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Aims The electrocardiogram (ECG) is the primary method for diagnosing atrial fibrillation (AF), but interpreting ECGs can be
time-consuming and labour-intensive, which deserves more exploration.

Methods We collected ECG data from 6590 patients as YY2023, classified as Normal, AF, and Other. Convolutional Neural Network

and results (CNN), bidirectional Long Short-Term Memory (BiLSTM), and Attention construct the AF recognition model CNN BiLSTM

Attention-Atrial Fibrillation (CLA-AF). The generalization ability of the model is validated on public datasets CPSC2018,
PhysioNet2017, and PTB-XL, and we explored the performance of oversampling, resampling, and hybrid datasets.
Finally, additional PhysioNet2021 was added to validate the robustness and applicability in different clinical settings. We em-
ployed the SHapley Additive exPlanations (SHAP) method to interpret the model’s predictions. The F1-score, Precision, and
area under the ROC curve (AUC) of the CLA-AF model on YY2023 are 0.956, 0.970, and 1.00, respectively. Similarly, the
AUC on CPSC2018, PhysioNet2017, and PTB-XL reached above 0.95, demonstrating its strong generalization ability. After
oversampling PhysioNet2017, F1-score and Recall improved by 0.156 and 0.260. Generalization ability varied with sampling
frequency. The model trained from the hybrid dataset has the most robust generalization ability, achieving an AUC of 0.96 or
more. The AUC of PhysioNet2021 is 1.00, which proves the applicability of CLA-AF. The SHAP values visualization results
demonstrate that the model’s interpretation of AF aligns with the diagnostic criteria of AF.

Conclusion The CLA-AF model demonstrates a high accuracy in recognizing AF from ECG, exhibiting remarkable applicability and ro-
bustness in diverse clinical settings.
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Introduction

Atrial fibrillation (AF) stands as the prevailing tachyarrhythmia in clinical
settings, considerable harm, and suboptimal treatment efficacy.™ In
clinical practice, the primary tool for physicians to diagnose AF is
through electrocardiograms (ECGs). However, this process demands
significant time and effort, proving less efficient. Hence, there is a com-
pelling need to adopt more effective approaches, such as employing
deep learning, for AF diagnosis, which alleviates the burden on health-
care professionals and enhances diagnostic accuracy.”™

Recently, a growing number of automatic AF recognition algorithms
have been applied in AF screening, mainly for machine learning and
deep learning®™"" to recognize AF. Traditional machine learning algo-
rithms focus on processing data, extracting features, and classification.
It has been studied to extract features using wavelet analysis and
classify them using support vector machine (SVM) and decision tree
to achieve high recognition accuracy.'” Deep learning is a sophisticated
machine learning algorithm that solves more complex problems.13‘14
Models such as Convolutional Neural Networks (CNNs), recurrent
neural networks (RNNs), and Attention mechanisms are suitable for
AF recognition.

The initial success of CNNs in processing ECG data provides a com-
pelling avenue for advancing the scalability and accuracy of automated
classification for ECG signals."® This success stems from two key advan-
tages: using raw ECG signals as input data for end-to-end deep neural
networks without manual rule pre-processing and continuously ex-
panding classification types based on appropriate training set data.

Sampling frequency

F1-score, AUC,

Precision, Recall,
and Specificity

Resampling

Recent findings indicate that employing a lightweight CNN or a 2D
CNN for recognizing AF from ECG yields superior accuracy.'®!’
Despite the breakthroughs achieved in accuracy by previous studies,
challenges related to overfitting and generalization capabilities remain
open questions in the current landscape of model research. Thus, fur-
ther investigation is warranted to develop models exhibiting high accur-
acy and robust generalization capabilities.

Recurrent neural networks have been widely used in research re-
lated to sequential data and are considered one of the most effective
models for time series prediction.18 However, conventional RNNs en-
counter challenges in handling long-term dependency issues. Long
Short-Term Memory (LSTM) addresses these problems and enabling
the capture of both long-term and short-term dependencies in se-
quence data."® Long Short-Term Memory mainly deals with time series
and applies to recognizing ECGs. Transformer can capture the global
dependencies in the sequences through the self-attention mechanism
to process the long sequence data efficiently.”® In time series classifica-
tion, CNN and RNN are often combined because they have comple-
mentary advantages that can improve the performance of the model.

Attention mechanisms can automatically learn and selectively focus on
the crucial input information, which is pivotal in enhancing model perform-
ance and generalization.”’ Automatic ECG classification using RA-UNET
or non-local convolutional block attention modules has been found to
have high recognition performance on different datasets.”>*> Many recent
studies have focused on hybrid models, such as the self-attention-based
LSTM-Fully Convolutional Network (LSTM-FCN) model for arrhythmia
classification and the hybrid attention-based deep learning network.?***
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To better retain the state of the entire signal before and after and improve
the model’s generalization, we use bidirectional Long Short-Term Memory
(BILSTM) to extract temporal features and introduce an attention
mechanism.

Therefore, to achieve both high accuracy and robust generalization, we
initially gathered ECG data and diagnostic information from 6590 patients,
forming dataset YY2023. The AF diagnostic model, CLA-AF, was devel-
oped using a combination of CNN, BiLSTM, and Attention. The model
underwent training and testing on the YY2023 dataset. Subsequently, its
generalization performance was validated on open-access datasets, includ-
ing CPSC2018, PhysioNet2017, and PTB-XL. Finally, additional dataset
PhysioNet2021 was added to verify the robustness and applicability of
the model in different clinical settings. Enhancements were iteratively ap-
plied based on the results to ensure improved generalizability.

Methods

Study design of electrocardiogram diagnosis of
AF

Dataset construction and public dataset collection

The dataset YY2023, comprising 6590 ECGs, was sourced from Zhuzhou
Hospital Affiliated to Xiangya School of Medicine, Central South University.
Initial label files were generated for YY2023 by categorizing the ECGs into
three classes based on physician diagnosis: normal ECGs, AF ECGs, and other
abnormal ECGs.

Additionally, ECGs from public datasets CPSC2018, PhysioNet2017,
PTB-XL, and PhysioNet2021 were similarly classified into these three categor-
ies. This study focuses on constructing a three-classification model for ECGs,
with the primary objective of diagnosing AF. In the four datasets, YY2023,
CPSC2018, PhysioNet2017, PTB-XL, and PhysioNet2021 are 12-lead ECGs
with a sampling frequency of 500 Hz, and PhysioNet2017 is a single-lead
ECG with a sampling frequency of 300 Hz, and the information of the datasets
after re-creating the labels is shown in Table 1 and Supplementary material
online, Table S1. YY2023 was used for model research and construction,
CPSC2018, PhysioNet2017, and PTB-XL were used to verify the generaliza-
tion ability of the model, and PhysioNet2021 was used to further verify the ro-
bustness and applicability of the model in different clinical settings.

Electrocardiogram data pre-processing

The raw information of YY2023 was stored in XML format and desensitized
before use. Since the AF features are most significant on lead Il, to strength-
en the generalization ability of the constructed model, we only used lead ||
of 12-lead ECG and single-lead ECG for the study. As shown in Figure 1, the
ECG data are first extracted from the XML file and pre-processed: mean
normalization, wavelet transform filtering to remove baseline drifts, etc.2®
The pre-processed data are stored in npy format. Since the length of
ECGs can be different and the input size of the neural network is fixed,
we split the ECGs into segments of length 1500 to improve the model’s
generalization ability.*” Finally, the segmentation is fed into the model for
training, testing, and evaluating the model performance.

Table 1 Basic dataset information

CLA-AF model architecture for diagnosing AF

In this paper, we present a CLA-AF model (CNN BiLSTM
Attention-Atrial Fibrillation) that integrates CNN, BiLSTM, and
Attention mechanisms for AF recognition, as depicted in Figure 2A. To de-
termine which model architecture is optimal, multiple model structures
were compared, as shown in Supplementary material online, Table S2.
Given the continuous nature of ECG segments within and between seg-
ments, bidirectional LSTM is employed for effective temporal feature ex-
traction. The CNN block incorporates a one-dimensional convolutional
layer for feature extraction, batch normalization to mitigate overfitting,
rectified linear unit (ReLU) activation function to enable the network to
generate a sophisticated nonlinear representation of the ECG, and
MaxPooling (MaxPool) to compress features for manageable network op-
timization. Concatenation (Concat) operation combines all learned seg-
ments of the complete ECG, followed by weight redistribution using
Attention. This step aims to identify correlations between the segments
and emphasize specific crucial features, as illustrated in Figure 2B.
Ultimately, the ECG recognition results are generated through the
Dense layer, employing the softmax activation function.

YY2023 is divided into a training set and a test set according to the ratio
of 8:2, and the data were pre-processed. A total of 20% of the training set is
used as the validation set, and the parameters of the model are adjusted ac-
cording to the validation set during the training process. The training epoch
is formed to 100, the epoch size is set to 64, the optimization process using
SGD optimizer, the initial value of the learning rate is set to 0.1, and the min-
imum value is set to 0.001. The learning rate is 0.1 when epoch <20, 0.01
when 20 < epoch < 60, and 0.001 when epoch > 60, and the learning rate is
updated according to this rule. The model is trained according to the set
parameters, then the model is tested using the split test set, and the
CLA-AF model performance is analysed based on the model evaluation me-
trics. The cross-entropy loss function categorical_crossentropy is used as a
metric to measure the variance of the classification task.

3
loss = — Z yilogfi.
i=1

Then, the trained model is tested using the test set after obtaining the
trained model. CPSC2018, PhysioNet2017, PTB-XL, and PhysioNet2021
are also split into training and testing sets in an 8:2 ratio to validate the mod-
el’s generalization performance. It is also considered whether training the
model using the composite dataset obtained by integrating the four datasets
will give better performance. The overall flow of research is shown in
Figure 1.

Model evaluation metrics

We primarily employ F1-score, Precision, AUC (area under the ROC
curve), Recall, and Specificity as evaluation metrics for assessing model per-
formance. We emphasize the F1-score, Precision, and AUC, with the
F1-score serving as the harmonized average of Precision and Recall. It effect-
ively gauges the model’s capability to accurately and comprehensively de-
tect, with higher values indicating superior performance. The formula for
the Fl-score is shown below.?®

Precision X Recall

1= 45 .  B5___n°
Precision + Recall

Dataset Frequency Lead Length
YY2023 500 Hz 12 10s
CPSC2018 500 Hz 12 6—60s
PhysioNet2017 300 Hz 1 9-61s
PTB-XL 500 Hz 12 10s
PhysioNet2021 500 Hz 12 10s

Normal AF Other All
1542 (23.40%) 1470 (22.31%) 3578 (54.29%) 6590
918 (13.35%) 1098 (15.97%) 4861 (70.68%) 6877
5050 (59.22%) 738 (8.65%) 2740 (32.13%) 8528
2000 (31.11%) 1587 (24.69%) 2841 (44.20%) 6428
7882 (17.46%) 7388 (16.36%) 29 882 (66.18%) 45152
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Figure 2 CLA-AF model architecture diagram. (A) Overall CLA-AF architecture; (B) Attention architecture.

Area under the ROC curve is a robust metric used for the performance of
the classification model, and the higher the AUC, the better the perform-
ance. Precision becomes crucial, especially in scenarios with imbalanced
proportions of positive and negative samples, as it provides insights into

the accuracy when dealing with uneven sample distributions. Additionally,
we calculate the confusion matrix, ROC curve, and PR curve. The confusion
matrix facilitates a comparison between the model’'s predicted labels and
the true labels. ROC curves illustrate the trade-off between the true



86

). Sietal

positive rate and the positive predicted value at different thresholds. It pro-
vides an overall assessment of the model’s performance, regardless of the
specific threshold used for classification. PR curve is a valuable tool for ex-
pressing distinct preferences for precision and recall. It emphasizes the
model’s ability to capture as many true positives as possible, which is crucial
when the cost of false negatives is high.

Results
Performance test of CLA-AF model

Figure 3A illustrates the model’s loss value evolution across epochs. The
loss undergoes a swift decline in the initial stages, converging towards
stability as the epoch approaches 100. In Figure 3E, the model exhibits
outstanding performance in recognizing AF, with F1-score, Precision,
and AUC values of 0.956, 0.970, and 1.00, respectively. These results
underscore the model’s exceptional ability to accurately identify AF
patterns in ECGs, affirming its high performance.

We performed a five-fold cross-validation of the CLA-AF model on
YY2023, and the results are shown in Table 2. We employed Stratified
K-Fold Cross-Validation, an enhanced version of the K-Fold cross-
validation method that works well on unbalanced data. The whole da-
taset, just like the K-Fold, is divided into K-Folds of equal size, and the
proportion of categories in each Fold is guaranteed to be the same as
the proportion of the entire dataset. The performance averages for the
five-fold cross-validation are also high, implying that the hyperpara-
meter values are excellent. We also conducted the maximum vote
on the classification results obtained from each K-Fold test, and the
F1-score and Recall improved to 0.973 and 0.984, respectively.

Validation of generalization ability of
CLA-AF model architecture

The initial aspect, focused on validating the CLA-AF model architec-
ture, pertains to the overall generalization performance of the pro-
posed algorithm. This involved training and testing on CPSC2018,
PhysioNet2017, and PTB-XL datasets, utilizing the same methodology
as YY2023. Table 3 and Figure 4 (Pre-oversample) present evaluation
metrics for each of the four datasets. The F1-score, Precision, and
AUC of YY2023 are 0.956, 0.970, and 1.00, respectively; the
F1-score, Precision, and AUC of CPSC2018 are 0.827, 0.812, and
0.97; F1-score, Precision, and AUC of PhysioNet2017 are 0.589,
0.776, and 0.95; and F1-score, Precision, and AUC of PTB-XL are
0.871, 0.907, and 0.98, respectively. Most of all, the AUC on
CPSC2018, PhysioNet2017, and PTB-XL reached above 0.95. The gen-
eralization performance of the proposed algorithm is shown to be
excellent.

Nonetheless, the model’s performance slightly decreases on the
PhysioNet2017 dataset. The F1-score is only 0.589, and the Recall is
lower than 0.5. When the amount of data of a few categories is small,
the model is prone to bias, resulting in a low recognition rate for a
few categories. Examination of Table 1 reveals that the AF data in
PhysioNet2017 are notably limited, leading to a severe imbalance in cat-
egories. To address this, we implemented oversampling on all training
sets, ensuring a balanced class ratio of 1:1:1. Specifically, the category
with the largest number of samples served as the benchmark, and
the deficit in categories with fewer samples was addressed by randomly
selecting missing samples. This oversampling was exclusively applied to
the training and validation sets. A comparison of test results before and
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Figure 3 YY2023 test results. (A) Change of loss with epoch increases during training; (B) confusion matrix; (C) ROC curve; (D) PR curve; (E)
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Research on AF diagnosis in electrocardiograms

87

Table 2 Stratified five-fold cross-validation on YY2023

F1-score Precision AUC Recall

Specificity

Stratified

K-Fold

1 0.953
2 0.964
3 0.955
4 0.954
5 0.964
Mean 0.958
Post-test 0973

vote

0.958 100  0.949
0.950 1.00 0948
0.952 100 0958
0.938 1.00 0971

0.948 1.00 0981

0.949 1.00 0967
0.963 100 0984

Data in bold are the highest values.

after oversampling is detailed in Table 3 and Figure 4. Minimal altera-
tions were observed in each evaluation metric for YY2023,
CPSC2018, and PTB-XL, while improvements of 0.156 in F1-score,
0.260 in Recall, and 0.02 in AUC were noted for PhysioNet2017.
These outcomes highlight the efficacy of balancing techniques in en-
hancing model performance, particularly for datasets characterized
by severe class imbalances.

The ability of a trained model to recognize
new data

The final aspect involves validating the discriminative power of
the model trained on a specific dataset for new data. Initially, the
generalization performance of the model trained with YY2023
for new data was assessed on ECGs encompassing all cases of AF
from CPSC2018, PhysioNet2017, and PTB-XL. As illustrated in
Figure 5, the AF recognition accuracy is 0.923, 0.978, and 0.921 for

Table 3 The different training and test sets correspond to the values of the evaluation metrics

Train dataset

Test dataset

F1-score

YY2023

CPSC2018

PhysioNet2017

PTB-XL

YY2023 (1:1:1)
CPSC2018 (1:1:1)
PhysioNet2017 (1:1:1)
PTB-XL (1:1:1)

Four datasets

Four datasets (1:1:1)

YY2023
CPSC2018
PhysioNet2017
PhysioNet2017 (resample)
PTB-XL
YY2023
CPSC2018
PhysioNet2017
PhysioNet2017 (resample)
PTB-XL
YY2023
CPSC2018
PhysioNet2017
PTB-XL
YY2023
CPSC2018
PhysioNet2017
PhysioNet2017 (resample)
PTB-XL
YY2023
CPSC2018
PhysioNet2017
PTB-XL

Four datasets
YY2023
CPSC2018
PhysioNet2017
PTB-XL

Four datasets
YY2023
CPSC2018
PhysioNet2017
PTB-XL

0956
0.746
0.163
0413
0.794
0867
0827
0.181
0.469
0799
0171
0252
0589
0176
0856
0810
0.192
0461
0.871
0.955
0833
0775
0882
0876
0.951
0.868
0687
0.891
0.881
0.961
0.868
0697
0899

Precision AUC Recall Specificity
0970 1.00 0.942 0.778
0.631 0.95 0.913 0.716
0270 091 0.848 0272
0.696 0.95 0.924 0.527
0.958 0.98 0.792 0.752
0812 0.97 0.843 0.825
0.100 0.66 0.964 0.087
0.334 091 0.784 0297
0.829 0.95 0.772 0.579
0.789 0.64 0.096 0.640
0.535 0.70 0.165 0.746
0.446 0.57 0.109 0.490
0.964 0.99 0.770 0.422
0.779 0.96 0.843 0.464
0.112 0.63 0.669 0.160
0331 091 0755 0.504
0.907 0.98 0.838 0.772
0.927 1.00 0.990 0.767
0.811 0.97 0.857 0.839
0756 097 0734 0.810
0.876 0.98 0.887 0.774
0.878 098 0.875 0.771
0.973 1.00 0.930 0.772
0.824 0.98 0.917 0.818
0.713 0.96 0.662 0.802
0.899 0.98 0.884 0.664
0.864 0.98 0.899 0.765
0.968 1.00 0.955 0.781
0.816 0.97 0.926 0.786
0.669 0.97 0.727 0.796
0.898 0.98 0.901 0.673

The bolded data are test results from the same dataset for both the training and test sets. The underlined data are the comparison of test results before and after the resampling of the

PhysioNet2017 test set.
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Figure 4 Comparison of the test results before and after oversampling. (A) Confusion matrix, ROC curve, and PR curve comparison before and after
oversampling of YY2023; (B) confusion matrix, ROC curve, and PR curve comparison before and after oversampling of CPSC2018; (C) confusion ma-
trix, ROC curve, and PR curve comparison before and after oversampling of PhysioNet2017; (D) confusion matrix, ROC curve, and PR curve com-
parison before and after oversampling of PTB-XL.
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Figure 6 Test results after PhysioNet2017 resampling. (A) Comparison of PhysioNet2017 signals before and after resampling; (B) ROC curves after
PhysioNet2017 resampling as a test set under the training set YY2023, CPSC2018, and PTB-XL, respectively.

CPSC2018, PhysioNet2017, and PTB-XL, respectively. These However, it is crucial to note that the above assessments are specific
results affirm the model’s robust generalization performance to AF data. The presence of other classes in the test set might influence
for AF. results, warranting further validation of prediction outcomes. We
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Figure 7 Training test results before and after oversampling of the hybrid dataset. (A) Before oversampling; (B) after oversampling.

cross-tested these four datasets, Table 3 presents values for each evalu-
ation metric corresponding to the training and test sets.

Notably, models trained on YY2023, CPSC2018, and PTB-XL
struggled to predict PhysioNet2017 data effectively. The AUC was
0.62, 0.66, and 0.63, respectively. Given PhysioNet2017’s sampling fre-
quency of 300 Hz, which is lower than the recommended 500 Hz or
more for digitized circuit electrocardiographs to ensure high-fidelity re-
cording of ECG waveforms, resampling was performed. This method
utilizes the Fourier method to resample the original signal x, resulting
in N samples along the axial direction. The starting value of the re-
sampled signal is the same as that of x, but the spacing of the samples
is adjusted accordingly (len(x)/N*(x spacing)). Figure 6A compares
ECG signals before and after resampling, illustrating that resampling
did not affect the ECG waveform. Subsequent tests using the re-
sampled PhysioNet2017 test set, as shown in Figure 6B, revealed a sub-
stantial improvement in test results, with an AUC of 0.91. As shown in
the underlined section of Table 3, the specific gravity of each index was
greatly improved after resampling and before sampling. This under-
scores the significance of frequency adaptation between the training
and test sets.

Generalization performance verification
of hybrid training set

Building upon the results above, we posit that the model trained on the
hybrid dataset may exhibit superior performance and enhanced gener-
alization. The composite dataset from the four sources was initially
combined and then divided into training and testing sets at an 8:2 ratio.
Subsequent training, testing, and model evaluation were conducted, as
illustrated in Figure 7A. The category ratio of the merged dataset is

~2:1:3, with the training set also undergoing oversampling, as depicted
in Figure 7B. Before oversampling, the F1-score, Precision, and AUC
were 0.876,0.878, and 0.98, respectively. Following oversampling, these
metrics became 0.881, 0.864, and 0.98, respectively. The marginal dif-
ference in model performance before and after oversampling is negli-
gible, and the achieved AUCs remain consistently high at 0.98,
effectively identifying AF.

Testing was subsequently conducted on separate test sets for
each of the four datasets, with the results presented in Table 3 and
Figure 7. Whether it pertains to PhysioNet2017 at 300 Hz or the other
three datasets at 500 Hz, the model derived from training on the hybrid
dataset demonstrates proficient AF prediction. This observation under-
scores its robust generalization capabilities, making it applicable across
diverse datasets and varied application scenarios.

The aforementioned results underscore the applicability of the
CLA-AF model across diverse datasets, demonstrating robust AF rec-
ognition capabilities. It is evident that the model performs well across
various datasets. Once again, this emphasizes specific requirements
for the training set, with the hybrid dataset proving superior in terms
of training efficacy and heightened generalization abilities.

Additional validation on more diverse
external datasets

To further validate the robustness and applicability of the CLA-AF
model and its ability to detect AF on more datasets, we added the
PhysioNet2021 dataset. The dataset includes annotated 12-lead elec-
trocardiogram records from six sources in four countries on three con-
tinents. We classified it into Normal, AF, and Other, using the same
pre-processing methods. We randomly selected 5000 ECGs from
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Figure 8 PhysioNet2021 test results. (A) F1-score, Precision, AUC, Recall, and Specificity histograms; (B) confusion matrix; (C) ROC curve; (D) PR

curve.

PhysioNet2021 for training and testing. The values of each index, con-
fusion matrix, ROC curve, and PR curve are shown in Figure 8. The
F1-score was 0.941, Precision was 0.902, AUC was 1.00, Recall was
0.981, and Specificity was 0.950.

And to verify the existence of overfitting in our model, we used
PhysioNet2021 for additional validation of the model trained with
YY2023. A total of 1000 AF ECGs were randomly selected for testing,
and the accuracy was 0.952, which proved the generalization ability of
the model, and AF ECGs from multiple countries could still be well re-
cognized. From a wide range of data sources in PhysioNet2021, we can
infer that CLA-AF can also maintain high AF recognition accuracy in dif-
ferent clinical settings, and its robustness and applicability are strong.

Model interpretability

In the realm of deep learning, models are frequently regarded as ‘black
boxes,” and the CLA-AF model is no exception. Due to its intricate in-
ternal mechanisms, we are unable to elucidate its decision-making pro-
cess. Our CLA-AF model has demonstrated exceptional performance
in diagnosing AF; however, we remain uncertain about which specific
features capture the model’s attention. To address this, we employed
the SHapley Additive exPlanations (SHAP) method to interpret the
model’s predictions.”” The SHAP method assigns a value to each fea-
ture that quantifies how much the absence of that feature would alter
the model’s predictions, essentially indicating each feature’s influence
on those predictions.

We computed SHAP values for all three ECGs and visualized both
these values and their corresponding ECG signals. As illustrated in
Figure 9, this provides an interpretation of the model’s prediction results
based on ECG instances from seven distinct patients, showcasing only
one ECG segment per patient. Features with significant contributions
are highlighted in pink. Three of the AF ECGs showed that the model
mainly focused on the recognition of irregular QRS wave clusters and
f waves formed after the absence of P waves, an observation consistent
with the diagnostic criteria for AF. Conversely, a normal ECG empha-
sizes both waveform presence and regularity, while other anomalies fo-
cus specifically on waves that deviate from normal patterns.

Discussion

In this study, the AF recognization model CLA-AF was constructed,
trained, and tested on our YY2023 dataset, and the model performed
well. CLA-AF is a two-stage model composed of CNN, BiLSTM,
and Attention. Then, training tests were conducted on CPSC2018,
PhysioNet2017, and PTB-XL to validate the generalization ability of
the model architecture and show its applicability to different datasets,
where it was found that class imbalance of the datasets made the training
worse, while the performance improved after oversampling. The gener-
alization ability of the trained model to new data was further explored by
testing the effect of AF recognition between different datasets, and it
was found that the frequency of ECG sampling is a crucial factor affecting
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Figure 9 Model interpretation of ECG examples from six different patients. Patients 1-3 were AF, Patient 4 was Normal, and Patients 5 and 6 were

other abnormalities.

the generalization ability, with performance improving after resampling.
Finally, we merge the four datasets and then retrain them for testing. We
find that the model obtained from the hybrid dataset has the best gen-
eralization ability and can accurately identify AF from different datasets.
The SHAP values visualization results demonstrate that the model’s in-
terpretation of AF aligns with the diagnostic criteria of AF.

The ECG is one of the most essential tools for diagnosing and
treating patients with AF. Electrocardiogram data can be either 1D
amplitude data or a 2D image, plotted to form an ECG map, which
can be treated as image processing. Li et al.>° have used a novel ECG
feature map for AF recognition practice by drawing the variation in
the length of RR intervals into a grid map to form a feature map and
then using SVM to classify. The raw data generated by the ECG machine
are the amplitude data of the ECG signal; using image recognition, one
needs to draw an ECG image first, then calculate the length of the RR
interval and draw it to the graph to form the feature map, which is a
complicated process. The accuracy of AF recognition based on the
RR interval only may need to be improved. Therefore, modelling
with raw ECG signals is more accurate, and the procedure is more
straightforward.

Long Short-Term Memories are inherently designed to predict the out-
put of the next moment based on the temporal information from previous

instances. Still, in certain problems, the current output may not only be in-
fluenced by the past state but may also be correlated with future states.
Faust et al.> used LSTM with RR interval signals, achieving an impressive
overall average accuracy of 98.6% on the MIT-BIH dataset. Despite the
high accuracy, the model’s applicability to other datasets remains uncer-
tain. And BiLSTM better captures the dependencies in the sequences by
providing two independent input sequences for the same layer of LSTM,
processed sequentially and in reverse order, and merging them after ob-
taining two more informative sequences.’? Therefore, we used BiLSTM
to identify ECG more accurately, achieving F1-score, Precision, and
AUC of 0.956, 0.970, and 1.00, respectively.

For generalization enhancement, we not only segment the ECG into
segments of the same length and use bidirectional LSTM but also add
Attention to filter features in the network to focus on more critical fea-
tures while avoiding overfitting. The model constructed by Wang
et al.? consists of a 33-layer CNN architecture and an NCBAM mod-
ule, with an average F1-score of 0.966 and an AUC of 0.93 on the
PTB-XL dataset. Although the generalization ability is more robust,
the CLA-AF model outperforms this study with an AUC of 0.98 on
PTB-XL. We also validated it on the CPSC2018 and PhysioNet2017 da-
tasets, with AUC of 0.97 and 0.95, respectively, demonstrating the
strong generalization ability of CLA-AF. Validation on PhysioNet2021
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Table 4 Comparison with existing studies

Author Method Dataset Lead F1-score AUC Precision Interpretability
M. Kent®” TD and FD + CNN PTB-XL 12 — 0.98 — -
Y.-Y.Jo® XDM PTB-XL + Georgia + Chapman + CPSC 12 0.96 0.97 0961 +
A. Sbrollini*®  CNN PhysioNet2021 12 — 097 — -
Y. Dong™ MBSF-Net CPSC2018 12 0.84 — 0.837 -
S. Choi®! LSTM + DL PTB-XL + China dataset 1 0.94 098 093 +
G-W. Yoon*?  GAN + ResNet MUSE + PTB-XL 1 0.81 — 0.76 -
C.-H. Hsieh*®  end-to-end CNN PhysioNet2017 1 0.78 — 0.78 -
Our study CNN +BILSTM + Attention  YY2023 1 0.96 1.00 0.97 +

from a wide range of data sources shows that CLA-AF can also maintain
high AF recognition accuracy in different clinical settings, and its robust-
ness and applicability are strong.

Shu et al.*® used an automated system combining CNN and LSTM to
diagnose five arrhythmia ECGs and achieved 98.10% accuracy on the
MIT-BIH. Yildirim et al.>* proposed a new model for wavelet sequences
based on bidirectional LSTM that also recognized five arrhythmias on
the MIT-BIH, achieving a high recognition rate. These studies proved
the feasibility of combining CNN and bidirectional LSTM to identify
ECG to make the AF diagnosis faster and more accurate, and the model
has a wider scope of application. Despite the combination of CNN and
Transformer layers can also capture local and global dependencies in
the input data, the previous study by Kim et al.® still concluded that
CNN +LSTM is superior to CNN + Transformer for AF recognition.
We added Attention to constructing the AF diagnostic model
CLA-AF based on combining CNN and bidirectional LSTM, and the ex-
perimental results also proved that it has a high accuracy rate and a
strong generalization ability. However, we only need to identify the
single-lead to achieve an accuracy rate of 0.970 without needing all
the data in the 12-lead. This improves efficiency and a higher detection
effect with less data volume.

When the categories of the dataset are severely imbalanced, the
model is focused more on the categories with larger sample sizes,
thereby reducing the learning effect of a small number of sample cat-
egories. Liu et al*® improved 0-0.06 in the F1-score by enlarging the
sample sizes of a few categories. After oversampling the
PhysioNet2017 training set, the F1-score and Recall improved by
0.156 and 0.260, respectively. We believe that oversampling the train-
ing set is required when the ratio of fewest to most classes is <15%.
Different sampling frequencies of ECGs affect the prediction results,
and after resampling the PhysioNet2017 test set, the accuracy im-
proves substantially. Results from jointly training the four datasets
underscore the achievement of an AUC exceeding 0.96 for each data-
set. Therefore, if the training set contains all the data with different sam-
pling frequencies and class ratios, the model obtained from training on
this hybrid dataset may have better generalization ability.

Comparison with studies using ECG to detect AF, as shown in
Table 4, although there is good accuracy in the literature, most of
them are based on 12-leads, and we achieved a satisfactory diagnosis
using a single lead. We can observe that the studies with higher
F1-score and AUC use 12-leads for identification, while Choi et al.*'
achieved an AUC of 0.98 using only one lead, demonstrating the effi-
cacy of LSTM for AF identification. We used the same lead Il as this
study, but our F1-score, AUC, and Precision metrics were superior
to that study. On the same dataset, we achieved 12-lead equivalents
using a single lead as in Kent’'s PTB-XL and Dong’s CPSC2018, and
we even achieved an AUC of 1.00 on PhysioNet2021, superior to
Sbrollini’s 0.97.>”~* The F1-score and AUC of our CLA-AF model

are not only greater in each method with 12-leads but also more prom-
inent in each method with a single lead.

Jo et al.*® require doctors to manually annotate features such as the
presence of P waves and PR intervals for each ECG. Choi et al.*' seg-
mented the ECG into bands such as PreQ and QRS. Sbrollini et al®®
converted the ECG signals from 1D to 2D greyscale images, but we
save time and resources by not requiring additional data conversion
and heartbeat segmentation. We validated the generalization ability
on several datasets from different sources, and also tried to interpret
the predictions of the model using the SHAP method. In conclusion,
a multifaceted comparison in terms of metrics such as AUC, pre-
processing work, generalization ability, and interpretability revealed
the high recognition rate of the CLA-AF model for AF in a single lead
and proving the effectiveness of our method.

Consequently, the CLA-AF model we devised proves accurate and
effective for diagnosing AF. It showcases enhanced generalization
across diverse datasets, introducing a novel perspective to further im-
prove the efficiency and accuracy of AF diagnosis and establishing a re-
search foundation for predicting AF risk.

Conclusion

In this study, we developed a CLA-AF model using CNN, bidirectional
LSTM, and Attention to accurately identify AF in ECG. The results dem-
onstrate the model’s effectiveness in AF diagnosis, and its robust gen-
eralization ability was validated across diverse datasets, including
CPSC2018, PhysioNet2017, and PTB-XL. We addressed challenges
such as class imbalance and sampling frequency, finding that oversam-
pling and resampling are effective solutions. Notably, training on a hy-
brid dataset yielded the best generalization performance, making the
model applicable to different datasets. Finally, the robustness and ap-
plicability of the CLA-AF model in different clinical settings were veri-
fied in PhysioNet2021. And the SHAP values visualization results
demonstrate that the model’s interpretation of AF aligns with the diag-
nostic criteria of AF. This research not only introduces a valuable meth-
od for AF identification in ECG but also lays the groundwork for
algorithms and research directions, contributing to precise treatment
and risk prediction for AF patients.

Limitation

In this study, we developed a novel CLA-AF model and evaluated its ac-
curacy and generalization ability in detecting AF, achieving promising re-
sults. However, several limitations remain. In clinical practice, the ability
to predict AF may be more valuable than merely diagnosing it. Our
study focused exclusively on diagnosis, without exploring the potential
for prediction, which could be more meaningful if combined with



94

). Sietal

specific clinical data. Moreover, future research should aim to validate it
across a broader range of datasets from diverse clinical settings.

Supplementary material

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