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Aims We aimed to develop an artificial intelligence (AI) algorithm capable of accurately predicting the presence of left atrial low- 
voltage areas (LVAs) based on sinus rhythm electrocardiograms (ECGs) in patients with atrial fibrillation (AF).

Methods 
and results

The study included 1133 patients with AF who underwent catheter ablation procedures, with a total of 1787 12-lead ECG 
images analysed. Artificial intelligence-based algorithms were used to construct models for predicting the presence of LVAs. 
The DR-FLASH and APPLE clinical scores for LVAs prediction were calculated. A receiver operating characteristic (ROC) 
curve and a calibration curve were used to evaluate model performance. Multicentre validation included 92 AF patients from 
five centres, with a total of 174 ECGs. The data obtained from the participants were split into training (n = 906), validation 
(n = 113), and test sets (n = 114). Low-voltage areas were detected in 47.4% of all participants. Using ECG alone, the con
volutional neural network (CNN) model achieved an area under the ROC curve (AUROC) of 0.704, outperforming both 
the DR-FLASH score (AUROC = 0.601) and the APPLE score (AUROC = 0.589). Two multimodal AI models, which inte
grated ECG images and clinical features, demonstrated higher diagnostic accuracy (AUROC 0.816 and 0.796 for the CNN- 
Multimodal and CNN-Random Forest-Multimodal models, respectively). Our models also performed well in the multicentre 
validation dataset (AUROC 0.711, 0.785, and 0.879 for the ECG alone, CNN-Multimodal, and CNN-Random Forest- 
Multimodal models, respectively).

Conclusion The multimodal AI algorithm, which integrated ECG images and clinical features, predicted the presence of LVAs with a 
higher degree of accuracy than ECG alone and the clinical LVA scores.
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Graphical Abstract

This figure provides an overview of the study. We developed three distinct artificial intelligence (AI) models specifically designed to determine the status of 
LVAs from sinus rhythm ECGs and clinical characteristics. These three AI models were tested in a multicentre cohort. CNN, convolutional neural network; 
RF, random forest; other abbreviations as in Table 1.
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Introduction
Atrial fibrillation (AF) is the most prevalent sustained arrhythmia en
countered in clinical practice. The 2024 European Society of 
Cardiology (ESC) guidelines for the management of AF recommend 
catheter ablation as a first-line treatment for patients with symptomatic 
AF.1 However, the success rate of catheter ablation remains subopti
mal, with ∼22–33% of patients experiencing recurrence post- 
procedure.2 Several studies demonstrated that left atrial (LA) 
low-voltage areas (LVAs) are significantly associated with AF recur
rence post-ablation.3–5

Identifying LVAs in patients with AF is crucial, as it not only aids in 
assessing the risk of recurrence post-catheter ablation but also en
hances procedural outcomes. Studies have indicated that in AF patients 
with LVAs, incorporating LVA ablation with circumferential pulmonary 
vein isolation (CPVI) enhances the success rate of the procedure com
pared to CPVI alone.6,7 Therefore, pre-operative identification of LVAs 
permits the customization of individualized ablation strategies, thereby 
improving the overall success rate of ablation.

In recent years, growing studies highlight the potential for artificial in
telligence enabled electrocardiogram (AI-ECG) in the diagnosis and 
management of cardiovascular disease, including AF, heart failure, and 
structural cardiomyopathy.8–11 In the current study, we aimed to evalu
ate the efficacy of AI algorithms based on sinus rhythm electrocardio
grams (ECGs) alone or in combination with clinical characteristics for 
predicting LVAs in patients with AF.

Methods
Study population
We retrospectively identified 1133 patients with AF who underwent radio
frequency ablation between March 2012 and November 2023 at the 
Department of Cardiology, Beijing Chaoyang Hospital. These participants 
had a total of 1787 ECG records available for analysis. The data were di
vided into training (n = 906), validation (n = 113), and test sets (n = 114). 
Figure 1 provides an overview of the patient selection process and dataset 
division.

We used the following inclusion criteria: paroxysmal or persistent AF, 
defined according to the 2024 ESC Guidelines for the management of 
AF12; availability of LA voltage maps; and availability of a minimum 10-s 
12-lead ECG in sinus rhythm.

The DR-FLASH13 and APPLE14 scores were assessed based on specific 
parameters. For APPLE score, the factors considered were age > 65 years, 
estimated glomerular filtration rate (eGFR) < 60 mL/min/1.73 m2, persist
ent AF, LA diameter ≥ 43 mm, and a left ventricular ejection fraction  
< 50%. The DR-FLASH included criteria such as diabetes mellitus, an 
eGFR < 90 mL/min/1.73 m2, persistent AF, a LA diameter > 45 mm, age  
> 65 years, female gender, and hypertension. Baseline data, including demo
graphic information, comorbidities, and echocardiographic parameters, 
were collected, and both the CHA2DS2-VASc15 and HAS-BLED16 scores 
were calculated. The eGFR was determined using the Cockcroft-Gault for
mula.17 This study was approved by the Institutional Ethics Committee and 
adhered to the Declaration of Helsinki principles.

The overall cohort consisted of 463 patients with persistent AF and 670 
with paroxysmal AF. Of these, 47.4% (n = 537) had low-voltage areas 
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(LVAs). The mean age of participants was 64.2 ± 10.9 years, with 41.8% 
being women. Baseline demographic data are summarized in Table 1. 
Compared to participants without LVAs, those with LVAs were more likely 
to be older (67.2 ± 10.1 vs. 61.6 ± 10.9 years, P < 0.001), female (57.7% vs. 
27.5%, P < 0.001), and have higher incidences of hypertension (67.8% vs. 
59.7%, P = 0.005), coronary heart disease (27.9% vs. 22.5%, P = 0.039), 
and persistent AF (48.0% vs. 34.4%, P < 0.001). Additionally, patients with 
LVAs had larger LA diameter, larger LA volume (126.9 ± 56.2 vs. 120.8 ±  
40.5 mL, P = 0.034), larger right atrial diameter, and smaller left ventricular 

end-diastolic diameter (47.5 ± 4.9 vs. 48.2 ± 4.5 mm, P = 0.009). The 
LVA-positive group also had higher CHA2DS2-VASc scores (2.8 ± 1.5 vs. 
1.9 ± 1.4, P < 0.001), DR-FLASH scores (3.3 ± 1.6 vs. 2.3 ± 1.5, P <  
0.001), and APPLE scores (1.7 ± 1.0 vs. 1.2 ± 1.1, P < 0.001). A higher pro
portion of LVA-positive patients had prior ablation (19.4% vs. 12.8%, P =  
0.003), and 78.8% of them received post-procedural anti-arrhythmic drugs 
compared to 83.7% in the LVA-negative group (P = 0.044).

The mean LVA area in the LVA-positive group was 22.4 ± 18.2 mm2, 
covering 16.0% ± 12.3% of the LA surface. Interestingly, despite the more 
advanced disease characteristics in the LVA-positive group, creatinine levels 
between the two groups were similar (75.9 ± 41.9 vs. 76.4 ± 30.2 µmol/L, 
P = 0.395). However, the proportion of patients with eGFR < 60 mL/min/ 
1.73 m2 was significantly higher in the LVA-positive group (17.5% vs. 
11.7%, P = 0.007). The number of mapping points was also similar between 
the two groups (661.8 ± 924.5 vs. 688.5 ± 693.7, P = 0.582).

Additionally, a multicentre validation study was conducted, including 92 
patients who underwent radiofrequency ablation for AF between 
December 2023 and June 2024 across five centres, contributing a total of 
174 ECGs.

Electrocardiogram evaluation
A standard 12-lead ECG, with a duration of 10 s, was recorded at an amp
litude of 10 mm/mV and a speed of 25 mm/s. For patients with paroxysmal 
AF, the ECG was recorded within 3 days before radiofrequency ablation in 
sinus rhythm, while for patients with persistent AF, the ECG was recorded 
within 3 days after radiofrequency ablation in sinus rhythm. All included in
dividuals had at least one ECG recorded during sinus rhythm. We excluded 
ECGs with missing leads, significant interference, or those recorded during 
atrial pacing. A total of 430 patients had more than one ECG available.

Assessment of left atrial voltage maps
If the patient presents with sinus rhythm, LA anatomical reconstruction and 
LA voltage mapping are performed prior to ablation using a three- 
dimensional electroanatomical system (Carto 3, Biosense Webster, 
Diamond Bar, CA, USA) with a multi-electrode catheter (PentaRay, 
Biosense Webster, Diamond Bar, CA, USA). If the patient presents with 
AF, LA voltage mapping is performed again in sinus rhythm following radio
frequency ablation and conversion to sinus rhythm. The LA appendage and 
pulmonary veins were excluded from the LA geometry, while the mitral 
valve was delineated. LVAs were defined as regions with a voltage  
< 0.5 mV during sinus rhythm, covering more than 5% of the LA surface 
area (see Supplementary material online, Figure S1). The LVA percentage 
was defined as the LVA area divided by the LA surface area.

Ablation strategy
The ablation strategy for paroxysmal AF was CPVI. For patients with per
sistent AF, the ablation strategy has been previously detailed.18 To summar
ize, the initial approach also starts with CPVI. Following CPVI, all remaining 
patients received a low dose of ibutilide (0.004 mg/kg). Patients whose AF 
persisted were monitored for 30 min. No further ablation was done if AF 
converted to sinus rhythm within this period. In cases where persistent 
AF transitioned to atrial flutter or focal atrial tachycardia, the critical isthmus 
or arrhythmia focus was ablated until sinus rhythm was restored. For pa
tients whose persistent AF was resistant to CPVI combined with low-dose 
ibutilide, atrial electrogram-based ablation was carried out until AF termin
ation. The target areas identified for ablation exhibited the following char
acteristics (i) clusters of bipolar electrograms that displayed spatial 
dispersion and (ii) faster local atrial deflections compared to adjacent sites. 
If persistent AF remained unresponsive to CPVI and 30-min electrogram- 
guided ablation of the left atrium, electrical cardioversion was performed 
(see Supplementary material online, Figure S2).

Data pre-processing
In the present investigation, the primary dataset comprised of digitized fac
similes of conventional 12-lead ECGs obtained from a paper-based record
er. Each ECG recording was carefully curated to encapsulate a minimum of 
10 s of waveform data, ensuring a comprehensive representation of cardiac 
electrical activity for analytical rigour.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Baseline characteristics of patients

LVA positive 
(n = 537)

LVA negative 
(n = 596)

P-value

Age (years) 67.2 ± 10.1 61.6 ± 10.9 <0.001
Female, n 310 164 <0.001
BMI (kg/m2) 26.3 ± 10.8 26.4 ± 12.5 0.792

SBP (mmHg) 130.7 ± 17.7 130.5 ± 17.2 0.438
DBP (mmHg) 76.9 ± 12.0 77.7 ± 10.9 0.124

Hypertension, n 364 356 0.005
Diabetes, n 135 136 0.366
Prior stroke, n 43 36 0.210

CAD, n 150 134 0.039
HF, n 42 39 0.421
PsAF, n 258 205 <0.001
Prior ablation 104 76 0.003
Post-ablation AAD 

use
423 499 0.044

LAD (mm) 41.2 ± 6.3 39.5 ± 5.4 <0.001
LALD (mm) 55.7 ± 6.7 53.2 ± 6.1 <0.001
LATD (mm) 42.1 ± 5.9 40.1 ± 5.2 <0.001
RALD (mm) 49.8 ± 6.3 48.4 ± 5.9 <0.001
RATD (mm) 37.3 ± 5.3 36.4 ± 5.3 0.002
LVEDD (mm) 47.5 ± 4.9 48.2 ± 4.5 0.009
LVESD (mm) 30.4 ± 5.4 30.8 ± 5.4 0.114

IVS (mm) 10.4 ± 3.3 10.4 ± 3.1 0.461
LVEF (%) 64.3 ± 8.5 64.7 ± 8.4 0.272

LA volume (mL) 126.9 ± 56.2 120.8 ± 40.5 0.034
LA surface area 141.6 ± 38.6 143.4 ± 39.7 0.462
LVA area (mm2) 22.4 ± 18.2 2.0 ± 2.4 <0.001
LVA (%) 16.0 ± 12.3 1.3 ± 1.5 <0.001
CHA2DS2-VASc 

score
2.8 ± 1.5 1.9 ± 1.4 <0.001

HAS-BLED score 1.1 ± 0.8 1.1 ± 0.8 0.061

DR-FLASH score 3.3 ± 1.6 2.3 ± 1.5 <0.001
APPLE score 1.7 ± 1.0 1.2 ± 1.1 <0.001
Creatinine (µmol/L) 75.9 ± 41.9 76.4 ± 30.2 0.395
eGFR < 60 mL/min/ 

1.73 m2

94 70 0.007

Mapping points 661.8 ± 924.5 688.5 ± 693.7 0.582

AAD, anti-arrhythmic drugs; BMI, body mass index; CAD, coronary heart disease; DBP, 
diastolic blood pressure; eGFR, estimated glomerular filtration rate; HF, heart failure; IVS, 
interventricular septum; LA, left atrium; LAD, left atrial diameter; LALD, left atrial long 
diameter; LATD, left atrial transverse diameter; LVA, low-voltage area; LVEDD, left 
ventricular end-diastolic diameter; LVEF, left ventricular ejection fraction; LVESD, left 
ventricular end-systolic diameter; RALD, right atrial long diameter; RATD, right atrial 
transverse diameter; SBP, Systolic blood pressure; PsAF, persistent atrial fibrillation. 
Note: Bold values indicate statistically significant differences (P < 0.05).
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The image processing in this study followed a structured protocol. 
Initially, each image was converted to greyscale to retain luminance informa
tion. The greyscale images were then binarized using a thresholding ap
proach across the full intensity spectrum (0–255), resulting in 256 distinct 
binary images per original image. Pixels above the threshold were marked 
as features of interest (255), while those below were marked as background 
(0). Morphological transformations were subsequently applied to reduce 
noise, improving the signal-to-noise ratio. Finally, manual screening ensured 
that only representative and artefact-free images were included in the study 
(see Supplementary material online, Figure S3).

Model development
We have developed three distinct AI models specifically designed to aid car
diologists in determining LVAs status from sinus rhythm ECGs and clinical 
characteristics. This advanced system is engineered to integrate complex 
physiological data with clinical insights, thereby enhancing the accuracy of 
LVA detection and improving the efficacy of subsequent therapeutic inter
ventions. In the realm of cardiovascular medicine, the precise identification 
of LVAs status is critical for informing clinical decision-making and optimiz
ing treatment strategies.

Firstly, we employed a convolutional neural network (CNN) model, 
designated as CNN-Image, which is specifically trained on ECG images. 
This model exploits the spatial hierarchies and morphological patterns in
herent to these visual representations. Secondly, we developed a hybrid 
AI model, termed CNN-Multimodal, which integrates ECG images with 
clinical features into the CNN architecture. This approach leverages the 
synergistic relationship between the visual ECG data and comprehensive 
clinical parameters, thereby augmenting the model’s diagnostic accuracy. 
Thirdly, we introduced an advanced AI model, CNN-random forest 
(RF)-Multimodal, which combines CNN with RF algorithms to amalgam
ate the outputs of CNN-Image with clinical features for outcome predic
tion. This sophisticated methodology aims to harness the predictive 
insights from ECG image analysis and refine them through the integration 
of clinical data, resulting in a more nuanced and robust diagnostic 
framework.

In addition, CNN utilized ResNet101, and machine learning models em
ployed RFs. The patients were randomly assigned to the training, validation, 
and internal test sets in an 8:1:1 ratio. As the ECG images and clinical fea
tures were linked to individual patients, all data from each patient were al
located to a single set, ensuring no overlap between the training, validation, 
and test sets.

Statistical analysis
Continuous data were presented as mean (±standard deviation) and com
pared using the Student’s t-test or the Mann–Whitney U test. Categorical 
data were presented as numbers and compared using the χ2 test. A 
P-value <0.05 was considered statistically significant. Data analysis was per
formed using SPSS version 29.0 software. The model performance was as
sessed using a receiver operating characteristic (ROC) curve.

Results
Prediction of low-voltage areas using the 
clinical risk scores
The APPLE LVA risk score had an area under the ROC curve 
(AUROC) of 0.589 for LVA discrimination, with an accuracy of 
0.661, a sensitivity of 0.858, a specificity of 0.319, and an F1 score of 
0.763. The DR-FLASH LVA risk score performed similarly, with an 
AUROC of 0.601, an accuracy of 0.556, a sensitivity of 0.433, a speci
ficity of 0.768, and an F1 score of 0.553 (Figure 2A, Table 2). These re
sults indicate that both clinical scores offer moderate predictive value 
for LVAs, though their specificity remains limited.

Prediction of low-voltage areas using the 
electrocardiogram alone
Relying exclusively on paper ECG records, the CNN-Image model 
showed improved predictive power compared to the clinical scores, 
achieving an AUROC of 0.703, an accuracy of 0.635, a sensitivity of 
0.857, a specificity of 0.396, and an F1 score of 0.709 (Figure 2A, 
Table 2). The calibration curve demonstrated good linearity 
(Figure 3A), suggesting that the model’s predictions were well-aligned 
with actual outcomes.

In addition, we visualized the ECG features learned by the 
CNN-Image using the Uniform Manifold Approximation and 
Projection dimensionality reduction technique. As shown in 
Figure 3D, ECG features from patients with LVAs are more clustered 
compared to those without LVAs. To enhance the interpretability of 

Figure 1 Flow diagram of the study. AF, atrial fibrillation; 3D, three dimensional; ECG, electrocardiogram; HTRM, heart rhythm.
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our model’s predictions, we utilized Gradient-weighted Class 
Activation Mapping (Grad-CAM) to highlight the regions in the ECG 
images that were critical for predicting the presence of LVAs19

(Figure 4).

Prediction of low-voltage areas integrating 
electrocardiogram and clinical features
Supplementary material online, Figure S4 illustrates the importance 
scores of all 35 features, including the prediction LVAs probability by 
the CNN-Image model based on ECG alone (PLVA) and 34 clinical fea
tures. The importance score quantifies how much each feature im
proves the decision-making process of the model. The figure 
illustrates a rapid decline in the importance of features, with the least 
significant features approaching zero. To optimize predictive perform
ance, the top 23 most important features were selected to construct 
the CNN-RF-Multimodal model, as these features yielded the highest 

accuracy. The CNN-RF-Multimodal model based on these 23 features 
achieved an AUROC of 0.796, with an accuracy of 0.693, sensitivity of 
0.939, specificity of 0.429, and an F1 score of 0.76 (Figure 2A, Table 2). 
This model outperformed both clinical scores in terms of AUROC, 
demonstrating that the combination of ECG and clinical data improves 
LVA prediction. The calibration curve demonstrated good linearity 
(Figure 3C). Additionally, we generated a SHAP (SHapley Additive 
exPlanations) plot depicting the top 23 features to enhance the inter
pretability of the CNN-RF-Multimodal model (Figure 5). This graphical 
representation clarifies the impact of individual variables on the model’s 
diagnostic output, with higher SHAP values indicating a greater likeli
hood of LVAs occurrence.

In addition to the CNN-RF-Multimodal model, we also developed a 
CNN-Multimodal model that integrates ECG images and clinical fea
tures to evaluate its efficacy in predicting LVAs. Relying on paper 
ECG records and clinical features, the CNN-RF-Multimodal model 
achieved the highest AUROC of 0.816, with an accuracy of 0.725, a 

Figure 2 The receiver operating characteristic curves for detecting low-voltage areas in internal test cohort (A) and multicentre validation cohort (B). 
AUC, area under the curve; CNN, convolutional neural network; ROC, receiver operating characteristic; RF, random forest.
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Table 2 Results of low-voltage areas prediction

AUROC Sensitivity Specificity Accuracy F1 score

Hold test
DR-FLASH 0.601 0.433 0.768 0.556 0.553

APPLE 0.589 0.858 0.319 0.661 0.763

CNN-Image 0.703 0.857 0.396 0.635 0.709
CNN-Multimodal 0.816 0.929 0.505 0.725 0.778

CNN-RF-Multimodal 0.796 0.939 0.429 0.693 0.760

Extend test
DR-FLASH 0.594 0.261 0.928 0.761 0.353

APPLE 0.667 0.391 0.942 0.804 0.500

CNN-Image 0.711 0.804 0.391 0.500 0.460
CNN-Multimodal 0.785 0.934 0.234 0.420 0.460

CNN-RF-Multimodal 0.879 0.978 0.305 0.483 0.500

CNN, convolutional neural network; RF, random forest.
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sensitivity of 0.929, a specificity of 0.505, and an F1 score of 0.778 
(Figure 2A, Table 2). The calibration curve demonstrated good linearity 
(Figure 3B). Uniform Manifold Approximation and Projection was used 
to visualize the ECG features learned by the CNN-Multimodal model. 
As shown in Figure 3E, the distinct separation of features highlights the 
model’s ability to distinguish between patients with and without LVAs.

Multicentre validation
The multicentre validation included 92 patients from five centres, en
compassing a total of 174 paper ECGs. Baseline characteristics of pa
tients in the multicentre validation were shown in Supplementary 
material online, Table S1. Additionally, Supplementary material online, 
Table S2 provides a comparison of the clinical characteristics between 
the internal test cohort and the multicentre validation cohort. In the 
multicentre validation, the APPLE and DR-FLASH scores achieved 
AUROCs of 0.667 and 0.594, respectively, indicating moderate predict
ive ability in external cohorts. The CNN-Image model, relying solely on 
ECG data, performed better than the clinical scores, with an AUROC 
of 0.711, an accuracy of 0.5, a sensitivity of 0.804, a specificity of 0.391, 
and an F1 score of 0.460. The CNN-RF-Multimodal model and the 
CNN-Multimodal model that integrated ECG and clinical features de
monstrated better predictive performance compared to using ECG 
alone. The CNN-RF-Multimodal model showed the highest predictive 
ability, with an AUROC of 0.879, a sensitivity of 0.978, and an F1 score 
of 0.5, despite a lower specificity of 0.305. Similarly, the CNN- 
Multimodal model also improved upon ECG alone, achieving an 
AUROC of 0.785, with a sensitivity of 0.934 (Figure 2B, Table 2).

Discussion
Main findings
In summary, our study demonstrated that the CNN-Image model, rely
ing solely on ECG data, outperformed the clinical LVA scores in pre
dicting LVAs in AF patients. Moreover, the CNN-Multimodal and 
CNN-RF-Multimodal models, which integrated both ECG and clinical 
data, exhibited significantly enhanced predictive performance for 
LVAs compared to the CNN-Image model.

The limitations in the current methods for 
the detecting low-voltage areas
Low-voltage areas, representing advanced AF substrate, are associated 
with LA fibrosis as indicated by late gadolinium enhancement cardiac mag
netic resonance imaging.20 Several studies suggest that various demo
graphic and clinical characteristics, such as persistent AF, advanced age, 
impaired eGFR, female gender, heart failure, and enlarged left atrium, 
may facilitate the detection of LVAs.21,22 Based on these clinical character
istics, several scoring systems have been developed to predict LVAs in AF 
patients, including the DR-FLASH score,13 APPLE score,14 ZAQ score,23

mAPPLE score,21 and ANP score.24 However, these existing clinical scor
ing systems have been developed in relatively small cohorts, with the 
DR-FLASH score being the largest, including 238 AF patients. In our pre
vious study, an AI-ECG model was developed to predict LVAs using ECGs 
recorded during AF. However, the study was limited by a relatively small 
sample size of 587 patients and lacked external validation.25

Figure 3 Model calibration curves for CNN-Image (A), CNN-Multimodal (B), and CNN-RF-Multimodal (C ). Uniform Manifold Approximation and 
Projection visualization of electrocardiogram features learned by the CNN-Image model (D) and CNN-Multimodal model (E). CNN, convolutional 
neural network; RF, random forest.
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The advantages of multimodal model for 
detecting low-voltage areas
Our study demonstrated that CNN models, particularly the 
CNN-RF-Multimodal and CNN-Multimodal models, exhibited higher 
sensitivity and lower false-negative rates in predicting LVAs in AF pa
tients compared to clinical scoring systems. High sensitivity in detecting 
LVAs is clinically significant as it allows for earlier and more accurate 
identification of patients at risk for adverse outcomes. Early detection 
facilitates timely intervention, which can potentially improve patient 
outcome. Additionally, higher sensitivity minimizes the chance of false 
negatives, ensuring that fewer patients with LVAs are missed, thereby 
enhancing overall patient care and management.

Although there are currently several clinical scoring systems available 
to predict LVAs, our study stands out as the largest to date. We enrolled 
a total of 1225 AF patients, distributed across the training set, validation 
set, test set, and a multicentre validation set. This extensive inclusion of 
patients not only enhances the robustness of our findings but also en
sures that our results are widely applicable across different clinical set
tings. Additionally, to the best of our knowledge, this study is unique in 
being the only multi-centre research conducted on an LVAs prediction 
model. This multicentre approach further strengthens the validity of 
our model and underscores its potential utility in diverse clinical 
environments.

In our study, a heat map was utilized to visualize the distribution and 
intensity of ECG features across different patient groups (Figure 5). The 

Grad-CAM highlighted the significance of the P-wave in distinguishing 
between positive and negative predictions for LVAs. This finding is rela
tively easy to understand, as several studies demonstrated the associ
ation between LVAs and P-wave characteristics. Low-voltage areas 
have the potential to slow LA activation time, consequently impacting 
the duration, amplitude, and morphology of the P-wave.

When LVAs are present at a mild level, they can lead to an increase in 
P-wave duration. More extensive LVAs, on the other hand, can induce 
significant changes in P-wave morphology, such as the appearance of bi
phasic positive–negative P-waves in the inferior leads or the develop
ment of a ‘late-terminal P’ pattern.26,27 Additionally, LVAs can also 
affect P-wave amplitude. Park et al.28 found that a P-wave amplitude 
of <0.1 mV in lead I is associated with LA remodelling and interatrial 
conduction block. Recent research has shown that the P-wave 
duration–amplitude ratio is positively correlated with the proportion 
of LVAs.29 Interestingly, the heat map also revealed a relationship be
tween the T-wave, atrial premature beat and LVAs. However, this cor
relation and its underlying mechanisms require further investigation to 
be clearly understood.

Clinical implications
In a recent large-scale study involving 1488 patients with AF, it was 
found that those with LVAs had a significantly higher risk of recurrence 
following radiofrequency ablation compared to patients without 
LVAs.30 Additionally, the presence of LVAs was associated with poor 

Figure 4 Comparison of electrocardiogram and heat map patterns between patients without (A) and with low-voltage areas (B). The heat map re
present the importance of different regions to the model’s prediction. Regions with higher importance, having a stronger influence on the model’s 
decision, are represented with higher intensity, while regions with lower importance are shown with lower intensity, indicating less influence on 
the prediction.
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long-term composite endpoints, including death, heart failure, and 
stroke.30 Although LVAs can increase the risk of AF recurrence, studies 
have shown that patients with LVAs who undergo additional LVAs ab
lation during procedure have similar success rates compared to those 
without LVAs.31,32

The development of an AI model to predict LVAs in patients with AF 
holds significant clinical value. The model enables precise preoperative 
identification of patients with LVAs, facilitating more tailored and effect
ive ablation strategy. For patients identified with LVAs, incorporating 
additional LVAs-targeted ablation into the CPVI can significantly en
hance the success rates of the ablation procedure. This personalized 
strategy helps in reducing the likelihood of AF recurrence post-ablation. 
Moreover, LVAs is associated with an increased risk of AF recurrence 
and composite adverse events, including mortality, heart failure, and 
stroke. Therefore, patients with identified LVAs should undergo 
more intensive follow-up. Regular and systematic monitoring allows 
for the early detection of AF recurrence or complications, enabling 
timely and appropriate therapeutic interventions to mitigate these risks.

Limitations
This study has several limitations that should be acknowledged. First, 
the sample size is relatively small, with 1225 cases, which may limit 
the generalizability of the findings. Second, the study population 

consists exclusively of Asian individuals, which restricts the applicability 
of the model to other ethnic groups. Third, the ECG data used in this 
study were all recorded using a 1 × 12 lead configuration, meaning the 
model cannot be applied to patients with different lead configurations, 
such as 2 × 6 or 3 × 4 leads. Future research will aim to address these 
limitations by validating the model in larger, more diverse populations 
and in both real-world and randomized controlled trial settings.

Conclusion
The multimodal AI algorithm, which integrates ECG images and clinical 
features, markedly enhances the accuracy of predicting LVAs in patients 
with AF compared to using ECG alone and traditional clinical scores. 
The robust performance of our models, validated across multicentre, 
underscores their broad applicability in diverse clinical settings. This in
novative approach has the potential to significantly improve the clinical 
management and treatment outcomes for AF patients.

Supplementary material
Supplementary material is available at European Heart Journal – Digital 
Health.

Figure 5 The SHapley Additive exPlanations plot of the 23 representative features for predicting low-voltage areas. Abbreviations as in Table 1. 
CNN, convolutional neural network; Cr, creatinine; LASA, left atrial surface area; LAV, left atrial volume; MP, mapping points; PLVA, LVAs probability 
by the CNN-Image model based on electrocardiogram; other abbreviations as in Table 1.
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