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Abstract

Atrial fibrillation (AF) is a common arrhythmia associated with major adverse cardiovascu-
lar events. Early detection and short-horizon risk prediction are therefore clinically critical.
Prior attention-based electrocardiogram (ECG) models typically treated subtype classifica-
tion and short-horizon onset risk prediction as separate tasks and optimized attention in
only one representational dimension rather than in a coordinated hierarchy. We propose
a hierarchical multiattention temporal fusion network (HMA-TFN). The proposed frame-
work jointly integrates lead-level, morphology-level, and rhythm-level attention, enabling
the model to simultaneously highlight diagnostically informative leads, capture waveform
abnormalities, and characterize long-range temporal dependencies. Moreover, the model
is trained for dual tasks—AF subtype classification and 30-min onset prediction. Experi-
ments were conducted on three open-source databases and the Fuzhou University–Fujian
Provincial Hospital (FZU-FPH) clinical database, comprising thousands of dual-lead ECG
recordings from a diverse subject population. Experimental results show that HMA-TFN
achieves 95.77% accuracy in classifying paroxysmal AF (PAAF) and persistent AF (PEAF),
and 96.36% accuracy in predicting PAAF occurrence 30 min in advance. Ablations show
monotonic gains as each attention level is added, delivering 14.0% accuracy over the base-
line for subtyping and 5.2% for prediction. Grad-CAM visualization highlights clinically
relevant features such as absent P-waves, confirming model interpretability. On the FZU-
FPH clinical database, it achieves a generalization performance of 94.31%, demonstrating
its strong potential for clinical application.

Keywords: atrial fibrillation; ECG signals; attention mechanism; neural network; early
detection
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1. Introduction
Atrial fibrillation (AF) is the most prevalent clinical arrhythmia; it affects over

50 million individuals worldwide and is significantly associated with malignant cardiovas-
cular complications including stroke and heart failure [1]. AF is classified into four patterns
based on duration and termination: paroxysmal (PAAF), persistent (PEAF), long-standing
persistent (LSPEAF), and permanent (PERMAF) [2]. PAAF exhibits abrupt onset and spon-
taneous termination, and asymptomatic intervals last for months. PAAF’s transient nature
often eludes detection on routine electrocardiogram (ECG) [3]. Although detectable by
standard ECG, LSPEAF and PERMAF are often diagnosed late when patients have already
missed the optimal intervention window [4]. This persistent diagnostic gap underscores
the critical imperative for developing timely, effective AF detection strategies.

Algorithms currently applied in the AF domain can be broadly categorized into
classification and prediction paradigms. Classification algorithms primarily focus on binary
discrimination between AF and normal sinus rhythm by establishing static associations
between ECG characteristics and episode patterns. Feng et al. [5] achieved 98.5% accuracy
using a deep ensemble method network. Makhir et al. [6] reported 98.97% sensitivity
and 98.75% specificity with a domain-adaptive residual network. Argha et al. [7] attained
97.87% sensitivity and 99.29% specificity using a CNN-LSTM hybrid model on the MIT-BIH
AF Database. Zhou et al. [8] developed a multimodal prediction model incorporating
spatiotemporal ECG analysis and achieved 90.79% accuracy on multidimensional data.
Wang [9] proposed an 11-layer CNN combined with a modified Elman neural network
and obtained 97.4% accuracy, 97.9% sensitivity, and 97.1% specificity on the MIT-BIH
AF database. Laith et al. [10] synthesized 171 studies to clarify the relationship between
temporal dimensions and clinical objectives. They proposed that AF risk prediction models
can be categorized by time scale (minute-scale to medium-to-long-term) and predicted
events (immediate onset, onset, recurrence, and progression). The following are the specific
categories and related studies:

Minute-scale AF immediate onset risk prediction: Laith et al. [10] developed WARN, a
lightweight CNN model using R-R intervals, and delivered 83% accuracy with an average
30.8-min prediction horizon. Gliner et al. [11] proposed a Component-Aware Transformer
model, achieved 92% accuracy in AF detection using single-lead ECGs, and demonstrated
its potential for real-time AF onset prediction at millisecond resolution.

Short-term AF onset risk prediction: Wu et al. [12] utilized R-R-interval variability
features in a gradient boosting decision tree to predict 2-h AF onset risk. Singh et al. [13]
developed a machine learning model using clinical variables and ECG features to predict
2-h AF onset risk in patients with acute coronary syndrome and achieved an AUC of 0.832.

Short-to-medium-term AF recurrence risk prediction: Wang et al. [14] implemented
an end-to-end deep learning architecture analyzing PPG signals from wearable devices for
48-h recurrence prediction. Zvuloni et al. [15] used a random forest model to analyze pre-
and post-ablation 12-lead ECGs for predicting 30-day AF recurrence, achieved an AUC of
0.74, and underscored the importance of dynamic ECG morphology changes.

Medium-to-long-term AF progression risk prediction: Fu et al. [16] built a transfer
learning-based survival model predicting 3-year progression to PEAF. Raghunath et al. [17]
combined 12-lead ECG features with clinical variables in a random forest model to estimate
1-year incident AF risk. Wang et al. [18] developed a risk model combining Minnesota Code
ECG classifications with clinical variables to predict 1-year incident AF risk and achieved
an AUC of 0.84 in a worker population.

While classification algorithms use static feature mapping and prediction models
employ risk-threshold stratification, this paper’s novel comodeling framework transcends
single-task limitations in AF subtyping-prediction. The proposed approach fuses AF
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subtype classification with dynamic risk forecasting to extract premonitory electrophysio-
logical instability signatures in patients with PAAF and to enable 30-min advance warnings.
Multitask collaborative optimization enhances subtype discrimination and progression
prediction within a single architecture.

Concurrently, innovations in attention mechanisms have opened new avenues for ad-
vanced feature extraction in ECG analysis, and strategic deployments span multiple analyt-
ical dimensions. Yildirim et al. [19] introduced a multilead attention mechanism with CNN
BiGRU for dynamic lead weighting in myocardial infarction detection. Taniguchi et al. [20]
proposed a dual-attention network using parallel channel spatial attention to adaptively
fuse multi lead ECG features and significantly improved arrhythmia classification. Khur-
shid et al. [21] introduced PA2Net with cycle-aware attention for fetal ECG extraction, and
its enhanced CSGSANet variant [22] further improved time–frequency feature representa-
tion in noisy conditions. Hirsch et al. [23] combined BiGRU with attention mechanisms
to localize and adaptively weight key morphological fiducial points, and to boost noise
robustness and morphological recognition precision substantially. For rhythm modeling,
Godwin et al. [24] engineered a multistream attention CRNN incorporating GAN-based
augmentation for analyzing clustered 9-s ECG segments. Wu et al. [25] achieved superior
AF detection robustness using integrated multiscale convolution and adaptive feature
enhancement. Rahul et al. [26] proposed a joint time–frequency attention RNN that uses
temporal attention to localize critical beats and spectral attention to enhance rhythm
relevant components and effectively modeled long-range dependencies for arrhythmia
detection. Recent work by Xing et al. has demonstrated the application of advanced deep
learning approaches to rehabilitation, including 3D graph deep learning with laser point
clouds for hand segmentation and 3D deep learning with point cloud analysis for human–
machine interaction in aging populations [27,28]. These studies highlight the broader
potential of modern neural architectures to capture structural and morphological features
from complex biomedical data, which motivates our exploration of morphology-aware
models for atrial fibrillation analysis.

These advances demonstrate the effectiveness of attention mechanisms in adapting
to ECG diagnostic patterns. They help optimize lead contributions, detect morphological
changes, and capture rhythmic dependencies. However, existing studies have mainly con-
centrated on isolated attention optimizations within a single dimension, lacking hierarchical
synergistic modeling, and have typically treated subtype classification and short-horizon
risk prediction as independent tasks. To address these limitations, this study proposes a
three-level cooperative attention framework capable of simultaneously performing subtype
discrimination and short-term risk prediction, further enhanced with Gradient-weighted
Class Activation Mapping (Grad-CAM) visual interpretability and validated on a real-
world clinical cohort.

This study contributes to the literature as follows:

1. Advancing dual-task AF modeling. This study reframes AF analysis by unifying
subtype classification and short-horizon risk prediction into a single end-to-end
HMA-TFN framework. This dual-task formulation contributes a new paradigm for
simultaneously addressing diagnostic classification and proactive risk assessment,
thereby enriching AF detection and short-horizon risk strategies.

2. Hierarchical multiattention. By coordinating attention across lead, morphology, and
rhythm levels, this work contributes a hierarchical mechanism that mirrors clinical
reasoning—from multilead comparisons to waveform inspection and rhythm analy-
sis. The demonstrated monotonic gains highlight the scientific value of progressive,
synergistic feature integration over isolated attention approaches.
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2. Methodology
The overall research framework is illustrated in Figure 1. The method standardizes

data from three public ECG databases, then constructs a CNN-LSTM model enhanced
with hierarchical attention across lead, morphology, and rhythm levels. Performance is
evaluated on two tasks: PAAF/PEAF classification using Long-term Atrial Fibrillation
Database (LTAFDB) and 30-min AF onset prediction using multisource data, including
the Fuzhou University–Fujian Provincial Hospital (FZU-FPH) clinical database, to inform
future research.

Integration and Preprocessing of ECG Databases

Model Construction

ECG database

MBAFDB

MBNSRDB

LTAFDB

Preprocessing 

Normalization

Segmentation

Filtering  
Denoising

Model Performance Evaluation.

Subsequent Tx

LTAFDB

 Atrial Fibrillation 
Classification  

Paroxysmal Atrial 
Fibrillation

 Persistent Atrial 
Fibrillation

Atrial Fibrillation 
Prediction 

NSR Within 30min 
Pre-AF Onset

Normal Sinus 
Rhythm

LTAFDB

MBAFDB

MBNSRDB

FZU-FPH
DB

CNN-LSTM Baseline Model

Lead-level 
attention

Morphology-level 
attention.

Rhythm-level 
attention.

 
Figure 1. Overall research process framework of this paper.

2.1. Datasets

This study used three public ECG databases from PhysioBank: MIT-BIH Atrial Fibril-
lation Database (MBAFDB) with 25 patients with PAAF, 23 two-lead 10-h records at 250 Hz
from Beth Israel Hospital; MIT-BIH Normal Sinus Rhythm Database (MBNSRDB) with
18 normal subjects, two-lead 24-h records at 128 Hz from Beth Israel Hospital; LTAFDB
with 84 patients with PAAF/PEAF, two-lead 24–25-h records at 128 Hz from Northwestern
University. Additionally, the clinically derived FZU-FPH database, jointly developed by
Fuzhou University and Fujian Provincial Hospital, provided 948 portable-system-acquired
seven-lead, 10-min recordings (100 Hz) and 3000 multilead Holter datasets converted from
PDF formats.

AF morphology and rhythm signatures are not equally expressed across leads. Lead
V1 emphasizes atrial activity, including f-wave amplitude, dominant frequency, and P-
terminal force, which are highly informative for detecting atrial fibrillation. Lead II, on
the other hand, provides clearer P-wave morphology and more stable RR-interval regu-
larity, features that facilitate reliable discrimination between sinus rhythm, pre-AF states,
and paroxysmal versus persistent AF. Considering these complementary advantages, we
adopted the leads II and V1 as the primary input for our model. This pairing not only
reflects well-established clinical practice, where V1 and II are regarded as the most AF-
sensitive leads, but also enhances the robustness of the model by combining morphological
and rhythm-based information [29].

The LTAFDB was employed for PAAF versus PEAF classification and was partitioned
into training, validation, and test sets at an 8:1:1 ratio. For PAAF onset prediction, LTAFDB
and MBAFDB provided normal sinus rhythm segments (N’) within 30 min preceding AF
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episodes. These data were combined with pure normal sinus rhythm data (N) from the
MBNSRDB and then divided into training, validation, and test sets at 8:1:1 ratio. The
clinical FZU-FPH Database served exclusively as a clinical test set for PAAF prediction
and contained 176 N’ samples and 176 N samples to validate model generalizability in
real-world clinical settings. All ECG data were filtered, denoised, baseline-corrected,
normalized, sorted into PAAF/PEAF and normal samples, and cut into 7.5-s fragments at a
unified sampling rate for model input. Table 1 summarizes the details of the four databases.

Table 1. Details of the four adopted databases.

Task Data Source Sample Type Label Patients Samples Length
(Points)

Split
(Train/Val/Test)

PAAF vs. PEAF Classification
LTAFDB PAAF PAAF 31 4500 960 (7.5 s) 7200/900/900LTAFDB PEAF PEAF 16 4500 960 (7.5 s)

Early Prediction (≤30 min pre-AF)
LTAFDB Normal rhythm ≤ 30 min pre-AF N’ 23 4820 960 (7.5 s)

14,080/1760/1760MBAFDB Normal rhythm ≤ 30 min pre-AF N’ 19 3980 960 (7.5 s)
MBNSRDB Healthy sinus rhythm N 18 8800 960 (7.5 s)

Clinical Test
FZU-FPH Normal rhythm ≤ 30 min pre-AF N’ - 176 Variable Test onlyFZU-FPH Normal rhythm > 30 min pre-AF N - 176 Variable

2.2. Baseline Model Construction

Before adding a hierarchical multiattention mechanism, a baseline model is built as
the preliminary feature extraction network for ECG signals. The structure of the model is
shown in Figure 2. The proposed baseline model is a combination of CNN and Bi-LSTM.

Input Layer

Dual-lead ECG signals

CNN Module
Convolutional Layer

Max Pooling Layer
Convolutional Layer

BN Layer
Max Pooling Layer

Convolutional Layer

Bi-LSTM Module

Fully Connected Layer

Output Layer

BN Layer

BN Layer
Max Pooling Layer

Figure 2. Network structure of the baseline model.

The baseline model consists of an input layer, a CNN module, a Bi-LSTM module,
a fully connected layer, and an output layer. In this study, the combination of CNN and
BiLSTM is motivated by their complementary strengths. CNN is effective at capturing
local morphological features such as P-wave absence, f-wave oscillations, and QRS mor-
phology, but it is limited in modeling long-term temporal dependencies. BiLSTM, with its
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bidirectional memory, better represents the dynamic evolution of rhythms over time. Al-
though some overlap exists in short-term feature modeling, CNN emphasizes local patterns
while BiLSTM focuses on global dynamics [30]. Prior studies have shown that integrating
convolutional features with recurrent modeling improves arrhythmia detection perfor-
mance [31]. Therefore, the CNN–BiLSTM baseline has theoretical justification, providing a
more comprehensive representation of AF characteristics than a single module alone.

A CNN is typically composed of several types of layers: convolutional layers, ac-
tivation function layers, and pooling layers. In this study, the parameters of different
convolutional layers are designed as follows: The convolution kernel sizes are designed
to decrease progressively from 7 × 1 to 5 × 1 and finally to 3 × 1. This coarse-to-fine
progression enables shallow layers to capture broader morphology and low-frequency com-
ponents, while deeper layers specialize in sharper deflections and local transitions [32–34].
Meanwhile, the number of kernels increases from 32 to 64 and then to 128, allowing richer
feature hierarchies to be extracted as temporal resolution decreases, while empirical tuning
confirmed diminishing returns beyond 128 channels [35]. All convolutional layers adopt
unit stride with same padding to preserve temporal alignment of atrial and ventricular
landmarks, while pooling explicitly reduces dimensionality, enlarges the receptive field,
and retains rhythm-critical information [35,36]. For activation functions, ReLU is used
in CNN layers to enhance feature sparsity and avoid vanishing gradients, while Tanh is
applied in the Bi-LSTM to stabilize temporal dynamics, followed by SoftMax for classifi-
cation; these are widely accepted choices in ECG CNN–RNN architectures [37]. Baseline
architecture details are presented in Table 2.

Table 2. Design of specific parameters of the baseline module.

Layers Type Kernel Channel Strid Activation Output
1 Input / / / / [960, 1, 2]
2 Conv 7 × 1 32 1 × 1 ReLU [960, 1, 32]
3 Pooling 4 × 1 / 2 × 1 / [480, 1, 32]
4 Conv 5 × 1 64 1 × 1 ReLU [480, 1, 64]
5 Pooling 2 × 1 / 1 × 1 / [240, 1, 64]
6 Conv 3 × 1 128 1 × 1 ReLU [240, 1, 128]
7 Bi-LSTM 128 Tanh [240, 256]
8 FC 64 ReLU [32]
9 Output 2 SoftMax [2]

2.3. Lead-Level Attention

Because diagnostic features may reside in specific leads, an attention mechanism
differentially weights each ECG lead to emphasize condition-relevant signals selectively.
Given our two-lead data, lead-cascade attention processes interlead information. Lead-
level attention first initializes the training parameters and then passes the two-lead signal
through a two-layer neural network to extract features. Finally, a SoftMax activation maps
the network’s output to attention scores [38], as shown in Formula (1).

α = so f tmax((tanh(x·W + b))·V), (1)

where V, W, and b are the lead-level attention parameters learned during training; x
represents the input data of the lead level attention module; α represents the calculated
attention coefficient corresponding to each cardiac lead that is then multiplied with the
original input to represent the output after the lead-level attention module.

2.4. Morphology-Level Attention

The ECG records the heart’s electrical activity. Each cardiac cycle comprises character-
istic waveforms, including P wave, QRS complex, and T wave. To capture how different
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morphological features of these waveforms influence disease diagnosis, this paper intro-
duces a Conditional Convolution (CondConv) layer. CondConv is a dynamic convolution
method that adaptively generates convolutional kernel parameters based on input data.
CondConv replaces static convolution kernels by dynamically determining kernel param-
eters from global input features. This mechanism enhances the model’s adaptability to
heterogeneous data distributions. CondConv’s core concept lies in constructing dynamic
weights via linear combinations of multiple expert kernels, which enables the network to
learn input specific feature representations.

Let the input feature map be X ∈ RH×W×Cin . The output feature map of CondConv
Y ∈ RH×W×Cout is computed as follows [39]:

A global feature vector is extracted via Global Average Pooling (GAP):

g = GAP(X) ∈ RCin (2)

Expert weights α ∈ Rn are generated using a learnable matrix R ∈ RCin×n and a
Sigmoid function:

α = Sigmoid
(

gT R
)

(3)

where n is the number of experts, and α = [α1, α2, . . . αn] satisfies ∑n
i=1 αi = 1. A

dynamic kernel is synthesized: Wdyn by weighted summation of n expert kernels

{Wi ∈ Rk×k×Cin×Cout
}

Wdyn =
n

∑
i=1

αiWi (4)

The dynamic kernel is applied to the input feature map:

Y = Wdyn × X + b (5)

where b ∈ RCout denotes the bias term, and × represents the convolution operation.
The CondConv operation can be formally expressed as follows:

Y = σ

((
n

∑
i=1

αiWi

)
× X

)
(6)

To capture detailed ECG features, the conditional parameterized convolutional layer
uses 128 kernels of size 3 × 1, with stride 1 × 1 and padding to preserve input–output
dimensions. The conditional parameterized convolutional layer employs ReLU activation,
and with the number of experts set to n = 3, each sample’s convolution kernel is computed
as a linear combination of three kernel sets. In this way, the learning ability of the model
can be improved while controlling the amount of computation. The flowchart for the
implementation of the final morphological-level attention is shown in Figure 3, where GAP
represents the global average pooling, num_experts represents the number of experts as 3,
and Matmul presents the matrix multiplication.

The three expert kernels in the morphological-level attention module were initial-
ized using standard random initialization rather than manually encoding AF specific
morphological priors. This choice is based on established CNN theory, where random
initialization combined with sufficient data and appropriate optimization reliably leads to
convergence toward clinically meaningful filters. Previous work has shown that convo-
lutional kernels trained from random initializations can successfully learn atrial-related
morphological features such as P-wave absence, f-wave oscillations, and irregular RR inter-
vals without handcrafted priors [30,31]. Moreover, the conditional convolution mechanism
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further guides the learning process by dynamically weighting expert kernels according to
input-specific morphology, thus accelerating convergence toward AF relevant patterns.

(N,num_experts)

(N,num_experts)

(N,Cin)

(N,h*w*cin*cout)

X(N,H,W,Cin)

expert1
(h,w,cin,cout)

expert3
(h,w,cin,cout)

expert2
(h,w,cin,cout)

(num_experts,h*w*cin*cout)

Initialization

(1,H,W,Cin) (1,H,W,Cin) (1,H,W,Cin) …

…β1
(h,w,cin,cout)

β3
(h,w,cin,cout)

β2
(h,w,cin,cout)

Y(N,H,W,Cout)

GAP

Dense(Cin,num_experts)

Sigmoid

Matmul

Conv Conv Conv

Split

Split

Concat

Figure 3. Flowchart of the implementation of morphological-level attention.

2.5. Rhythm-Level Attention

ECG signals exhibit inherent rhythmic relationships reflecting the heart’s regular
electrical activity. Analyzing these rhythms is crucial for assessing cardiac function and di-
agnosing pathologies. This paper employs a rhythm-level attention mechanism to capture
temporal dependencies and rhythmic patterns in long-duration ECG waveforms. This ap-
proach enables comprehensive modeling of how these patterns influence disease diagnosis
and offers a deep insight into cardiac health. The rhythm-level attention employs the Q, K,
and V computation pattern [40]. This pattern refers to mapping different position vectors
of the input sequence into three distinct spaces. Specifically, through non-linear mapping of
the input sequence via fully connected layers, three vectors are obtained: the query vector
Q, key vector K, and value vector V. Assuming the input sequence is X = [x1, x2, . . . xn], the
computation is shown in Formulas (7)–(9) and yields Q = [q1, q2 . . . qn], K = [k1, k2 . . . kn],
and V = [v1, v2 . . . vn] as matrices composed of query, key, and value vectors, respectively.

Q = Denseq(X) (7)

K = Densek(X) (8)

V = Densev(X) (9)

After obtaining the Q, K, and V vectors, for each query vector qn ∈ Q at position n, its
correlation with key vectors at all other positions is calculated to derive the corresponding
attention weights for the key vectors at the remaining positions. Finally, multiplying these
attention weights with the value vectors at their respective positions yields the output of
the self-attention mechanism, as illustrated in Figure 4.

This computation is represented by Formula 10, where hn denotes the output vector at
position n computed from the query vector at that position. Here, n, j ∈ [1, N] represent
the positions of vectors in the output and input sequences, respectively. γnj signifies the
attention weight generated by the correlation calculation between the n-th and j-th positions
in the input sequence, and s

(
qn, k j

)
represents the correlation computation between these
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two positions. The weights are then mapped to the interval [0, 1] using the SoftMax
activation function.

hn = attention((K, V), qn) =
N

∑
j=1

γnjvj =
N

∑
j=1

so f tmax
(
s
(

qn, k j
))

vj (10)

X1

q1 k1 v1

…

Xn

qn kn vn

X2

q2 k2 v2

γ11 γ12 γ1n

γ21 γ22 γ2n

γn1 γn2 γnn

h1 h2 hn…
 

Figure 4. Rhythm-level attention diagram.

2.6. Hierarchical Multiattention Temporal Fusion Network Construction

The specific integration architecture of the final hierarchical multiattention mechanism
with the baseline model is illustrated in Figure 5, which demonstrates the hierarchical
fusion of three attention modules:

1. Lead-level attention dynamically weights two-lead ECG signals through channel-wise
attention gates.

2. Morphology-level attention integrates CondConv generated kernels to emphasize
waveform-specific features (P-wave suppression and F-wave enhancement).

3. Rhythm-level attention applies multihead temporal self-attention to model arrhythmic
patterns.

Input Layer

Dual-lead ECG signals

Lead-level attention

Morphology-level attention

CNN-BiLSTM Module

Rhythm-level attention

Output Layer
 

Figure 5. Hierarchical multi-attention temporal fusion network module.
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3. Experimental Results and Analysis
3.1. Basic Setting

All experiments were conducted on workstations equipped with NVIDIA GeForce
3090 GPU, Intel (R) Xeon (R) Silver 4114 CPU @ 2.20 GHz CPU. The software environment
included Ubuntu 22.04 operating system, Python 3.9.21, TensorFlow 2.19, CUDA 12.4. For
model training, the Adam Optimizer was adopted with an initial learning rate of 0.001, and
the cross-entropy loss function was used to optimize the model parameters. The model was
trained for 200 epochs with a batch size of 32. The validation set monitored performance
and prevented overfitting. The checkpoint with the highest validation accuracy was saved
as the best model.

3.2. Model Evaluation Metrics

Model evaluation metrics quantify a deep learning model’s predictive performance,
accuracy, and stability. Before calculation, a confusion matrix (Table 3) was constructed.
The key terms were defined as follows. True Positive (TP): The sample’s true label and
predicted label are both positive. True Negative (TN): The sample’s true label and predicted
label are both negative. False Positive (FP): The sample’s true label is negative, but the
predicted label is positive. False Negative (FN): The sample’s true label is positive but the
predicted label is negative.

Table 3. Categorical confusion matrix.

Prediction
Positive Class Negative Class

Label
Positive Class True Positive

(TP) False Negative sample (FN)

Negative Class False Positive sample
(FP) True Negative sample (TN)

The main evaluation indicators in this paper include accuracy rate, recall rate, preci-
sion, specificity, and F1 score. These metrics evaluate the model’s classification performance
from multiple perspectives and provide a comprehensive assessment of accuracy, sensitiv-
ity, specificity, and other relevant factors [41]. The corresponding calculation expressions
are shown as follows:

Accuracy =
TP + TN

TP + FP + TN + FN
× 100% (11)

Recall =
TP

TP + FN
× 100% (12)

Precision =
TP

TP + FP
× 100% (13)

Speci f icity =
TN

TN + FP
× 100% (14)

F1 = 2 × Precision × Recall
Precision + Recall

× 100% (15)

3.3. Classification of Paroxysmal Atrial Fibrillation and Persistent Atrial Fibrillation

To investigate the effect of the proposed three-level attention mechanism on model
performance, classification of PAAF and PEAF was conducted on the validation set. The ex-
periments were conducted under different model architecture configurations, as presented
in Table 4.
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Table 4. Ablation experimental design.

Baseline Model Lead-Level Attention Morphology-Level Attention Rhythm-Level Attention
Model A ✓ / / /
Model B ✓ ✓ / /
Model C ✓ ✓ ✓ /
Model D ✓ ✓ ✓ ✓

Model A consists of the baseline model. Model B is composed of the baseline model
and lead-level attention. Model C consists of the baseline model, lead-level attention, and
morphology-level attention. Model D is made up of the baseline model, lead-level attention,
morphology-level attention, and rhythm-level attention.

The confusion matrix generated on the validation set is presented in Figure 6. The
calculation results of various indicator performances of different models on the validation
set are shown in Table 5. The accuracies of models A, B, C, and D are 81.66%, 86.77%,
92.33%, and 95.66%, respectively. The accuracy gradually increases from model A to model
D, which proves the effectiveness of the multilevel attention mechanism model.

Figure 6. Models A, B, C, and D obfuscate matrices for AF subtype classification on validation set.

Table 5. Comparison of metric performance of different models for AF subtype classification on the
validation set.

Model Accuracy Precision Recall F1

Model A 81.66% 84.90% 81.66% 81.23%
Model B 86.77% 86.97% 86.77% 86.75%
Model C 92.33% 92.34% 92.33% 92.33%

Model D (HMA-TFN) 95.66% 95.76% 95.66% 95.66%

During the model training, the curves showing the changes in the accuracy and loss
function values of the training set and the validation set with the number of training batches
are shown in Figure 7.

Figure 7. Training and validation curves for AF subtype classification model.
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In recent years, research on the classification of PAAF and PEAF is still in its initial
stage, so related literature is limited. After a review, the comparison results of specific
research methods and model performances from recent studies with those of this paper are
shown in Table 6.

Table 6. Comparisons with other relevant studies.

Approach Methods Features Used Accuracy Precision Recall F1

Yang [42] LDAA Sparse representation of
atrial activity spectrum 88.82% / 95.24% /

Li [43] SVM RR interval-related features 91.23% 94.23% 88.96% 91.52%
Singh [44] ANFIS RR interval-derived SAV 89.33% 87.22% 89.33% 88.26%

Myrovali [45] SAFE Score Clinical/laboratory
parameters 83% 80%

Kim [46] CNN-LSTM
Ensemble Pattern transition features 91.26% 82.21% 95.79%

Kraft [47] 1D ConvNeXt
V2 Single-lead ECG signals 98.6%

Xie [48] CNN Printed 12-lead ECG
during sinus rhythm 78.6% 87.5% 66.7% 82.4%

Wang [49] LR + RF Multi-omics data 89.2% 83% 80% -

Raghunath [17] Logistic
Regression Cortical biomarkers 88%

Duangburong
[50] ANFIS RR interval-derived SAV 89.33% 87.22% 89.33% 88.26%

Proposed HMA-TFA Raw dual-lead ECG signals 95.77% 95.78% 95.78% 95.77%

Table 6 indicates that most current AF classification studies still rely on manual ECG
feature extraction via signal analysis. These features are then processed by classical machine
learning algorithms, which limits the models’ generalization ability. This paper employs
deep learning to bypass manual feature extraction. This paper proposes a hierarchical mul-
tiattention temporal fusion network based on CNN-LSTM to analyze raw dual-lead ECG
signals. The proposed model outperforms related studies in classification performance.

3.4. Early Prediction of Paroxysmal Atrial Fibrillation

For the experiment of predicting PAAF in advance, the databases MBAFDB, LTAFDB,
MBNSRDB, and FZU-FPH were used. The normal sinus rhythm data within 30 min before
the onset of PAAF in patients were extracted. As shown in Figure 8, these data were labeled
as N’. After screening, 23 patients from the LTAFDB and 19 patients from the MBAFDB
met the criteria. Then, 18 subjects from the MBNSRDB were regarded as a normal sinus
rhythm population who had never experienced AF. Completely normal sinus rhythm data
were extracted from them and labeled as N.

Atrial fibrillation lasts more than 30 minutesNormal sinus rhythm lasts for 30 minutes

Label N'

Figure 8. N’ diagram of normal sinus rhythm.

The HMA-TFN model was used to learn and train for the problem of predicting PAAF
in advance. This approach is equivalent to solving a binary classification problem between
completely normal sinus rhythm and normal sinus rhythm before the onset of AF. The
confusion matrices generated by the four models on the validation are shown in Figure 9.
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Figure 9. Models A, B, C, and D obfuscate matrices for early prediction on the validation set.

Moreover, the calculation results of various indicator performances of different models
on the validation set are shown in Table 7. The accuracies of models A, B, C, and D are
90.28%, 92.38%, 94.26%, and 95.51%, respectively. The F1 scores of models A, B, C, and D are
90.27%, 92.34%, 94.25%, and 95.50%, respectively. The accuracy and the F1 score gradually
increase from model A to model D, which proves that the hierarchical multiattention
mechanism can improve the performance of the model. During the model training, the
curves showing the changes in the accuracy and loss function values of the training set and
the validation set with the number of training batches are shown in Figure 10.

Table 7. Comparison of metric performance of different models for early prediction on the validation set.

Model Accuracy Precision Recall F1

Model A 90.28% 90.39% 90.28% 90.27%
Model B 92.38% 93.24% 92.38% 92.34%
Model C 94.26% 94.37% 94.26% 94.25%
Model D 95.51% 95.56% 95.51% 95.50%

Figure 10. Training and validation curves for early PAAF prediction model.

To validate the model in real clinical populations, the FZU-FPH database, developed
by our laboratory and Fujian Provincial Hospital, was introduced. This dataset primarily
consists of recordings collected using Holter medical devices. Patients with PAAF exhibiting
AF episodes lasting over 30 min and at least 60 min of preceding normal sinus rhythm
were screened. Then, sinus rhythm segments within 30 min before AF onset extracted and
labeled as N′, and those more than 30 min before onset were labeled as N. Finally, the
classes were balanced by selecting 176 samples per label to form the clinical test set.

These clinical data samples were applied to the hierarchical multiattention mech-
anism model based on CNN-LSTM, and the specific model performance metrics are
listed in Table 8. The model achieved an accuracy of 94.31%, which indicates good gen-
eralization ability on the clinical test set and demonstrates certain reference value for
clinical applications.
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Table 8. Metric performance of Model D on the test set.

Label Specificity Precision Recall F1 Accuracy
N 93.18% 93.33% 95.45% 94.37%

94.31%N’ 95.45% 95.34% 93.18% 94.24%
Average 94.31% 94.34% 94.31% 94.30%

After a review, recent studies on AF prediction were compared with this paper, fo-
cusing on a comparative analysis from three aspects, namely, research methods, advance
prediction time, and model performance, as shown in Table 9.

Table 9. Model of early prediction of paroxysmal atrial fibrillation with other related studies.

Approach Methods Forecast Period Accuracy Precision Specificity Recall F1

Hirsch [51] RF 30 beats 97.40% / 96.10% 95.90% 87.30%
Parsi [52] SVM 5 min 97.70% / 96.70% 98.80% /
Tzou [53] Lightweight CNN 5 min 89.00% / 89.00% 88.00% 88.00%

Elias [22] Resnet Between 2 months
and 1 week / / 69.33% 78.33% /

Petmezas [54]
RF, CNN-LSTM,
CNN Multihead
Attention Model

2 weeks / / 69.00% 76.00% /

Lei [55] RF / 93.45% / 91.40% 95.21% /
Cai [17] CNN-LSTM 2 weeks / 87.37% / 83.23% 84.99%

Proposed HMA-TFA 30 min 96.36% 96.44% 96.36% 96.36% 96.35%

As shown in Table 9, the prediction time horizons for advance prediction of AF in
various studies vary, ranging from as short as 30 s to 5 min to as long as 2 weeks to 2 months.
Overall, as the prediction time horizon extends, the prediction performance of the models
generally declines. Extending the prediction window enables more precise and timely AF
warnings but increases complexity and reduces model accuracy.

This paper adopts a median prediction time horizon from most existing studies and
targets a 30-min advance prediction of PAAF. The model’s performance metrics outperform
those of most comparable studies and effectively enables accurate prediction and early
warning for patients with PAAF.

3.5. Visualization Analysis of Attention Weights

Grad-CAM is a classic deep learning technique for visualizing model decisions. Grad-
CAM helps break the “black-box” nature of classification predictions and improves model
interpretability. This paper uses Grad-CAM to explain visually the features learned by the
multilevel attention model. The multilevel attention model assigns different weights to
different time segments of ECG signals and helps the model focus on the most informative
parts of the data signals.

As shown in Figure 11, Grad-CAM is used to visualize the features learned by the
model as heatmaps. Darker colors indicate segments of the ECG signal that receive higher
attention weights from the model.

From Figure 11a, which corresponds to AF samples, the highlighted regions coincide
with the disappearance of the P wave and the emergence of continuous, irregular F waves.
This indicates that the model correctly attends to clinically relevant abnormalities when
detecting AF. In contrast, Figure 11b shows normal ECGs, where the attention distribution
is relatively uniform and primarily concentrated on the QRS complex. This suggests that
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for normal rhythms the model emphasizes ventricular depolarization, consistent with
clinical interpretation.

(a) Atrial fibrillation ECG 

(b) Normal ECG 

Figure 11. Attention weight visualization.

These observations confirm that the proposed multilevel attention model learns fea-
tures aligned with established clinical markers. The visualization thus demonstrates the
model’s interpretability and its effectiveness in identifying abnormal atrial activity associ-
ated with AF.

4. Conclusions
This study proposed a hierarchical multiattention temporal fusion network integrating

CNN and Bi-LSTM architectures for AF analysis. The model achieved high accuracy in
classifying PAAF and PEAF (95.77%) and in predicting PAAF episodes 30 min before
onset (96.36%). It incorporated lead-specific weighting, adaptive morphological feature
extraction using CondConv, and rhythm-aware self-attention to capture discriminative
ECG patterns. Grad-CAM visualizations confirmed its focus on clinical markers such
as P-wave abnormalities and irregular RR intervals. The framework was validated on
clinical data from the FZU-FPH database and achieved 94.31% accuracy, demonstrating
good generalizability across clinical settings. However, the study has several limitations.
Due to database constraints, only two-lead ECG signals were used, limiting the cardiac
information available for analysis. The model also contains a relatively large number
of parameters, which increases computational complexity. Future work could explore
lightweight architectures and edge-computing deployment to enable real-time monitoring
on wearable devices. Additionally, the analysis relied solely on ECG data; integrating
multimodal information such as physiological signals and medical imaging may further
enhance diagnostic accuracy. This study demonstrates the feasibility and effectiveness of
combining multi-level attention mechanisms with temporal modeling for AF detection and
prediction. Future extensions in these directions are expected to improve both the clinical
utility and interpretability of the framework.
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