB and LBBB. More 

sophisticated XAI methods could further demystify the decision 

process and illuminate nuanced inter-lead relationships that 

underlie arrhythmia detection.

Finally, exploratory transfer learning experiments on PTB-XL 

(Section 6 of the Supplementary Material) demonstrated that 

ECG-XPLAIM’s feature representations are transferable across 

datasets, particularly for WPW and LQT detection. While these 

experiments can improve metrics, such as AUROC and 

sensitivity, for specific labels under certain splits, they are 

illustrative only, as they break the requirement for independence 

in external validation. Nonetheless, they motivate future 

research directions.

Future research will focus on refining ECG-XPLAIM’s 

generalization and interpretability. Fine-tuning on localized, 

hospital-specific datasets could account for regional ECG 

variations and acquisition protocols, while federated learning 

approaches may broaden the model’s adaptability without 

centralized data pooling (40). Investigating additional XAI 

techniques or combining Grad-CAM with rule-based logic could 

strengthen interpretability and expedite regulatory acceptance. 

Finally, prospective clinical trials will be essential to evaluate 

real-world feasibility, confirm performance in diverse patient 

populations, and measure clinical outcomes and workGow 

improvements attributable to ECG-XPLAIM’s integration.

5 Conclusions

In this work, we propose ECG-XPLAIM, an explainable deep 

learning model for automated arrhythmia detection, which 

demonstrates robust generalization in both the MIMIC-IV and 

PTB-XL datasets. ECG-XPLAIM outperforms baseline CNN and 

advanced GRU models in most classification tasks and offers 

performance comparable to a state-of-the-art pre-trained 

network, with a priority to minimize the risk of underdiagnosis. 

By emphasizing sensitivity, it reduces missed diagnoses, making 

it particularly well-suited for screening workGows. Its integrated 

Grad-CAM mechanism provides interpretable visualizations of 

the waveform regions guiding classification, simultaneously 

furnishing critical feedback for model refinement. Additional 

analyses confirmed the robustness of training on raw signals, 

and the Gexibility to adapt performance through threshold 

calibration or transfer learning to new datasets. These features 

strengthen the model’s translational potential. Although further 

optimization for rare arrhythmias, larger datasets, and real- 

world prospective validation are warranted, ECG-XPLAIM’s 

scalability, open-source implementation, and rapid inference, 

position it as a valuable tool for integrating AI-driven cardiac 

diagnostics into clinical practice.
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