
A Query-Centric Diagnostic Attention BLSTM
Network for Short-Window ECG-Based Atrial
Fibrillation Detection
Yang Li 

Anhui Science and Technology University
Jianguo Chen 

Anhui Science and Technology University
Manhong Shi 

Anhui Science and Technology University

Research Article

Keywords: short-window ECG, atrial fibrillation, bidirectional long short-term memory, query-centric
diagnostic attention, deep learning

Posted Date: August 14th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10613107/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10613107/v1
https://doi.org/10.21203/rs.3.rs-10613107/v1
https://doi.org/10.21203/rs.3.rs-10613107/v1
https://creativecommons.org/licenses/by/4.0/


  

A Query-Centric Diagnostic Attention BLSTM Network for 1 

Short-Window ECG-Based Atrial Fibrillation Detection 2 

Yang Li1, Jianguo Chen1, Manhong Shi 1*  3 

1 College of Information and Network Engineering, Anhui Science and Technology University, Bengbu 233000, 4 

China 5 

* Correspondence:  6 

shimh@ahstu.edu.cn 7 

Background 8 

The development of short-window electrocardiogram (ECG)-based methods for detecting atrial fibrillation (AF), 9 

which is associated with increased risks of stroke, heart failure, and cardiovascular death, has been gaining 10 

significant attention for wearable monitoring devices and large-scale screening. Currently, there are CNN-11 

BLSTM-based approaches that use either global pooling or attention methods to consolidate the temporal 12 

information within each ECG window. This approach, however, could limit the ability of the developed model 13 

to use important local information in short ECG segments. This study examines the performance of the Query-14 

Centric Diagnostic Attention BLSTM Network (QDA-BLSTM), which can be employed for detection of AF 15 

from short ECG windows. 16 

Methods 17 

The proposed architecture utilizes a four-scale 1D CNN encoder that extracts morphological features from ECG 18 

signals at different scales; a channel recalibration module that enhances the quality of representation; a BLSTM 19 

encoder that encodes the temporal information in both directions; and a query-centric diagnostic attention 20 

mechanism in which five learnable diagnostic queries provide complementary temporal information, reducing 21 

reliance upon a single global aggregation operation. Internal evaluation was performed using the subject-22 

independent internal datasetderived from both AFDB and NSRDB, while the model was externally evaluated 23 

on CPSC2018 without additional training. The area under the receiver operating characteristic curve (AUC) on 24 

the validation set was used to select checkpoints, and prediction thresholds were selected by maximizing 25 

balanced accuracy on the validation set. The proposed methodology was compared with CNN-BLSTM using an 26 

exact two-sided McNemar test. 27 

Results 28 

On the internal test set, QDA-BLSTM achieved 99.42% accuracy, 99.70% sensitivity, and 99.15% specificity, 29 

compared with 98.17%, 99.90%, and 96.43%, respectively, for CNN-BLSTM. The difference in prediction 30 

errors was statistically significant (P = 7.86 × 10⁻²³). On the external dataset, QDA-BLSTM achieved 91.01% 31 

accuracy, 85.67% sensitivity, and 97.91% specificity, compared with 89.71%, 84.49%, and 96.45%, respectively, 32 

for CNN-BLSTM. 33 

Conclusions 34 

The use of QDA-BLSTM improved prediction accuracy and specificity over CNN-BLSTM on both the internal 35 

and external datasets. These results indicate that learnable diagnostic queries can provide complementary 36 

temporal information for detecting AF from short ECG windows. 37 

Keywords: short-window ECG; atrial fibrillation; bidirectional long short-term memory; query-centric 38 

diagnostic attention; deep learning  39 
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1. Introduction 40 

Atrial fibrillation (AF) is the most frequently encountered of all sustained cardiac arrhythmias, and is associated 41 

with stroke, heart failure and coronary heart disease, as well as increased cardiovascular morbidity. Early recognition 42 

of AF is therefore important for early intervention and planning for long-term risk management. The 43 

electrocardiogram (ECG) is the most commonly used noninvasive tool for AF diagnosis since the ECG corresponds 44 

to the heart rhythm and electrical pattern. In practice,  AF is diagnosed through visual inspection of the ECG signals, 45 

characterized by irregularity of the rhythm strip, changes in the P waves, and changes in atrial activity [1]. 46 

ECG interpretation, however, can be labor-intensive, reliant on physicians, and can take a long time. As the 47 

popularity of wearables and other forms of remote monitoring technology increases throughout the world, the ability 48 

to automatically detect AF using short-window ECG technology is rising in popularity for its screening potential and 49 

capability for remote patient monitoring [2]. Existing ECG-based AF detection techniques can be split into approaches 50 

by handcrafted feature extraction and deep learning approaches. Classical techniques usually use R-R interval 51 

variability, heart rate variability, wavelet descriptors, nonlinear nonparametric measures, entropy measures, and more, 52 

possibly concatenating them with other multi-domain statistical features, then combine that information with classical 53 

classifiers [3-9]. For example, AF will be classified using single lead ECG as demonstrated by testing completed 54 

during the PhysioNet/Computing in Cardiology Challenge 2017, while algorithms based upon random forests, 55 

wavelet transforms, entropy, R-R interval, and ensemble learning have been developed for classifying AF recorded 56 

during short/continuous ECG (wearable) recordings. Although these methods are relatively computationally efficient 57 

and interpretable, their performance depends on factors such as accurate detection of R-peaks, ECG signal quality, 58 

feature selection, and creation of appropriate pre-processing pipelines. Due to the limited number of heart beats 59 

captured in short ECG windows, challenges exist in the reliability of rhythm level statistics to completely represent 60 

transient types of AF, or subtle differences in atrial activity during AF. 61 

More recently, deep learning defines a new paradigm for ECG-based arrhythmia classification. For example, 62 

Hannun et al. [2] showed that deep neural networks achieve cardiologist-level arrhythmia classification from 63 

ambulatory single-lead ECG recordings, thus demonstrating the feasibility of automated ECG analysis for scalable 64 

monitoring. CNNs perform well at extracting local morphological features from the raw or minimally preprocessed 65 

ECG signal, while RNNs (including long short-term memory (LSTM), gated recurrent unit (GRU), and bidirectional 66 

LSTM (BLSTM)) model the temporal dependencies in ECG sequences. Thus, CNN-LSTM, CNN-BLSTM, and 67 

modified BiLSTM architectures have also been widely used for AF detection and ECG-based arrhythmia [10-12]. 68 

More recent work also investigates residual-dense recurrent networks, rhythm-oriented end-to-end models, 69 

lightweight feature-fusion networks, time-frequency CNN frameworks, raw ECG generalization models, and 70 

localization-aware Transformer-based models, taking advantage of them to improve the representational learning, 71 

temporal modeling, wearable-device applicability, or cross-dataset generalization of AF and NSR detection from 72 

ECG [13-18]. While effective, a significant portion of the deep learning methods aggregate the temporal information 73 

through final hidden states, temporal averaging, global pooling, and other compact summaries of the sequence. In 74 

this way, the resulting aggregated information may not explicitly organize the varied types of AF/NSR-related pieces 75 

of diagnostic evidence, when AF recognition usually relies on various complementary cues associated with rhythm, 76 

atrial activity, regular sinus rhythm evidence, QRS stability, and global temporal context. As a result, diagnostically 77 

useful evidence may be compressed into a single global representation, making it difficult for the model to explicitly 78 

preserve and utilize complementary decision cues from short ECG. 79 

Attention mechanisms have also been incorporated into ECG classification for enhancing feature selection and 80 

interpretability. Temporal attention helps highlight informative time steps, channel attention refines feature channels, 81 

and self-attention captures long-range dependencies among temporal tokens  [19-22]. ECGNET, a hierarchical 82 

attention-based model, has attempted to highlight informative waves, beats, or temporal regions for AF detection and 83 

to provide an interpretable view of ECG decision-making [19, 20] . Other attention-based ECG models, on the other 84 

hand, are implicitly based on a single (or effectively single) attention distribution over the temporal sequence. This 85 

attention can highlight important regions but is not explicitly designed to address complementary roles for diagnosis. 86 

It is possible that different types of evidence contribute differently to the final decision. For example, since rhythm 87 

irregularity is a diagnostic feature of AF, regular rhythm patterns and stable waveform morphology may be useful for 88 

reducing false AF alarms in normal sinus rhythm (NSR) samples. An evidence-oriented attention mechanism that can 89 

retrieve multiple complementary diagnostic representations might therefore  provide a more natural way of organizing 90 

diagnostic evidence for short-window ECG classification. 91 
The application of query-based representation learning provides an insightful perspective on this issue. Attention 92 

mechanisms of the transformer variant utilize the interaction between query, key, and value representations in order 93 

for queries to retrieve relevant information from contextual tokens [22]. With respect to object detection, learnable 94 
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queries have been introduced as task-specific retrievals of specific object-level representations from components of 95 

complex contextual features [23]. Moreover, query-oriented modeling can be applied in the field of sequence 96 

prediction, whereby queries facilitate the design of temporal context and optimization of information retrieval [24]. 97 

Inspired by this paradigm, we introduce query-centric diagnostic evidence retrieval into ECG temporal representation 98 

learning and treat short-window AF/NSR discrimination as a query-driven diagnostic evidence retrieval task. In 99 

essence, learnable diagnostic queries attend to BLSTM-encoded ECG temporal tokens, allowing different queries to 100 

retrieve complementary temporal representations associated with different AF/NSR-related discriminative patterns. 101 

In this manner, traditional global temporal aggregation in CNN-BLSTM is replaced with a query-centric diagnostic 102 

attention mechanism. 103 

In this regard, we present QDA-BLSTM, which is a query-centric diagnostic attention-enhanced BLSTM 104 

network for detecting AF from short-window ECG signals. The architecture of our model includes a four-scale 1D 105 

CNN encoder, a channel attention module, a BLSTM temporal encoder, and a query-centric diagnostic attention 106 

module. The four-scale CNN encoder makes use of convolutional kernels designed for different receptive fields in 107 

order to extract local morphological features from ECG data. The channel attention module recalibrates the fused 108 

channels of features. The BLSTM encoder learns the bidirectional dependencies for rhythms within the 5-second 109 

ECG window. Diagnostic queries are used as query inputs for the multi-head attention. The keys and values are given 110 

by the BLSTM hidden states. The choice of five queries was inspired by the clinical problem of whether AF/NSR 111 

classification would involve multiple cues based on rhythm irregularities or regularities, atrial activity, stability of the 112 

QRS complex, and temporal context in the general sense. Nonetheless, no limits were assigned to the individual 113 

queries, meaning that their representations would be trained during the learning process. 114 

The main contributions of our study are summarised as follows. First, we present QDA-BLSTM, a query-centric 115 

diagnostic attention framework for short-window ECG-based atrial fibrillation detection. The proposed model recasts 116 

AF/NSR classification as a query-driven temporal evidence retrieval problem, allowing for retrieval of 117 

discriminatively informative temporal representations from ECG sequences. Second, we present a unified model—118 

combining multi-scale CNN feature extraction, channel-wise feature recalibration, BLSTM-based temporal 119 

modelling, and query-centric attention—such that multiple learnable queries can retrieve complementary temporal 120 

representations from a short ECG segment. Third, a comprehensive empirical evaluation is presented using a subject-121 

independent split over an internal dataset from AFDB and NSRDB, plus an independent external validation on 122 

CPSC2018. In particular, this evaluation comprises comparisons against robust baseline models and diverse temporal 123 

aggregation methods, module and query ablation studies, sensitivity analysis of the number of queries, computational 124 

complexity metrics, McNemar test, and sensitivity and robustness analysis of the thresholds. Furthermore, we conduct 125 

query attention analysis to visually identify the specific time durations that were focused on by the queries. 126 

2. Materials and Methods 127 

The overall architecture of the QDA-BLSTM framework for short-window ECG-based AF is illustrated in Fig. 128 

1. The framework consists of four components: a multi-scale feature encoder, a SE-like channel attention module, a 129 

BLSTM-based temporal modeling module, and a query-centric diagnostic attention (QDA) module followed by a 130 

classification layer. In more detail, the multi-scale encoder extracts morphological features from ECG signals via 131 

parallel 1D convolutional filters with different receptive fields. The channel attention module enhances informative 132 

feature channels and suppresses redundant representations. The refined features are then input into a BLSTM network 133 

to capture bidirectional temporal dependencies from short ECG segments. Finally, QDA introduces learnable 134 

diagnostic queries to retrieve complementary AF/NSR-related evidence from temporal representations for evidence-135 

oriented feature aggregation and classification. The details of each component are described in the following 136 

subsections, including dataset and preprocessing in Section 2.1, the multi-scale 1D CNN encoder in Section 2.2, the 137 

SE-like channel attention module in Section 2.3, the BLSTM temporal encoder in Section 2.4, the query-centric 138 

diagnostic attention module in Section 2.5, and the overall architecture details in Section 2.6. 139 

 140 

 141 
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 142 

Figure 1. Overall framework of the proposed multi-module QDA-BLSTM architecture for short-window ECG-143 

based AF detection 144 

 2.1 Dataset and preprocessing 145 

In this study, signals obtained from short-window ECG recordings were applied to discriminate between atrial 146 

fibrillation and normal sinus rhythm, with the samples for atrial fibrillation originating from the MIT-BIH Atrial 147 

Fibrillation Database (AFDB). This database aggregates long-term ECG recordings of subjects with atrial fibrillation, 148 

mostly paroxysmal AF, at a sampling frequency of 250 Hz, Of the 25 AFDB subjects, only the 23 records containing 149 

ECG waveform data were included [25, 26]. The research work utilized samples from the MIT-BIH Normal Sinus 150 

Rhythm Database (NSRDB), which includes long-term ECG recordings of subjects without significant arrhythmias 151 

at a sampling rate of 128 Hz [25]. The AFDB dataset is not entirely composed of segments classified as AF, as 152 

manually prepared rhythm annotations are provided to localize intervals of AFIB. Previous studies have relied on the 153 

same principle, classifying each segment according to the rhythm annotations provided in the AFDB database. In the 154 

current study, we applied a stricter annotation-overlap criterion in order to diminish noise due to labeling segments 155 

with rhythm transitions or mixed rhythms. According to the current approach, 5-second-duration windows were 156 

assigned to the AF class if samples belonging to AFIB intervals represented 80% or more of the window content, and 157 

all other windows were disregarded. 158 

The method for preparing data included resampling, band-pass filtering, splitting data into windows based on 159 

time, and normalizing data. NSRDB ECG signals were resampled from 128 Hz to 250 Hz, while AFDB ECG signals 160 

remained at 250 Hz. A Butterworth type band-pass filter (fourth order) was utilized to remove low-frequency baseline 161 

noise and high-frequency noise so that the ECG waveforms of interest were retained (the filter was set up using zero-162 

phase filtering; the band-pass filter frequency range was 0.5–40 Hz) [27]. Five seconds of ECG data were used for 163 

each window (1250 total samples), and new windows (segments) were created every 2.5 seconds using a stride of 2.5 164 

seconds. Channel 0 of the ECG signal was used for all experiments. To reduce amplitude variability between the ECG 165 

records in the analysis, each segment of data underwent z-score normalization. Up to 1500 segments were chosen 166 

from each record. The AFDB and NSRDB combined internal dataset included data from 41 subjects (23 subjects 167 

from AFDB and 18 subjects from NSRDB). The dataset was divided using a subject-independent, record-wise split, 168 

ensuring that all segments from the same original ECG record were assigned to only one subset and that there was no 169 

record-level leakage. The distribution of records and samples across the training, validation, and test subsets is 170 

summarized in Table 1. 171 

 172 

 173 
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Table 1. Dataset distribution of the internal AFDB/NSRDB experiment. Records denote original ECG 174 

recordings before window segmentation, whereas samples denote segmented 5-s ECG windows after 175 

preprocessing and class balancing. 176 

Subset Records Samples AF NSR 

Train 28 30352 15176 15176 

Validation 4 6000 3000 3000 

Test 9 12000 6000 6000 

 177 

To further evaluate the cross-dataset generalization ability of the proposed model, CPSC2018 was used as an 178 

independent external validation dataset [28]. The external validation set was not used for model training, model 179 

selection, threshold optimization, or parameter tuning. Only records of AF and NSR were kept for the AF vs NSR 180 

binary classification task. Aiming to utilize a dataset with no overlapping records, the preprocessing pipeline for 181 

CPSC2018 was kept the same as that of our internal dataset. This consisted of resampling to 250 Hz, 5-s segmentation, 182 

5-s z-score normalization, and a single-channel input setting, enabling the external validation experiment to assess 183 

whether our model learns general rhythm-specific representations rather than database-specific representations. 184 

2.2 Multi-scale 1D CNN encoder 185 

ECG signals have different types of waveforms with different temporal widths, such as P waves, QRS 186 

complexes, ST segments, and T waves. A single convolution kernel may not be sufficient to capture all multi-187 

scale morphological patterns [2]. Given this, a multi-scale 1D CNN encoder was employed to extract local ECG 188 

features at different receptive fields. The kernel set was: 189 

K={3,5,7,9}                                                                              (1) 190 

At each convolution scale k, this feature extraction can be expressed as: 191 

Fk= Pool(ϕ(BN(Conv1Dk(X)))), k∈K                                                       (2) 192 

where Conv1Dk(⋅) is a one-dimensional convolution of kernel size k, BN(⋅) is batch normalization, ϕ(⋅) is the 193 

ReLU activation function, and Pool(⋅) is max-pooling. The multi-scale features are fused as: 194 

Fcat=Concat(F3,F5,F7,F9)                                                                 (3) 195 

After concatenation, a fusion convolution is applied to integrate the multi-scale representations: 196 

F=Dropout(Pool(ϕ(BN(Conv1D(Fcat)))))                                              (4) 197 

where F denotes the fused CNN feature map. In this way, the model is able to capture both the sharp local 198 

patterns associated with the QRS complex and also broader local variations in rhythm related to AF. 199 

2.3 SE-like Channel Attention Module 200 

After the multi-scale feature fusion, the SE-like channel attention module is used to recalibrate the channel-201 

wise responses of the fused CNN feature map before temporal modeling [21]. Let the fused feature map be 202 

represented as: 203 ܨ ∈ ℝ஻×஼×்,                                                                          (5) 204 

where B, C, T are batch size, number of feature channels, and temporal length, respectively. First, global average 205 

pooling along the temporal dimension is used to yield a channel descriptor: 206 
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ݏ =  207 (6)                                                                      .(ܨ)APܩ

The channel attention weights are computed through a lightweight gating mechanism: 208 ܽ = )ߪ )ߜ2ܹ  209 (7)                                                                  ((ݏ1ܹ

where 1ܹ and 2ܹ are learnable transformations. 210 

The recalibrated feature map is obtained by: 211 ܨ~ = ܨ ⊙ ܽ                                                                         (8) 212 

where ⊙ denotes element-wise multiplication with broadcasting along the temporal dimension. This module 213 

thus allows the network to boost informative feature channels and suppress less useful ones before the BLSTM 214 

temporal encoder. 215 

2.4 BLSTM temporal encoder 216 

The recalibrated CNN feature map is then decoded into a sequence of temporal tokens to be fed to a BLSTM 217 

module. This BLSTM encoder is utilised to model bidirectional temporal dependencies in the 5-s ECG window: 218 

H=BLSTM (ܨ~)                                                                  (9) 219 

 The BLSTM output is defined as[29]: 220 

H=[h1,h2,…,hT]                                                             (10) 221 

where ht denotes the hidden representation of the t-th ECG token, B is batch size,  and T is the number of 222 

temporal tokens after CNN encoding. Since a bidirectional LSTM is adopted, the hidden representation consists 223 

of both forward and backward temporal context: 224 ܪ ∈ ℝ஻×்×ௗℎ                                                                  (11) 225 

where dh  is the hidden dimension of the BLSTM output. This is a useful modelling step for AF vs. NSR 226 

discrimination, as AF is characterised not only by local morphological changes but also by irregular temporal 227 

rhythm patterns. 228 

2.5 Query-Centric Diagnostic Attention module 229 

The Query-Centric Diagnostic Attention (QDA) module is at the core of the model. Instead of applying global 230 

pooling to the output of the BLSTM, our method employs multiple learnable queries to retrieve complementary 231 

temporal representations relevant to AF/NSR discrimination from the temporal context of the ECG. This design is 232 

inspired by the use of query-key-value attention in Transformer architectures and the use of learnable queries for task-233 

specific representation retrieval [22, 23]. As demonstrated in Fig. 2, the BLSTM hidden sequence is treated as the 234 

temporal context, and instead of directly pooling this context, the key idea is that a small number of learnable 235 

diagnostic queries retrieve query-specific representations through query-key-value attention, which are then used for 236 

classification. Compared to direct global pooling, the proposed QDA module is designed to preserve complementary 237 

temporal information from short ECG segments. 238 
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 239 
Fig. 2. Detailed structure of the Query-Centric Diagnostic Attention (QDA) module.  240 

 241 

The learnable diagnostic queries attend to the BLSTM-encoded ECG temporal tokens through a query-key-value 242 

attention operation. The resulting attention matrix shows the relative attention assigned by each query to each ECG 243 

token, while the softmax-weighted aggregation produces query-specific representations from which AF/NSR 244 

prediction is performed. 245 

For clarity in the following description, the batch dimension B is omitted. A set of ௤ܰ=5 learnable queries is 246 

defined as: 247 

Q=[q1, q2, q3, q4, q5]∈ ℝே೜×dh                                                                 (12) 248 

where Nq is the number of diagnostic queries and dh is the size of the hidden dimension of the BLSTM output. 249 

The learnable queries are optimized together with the whole network during training. 250 

The attention is computed with the query as the input, and the BLSTM hidden sequence is used as both 251 

keys and values. The projected queries, keys, and values are computed as: 252 ܳ′ = ܳ ொܹ , ′ܭ = ܪ ௄ܹ , ܸ′ = ܪ ௏ܹ                                                        (13) 253 

where ொܹ, ௄ܹ, and ௏ܹ are learnable projection matrices. For notational simplicity, the attention-head index is 254 

omitted. The query-token attention weights are obtained by scaled dot-product attention: 255 

A=Softmax( Q
′K′T√dk )                                                                          (14) 256 

where A ∈ℝܰݍ×T, dk denotes the dimensionality of the projected query and key vectors in each attention head, and 257 

Ai, t  is the attention weight assigned to the t-th ECG token by the i-th learnable query. For M attention heads, 258 

dk=
dhM.The query-specific diagnostic representation is obtained as follows: 259 ܼ=AV′                                                                                       (15) 260 

In this study, ௤ܰ=5, so the QDA module outputs five query-specific representations for each ECG segment. 261 

The obtained representations  262 
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Z=[z1, z2, z3, z4, z5]                                                                           (16) 263 

are concatenated and passed to the classification head to predict AF/NSR. Compared with direct temporal 264 

pooling, the query-centric diagnostic attention module is designed to retrieve complementary temporal 265 

representations from short ECG segments, which may encode information related to rhythm irregularity, NSR-266 

related regular rhythm patterns, local waveform morphology, and global temporal context. 267 

2.6 Architecture and experimental details 268 

For a proper comparison, CNN1D, ResNet1D, BLSTM, Transformer Encoder, and CNN-BLSTM were chosen 269 

as benchmark models, ensuring that they employed the same data split, preprocessing methods, and training approach. 270 

CNN1D and ResNet1D were used to extract features from the dataset without focusing on temporal properties. 271 

Meanwhile, BLSTM was applied to prove the advantage of the temporal modeling method. CNN-BLSTM was 272 

identified as a key benchmark, as a similar multi-scale CNN encoder and BLSTM model were adopted as in the QDA-273 

BLSTM framework. The difference was that unlike standard CNN-BLSTM, which made use of global average 274 

pooling while extracting temporal features, our method implemented the proposed query-centric diagnostic attention 275 

after the BLSTM operation. The Transformer Encoder as a benchmark was designed following a standard architecture 276 

using patch and positional embedding. 277 

All models were optimised using AdamW with a learning rate of 1×10
−3 and weight decay of 1×10

−4, and 278 

were trained with a batch size of 64. To prevent overfitting, dropout (0.4) and label smoothing (0.05) were employed. 279 

A cosine annealing learning rate scheduler was used during training. The main experiments were run with a random 280 

seed of 2024. To assess robustness and training stability, CNN-BLSTM and QDA-BLSTM were trained using five 281 

random seeds (2023–2027) under the same subject-independent split protocol. For the multi-seed analysis, two 282 

operating-threshold strategies were evaluated: a validation-set threshold selected by maximizing balanced accuracy 283 

and a fixed threshold of 0.5. We report accuracy (ACC), sensitivity (SEN), and specificity (SPE) for model 284 

performance evaluation. To statistically assess whether CNN-BLSTM and QDA-BLSTM have significantly different 285 

performance, we use McNemar’s test. This test works for paired classification results on the same test set, where the 286 

two classifiers produce discordant prediction pairs. 287 

In order to isolate the impact of temporal aggregation on the performance, four aggregation techniques were 288 

applied after implementing a common multi-scale CNN, channel-recalibration module, and BLSTM structure: global 289 

average pooling, single-query attention, multi-head self-attention with the possibility of temporal mean pooling, and 290 

the five-query QDA method proposed by the authors. All configurations were obtained using the same set of data 291 

(subject-independent training set, data preprocessing configuration, training settings, criterion for choosing the best 292 

checkpoint, and random seed of 2024). 293 

The measure of how QDA-BLSTM is influenced by the number of learnable queries was assessed for values of 294 

Nq ∈ {1,3,5,7,9}. All architectural and training factors remained constant except for the input size of the classifier. 295 

The use of 2024 as the random seed enabled this experiment to maintain its rigour. The multi-seed efficacy of CNN-296 

BLSTM and the full five-query QDA-BLSTM will be discussed separately. 297 

An input tensor of size 1×1×1250 corresponding to a single 5-second ECG segment sampled at 250 Hz was 298 

used in the evaluation of parameter count and computational complexity. The parameter counts and MACs of the 299 

convolutional, normalization, pooling, recurrent, and linear layers were found using THOP. However, since THOP 300 

does not consider all aspects regarding the projectors and attention operations of PyTorch’s nn.MultiheadAttention 301 

module, the MACs corresponding to the query, key, and value projections and the attention operations were calculated 302 

separately and added to the THOP results. FLOPs were calculated as two times the number of MACs. 303 

3. Results 304 

3.1 Main comparison with strong baselines 305 

Table 2 provides a comparison of the performance achieved by our QDA-BLSTM with five other baseline 306 

models on the internal AFDB/NSRDB test set. The models compared consist of CNN1D, ResNet1D, BLSTM,  307 

Transformer Encoder, CNN-BLSTM, and our QDA-BLSTM. The compared models are trained and evaluated on the 308 

same subject-independent split and preprocessing protocol. As shown in Table 2, QDA-BLSTM achieved the highest 309 

ACC on the internal AFDB/NSRDB test set. QDA-BLSTM correctly classified 99.42% of all tested ECG segments. 310 

The AF segments were classified correctly 99.70% of the time, while the NSR segments were correctly classified 311 
99.15% of the time. ACC values for CNN1D, ResNet1D, BLSTM, Transformer Encoder, and CNN-BLSTM were 312 

90.23%, 97.74%, 97.93%, 69.02%, and 98.17%, respectively. In the same order, SEN values were 99.78%, 97.45%, 313 

96.35%, 99.98%, and 99.90%. Corresponding SPE values were 80.68%, 98.03%, 99.52%, 38.05%, and 96.43%. 314 
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Overall, QDA-BLSTM achieved the highest ACC and maintained a favorable balance between SEN and SPE 315 

among the compared models. In particular, compared with CNN-BLSTM, QDA-BLSTM increased ACC from 98.17% 316 

to 99.42% and SPE from 96.43% to 99.15%, corresponding to improvements of 1.25 and 2.72 percentage points, 317 

respectively. Meanwhile, SEN decreased slightly from 99.90% to 99.70%, but remained high. These results suggest 318 

that the query-centric diagnostic attention mechanism provides a better balance between AF sensitivity and NSR 319 

specificity than conventional global average pooling, particularly by reducing false AF predictions while preserving 320 

high AF sensitivity. 321 

 322 

Table 2. Main comparison with strong baseline models on the internal test set 323 

Model ACC (%) SEN (%) SPE (%) 

CNN1D 90.23 99.78 80.68 

ResNet1D 97.74 97.45 98.03 

BLSTM 97.93 96.35 99.52 

Transformer Encoder 69.02 99.98 38.05 

CNN-BLSTM 98.17 99.90 96.43 

QDA-BLSTM 99.42 99.70 99.15 

3.2 Comparison of temporal aggregation strategies 324 

Table 3 illustrates the comparison of four temporal aggregation strategies with the help of the same CNN-325 

BLSTM backbone and experimental protocol. Using global average pooling, an accuracy of 98.17% was achieved 326 

with 99.90% sensitivity and 96.43% specificity. When global average pooling was replaced with single-query 327 

attention, it resulted in an accuracy of 99.02%, specificity of 98.30%, along with a minor decline in sensitivity to 328 

99.75%. Multi-headed self-attention helped in achieving 98.89% accuracy, 99.93% sensitivity, and 97.85% 329 

specificity. 330 

The suggested five-query QDA was successful in achieving the best ACC and SPE with 99.42% and 99.15%, 331 

respectively, alongside still achieving a very high SEN of 99.70%. When compared to global average pooling, five-332 

query QDA achieved an improvement in ACC of 1.25 percentage points and SPE of 2.72 percentage points, whereas 333 

slightly reducing SEN by 0.20 percentage points. Compared to multi-head self-attention, QDA managed to increase 334 

ACC and SPE by 0.53% and 1.30%, respectively, while slightly decreasing SEN by 0.23 percentage points. Results 335 

clearly imply that five-query QDA is capable of better balancing AF sensitivity and NSR specificity at the operating 336 

point determined by the validation. 337 

 338 

Table 3. Comparison of temporal aggregation strategies on the internal AFDB/NSRDB test set 339 

Aggregation strategy ACC (%) SEN (%) SPE (%) 

Global average pooling 98.17 99.90 96.43 

Single-query attention 99.02 99.75 98.30 

Multi-head self-attention 98.89 99.93 97.85 
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Aggregation strategy ACC (%) SEN (%) SPE (%) 

Five-query QDA 99.42 99.70 99.15 

Note: The operating threshold of each model was selected on the validation set by maximizing balanced accuracy. 340 

3.3 Ablation study 341 

Table 4 shows the module-level ablation results of the proposed QDA-BLSTM on our internal AFDB/NSRDB 342 

test set. We observe that the full QDA-BLSTM obtains the highest ACC and SPE among all variants, with 99.42% 343 

ACC (SEN 99.70%, SPE 99.15%). After removing our multi-scale CNN encoder, the model classifies 98.43% of 344 

ECG segments correctly, and the SPE also drops to 96.88%. After removing the SE-like channel attention module, 345 

QDA-BLSTM still achieves 98.50% ACC (SEN 99.95%, SPE 97.05%). As for the variant without the QDA module, 346 

although its SEN is very high (99.98%), ACC is 96.48% and SPE is 92.98%. We observe that all components 347 

contribute to classification performance to different extents: removing the QDA module results in the most obvious 348 

decrease in SPE. This suggests that our query-centric diagnostic attention aids in retrieving complementary AF/NSR-349 

related evidence and reducing false AF predictions. The multi-scale CNN encoder and channel attention module 350 

improve performance by enhancing local feature extraction and recalibrating the informative CNN channels, 351 

respectively. These results show that the improvement of QDA-BLSTM is not simply due to module stacking but 352 

rather to the contributions of multi-scale feature extraction, channel recalibration, temporal modelling, and query-353 

centric diagnostic evidence retrieval. 354 

 355 

Table 4. Ablation study of the proposed QDA-BLSTM on the internal AFDB/NSRDB test set 356 

Model variant ACC (%) SEN (%) SPE (%) 

QDA-BLSTM w/o Multi-scale CNN 98.43 99.97 96.88 

QDA-BLSTM w/o Channel Attention 98.50 99.95 97.05 

QDA-BLSTM  w/o QDA 96.48 99.98 92.98 

QDA-BLSTM  99.42 99.70 99.15 

Note: w/o denotes “without” the corresponding module 357 

In Table 5, there is an indication of how the elimination of each of the learnable queries impacts the performance 358 

of QDA-BLSTM. As mentioned previously in this section, the full QDA-BLSTM achieved 99.42% ACC, 99.70% 359 

SEN, and 99.15% SPE. In regards to the comparisons of ACC values derived after the omission of Query-1, Query-360 

3, Query-4, and Query-5, the same model has produced the figures of 98.84%, 98.40%, 99.19%, and 98.77%, 361 

respectively. In consideration of the SPE figures for the models discussed, there are the respective figures of 97.68%, 362 

96.80%, 98.38%, and 97.58%. All the values in Table 5 indicate the fact that the removal of Query-2 leads to a drop 363 

of ACC to 95.00% and SPE to 90.00%, while SEN remains equal to 100.00%. The figures for the false positives 364 

demonstrate how the number has seen a huge leap from 51 in the initial experiment when QDA used a full number 365 

of queries to 600, thus demonstrating the crucial role of Query-2 in terms of maintaining NSR specificity and 366 

reducing/avoiding false predictions of AF. The high SEN values for all of the various queries that were excluded 367 

point out that the AF segments can still be detected whether a certain query is omitted or not; nonetheless, the fall in 368 

SPE means that various queries facilitate the differentiation between NSR samples and AF-like patterns. From this 369 

standpoint, the multi-query design of QDA-BLSTM plays a role in preserving NSR specificity while achieving a high 370 

degree of sensitivity to AF. 371 

 372 
 373 

 374 

 375 
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Table 5. Query-level ablation study of QDA-BLSTM on the internal AFDB/NSRDB test set 376 

Model TN FP FN TP ACC (%) SEN (%) SPE (%) 

QDA-BLSTM w/o Query-1 5861 139 0 6000 98.84 100.00 97.68 

QDA-BLSTM w/o Query-2 5400 600 0 6000 95.00 100.00 90.00 

QDA-BLSTM w/o Query-3 5808 192 0 6000 98.40 100.00 96.80 

QDA-BLSTM w/o Query-4 5903 97 0 6000 99.19 100.00 98.38 

QDA-BLSTM w/o Query-5 5855 145 3 5997 98.77 99.95 97.58 

QDA-BLSTM  5949 51 18 5982 99.42 99.70 99.15 

Note: w/o denotes "without" the corresponding query. TN = True Negative, FP = False Positive, 377 

FN = False Negative, and TP = True Positive. 378 

3.4 Sensitivity to the number of learnable queries 379 

The relationship between the number of learnable queries and classification performance has been assessed in 380 

Table 6. No clear trend was observed in how the number of queries impacts classification performance. ACC and 381 

SPE scores achieved by using one query were 99.02% and 98.30%, respectively, while increasing the number of 382 

queries from one to three led to a deterioration in performance to 98.15% and 96.53%, respectively. The same 383 

tendency was observed with the seven-query configuration, which also demonstrated lower values of specificity. 384 

Hence, the increasing size of the query bank does not guarantee success. 385 

The five-query configuration was able to maximize the values of ACC and SPE at the selected operating point, 386 

yielding values of 99.42% ACC, 99.70% SEN, and 99.15% SPE.  When increasing the number of queries to nine, no 387 

improvement in ACC or SPE was achieved as compared to the five-query configuration. The results support the 388 

conclusions regarding the use of five queries in the proposed model. 389 

Table 6. Sensitivity of QDA-BLSTM to the number of learnable queries 390 

Number of queries ACC (%) SEN (%) SPE (%) 

1 99.02 99.75 98.30 

3 98.15 99.77 96.53 

5 99.42 99.70 99.15 

7 98.59 99.63 97.55 

9 99.08 99.78 98.37 

Note: All configurations used the same data split, training protocol,  391 

and random seed of 2024. Thresholds were selected using validation-set 392 

 balanced accuracy. 393 

3.5 Computational complexity 394 

The number of parameters and computational cost for the four aggregation methods are shown in Table 7. Global 395 

average pooling was the least complex based on the number of parameters (0.155 million) and MACs (63.995 million) 396 

that it used. The proposed five-query QDA method used more parameters and MACs (0.371 million and 75.361 397 
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million, respectively), increasing the number of MACs by approximately 17.8% compared with global pooling. 398 

Despite the additional computational cost of the five-query QDA, it produced significant improvements in ACC and 399 

SPE, while maintaining a similar level of SEN. 400 

The amount of MAC calculations has only marginally increased by 1.1%, from 74.574 million to 75.361 million, 401 

when the number of learnable queries was increased from one to five. However, ACC improved from 99.02% to 402 

99.42%. The complete version of multi-head self-attention needed a total of 130.289 million MACs, whereas five-403 

query QDA reduced this number by 42.2% while providing superior results in terms of classification performance. 404 

Therefore, it is inaccurate to refer to QDA technology as a method with the lowest level of complexity among 405 

aggregation methods. 406 

Table 7. Computational complexity of the temporal aggregation strategies 407 

Aggregation strategy Parameters (M) MACs (M) Approx. FLOPs (M) 

Global average pooling 0.155 63.995 127.990 

Single-query attention 0.304 74.574 149.148 

Multi-head self-attention 0.287 130.289 260.577 

Five-query QDA 0.371 75.361 150.721 

Note: THOP-derived MACs were supplemented with analytically calculated attention operations. FLOPs were 408 

approximated as twice the number of MACs. 409 

 410 

3.6 Statistical significance analysis 411 

As shown in Table 8, for the internal test set, there were 249 discordant pairs between CNN-BLSTM and QDA-412 

BLSTM. Of these, 49 samples were classified correctly by CNN-BLSTM but incorrectly by QDA-BLSTM, while 413 

200 samples were classified incorrectly by CNN-BLSTM but correctly by QDA-BLSTM. The p-value obtained was 414 

7.86 × 10⁻²³, indicating a statistically significant difference between the two models. On the external CPSC2018 415 

validation set, the difference was again statistically significant, with 683 discordant pairs, including 172 samples 416 

classified correctly by CNN-BLSTM but incorrectly by QDA-BLSTM and 511 samples classified incorrectly by 417 

CNN-BLSTM but correctly by QDA-BLSTM. The p-value was 6.54 × 10⁻⁴⁰, suggesting that the improvement of 418 

QDA-BLSTM over CNN-BLSTM is unlikely to be due to random variation. 419 

Table 8. Statistical significance analysis using McNemar’s test 420 

Dataset Discordant pairs CNN correct /  

QDA wrong 

CNN wrong /  

QDA correct 

p-value 

Internal test set 249 49 200 7.86e-23 

CPSC2018 external validation 683 172 511 6.54e-40 

3.7 Robustness and threshold sensitivity analysis 421 

For a further evaluation of the robustness of the training and the sensitivity to thresholds, both CNN-BLSTM 422 

and QDA-BLSTM were retrained multiple times with the use of five random seeds ranging from 2023 to 2027 under 423 

the same subject-independent split. Two threshold strategies were used: the validation-based threshold selected by 424 

maximizing balanced accuracy and the fixed threshold of 0.5. The results are reported in the form of mean ± standard 425 

deviation in Table 9. 426 
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Under the validation threshold strategy, QDA-BLSTM performed better with a lower standard deviation value 427 

as compared to CNN-BLSTM. For example, the QDA-BLSTM method achieved 98.84 ± 0.66% ACC, 99.75 ± 0.27% 428 

SEN and 97.93 ± 1.43% SPE as compared to CNN-BLSTM’s 97.73 ± 1.39% ACC, 99.58 ± 0.29% SEN and 95.88 ± 429 

2.73% SPE. The fixed threshold analysis also indicated that QDA-BLSTM had less sensitivity to threshold selection. 430 

When the fixed threshold of 0.5 was used, CNN-BLSTM achieved an ACC of 95.43 ± 4.25% along with a SPE of 431 

90.91 ± 8.50%, although the SEN was retained at 99.94 ± 0.06%. In comparison, the QDA-BLSTM method achieved 432 

an ACC of 98.33 ± 0.83% along with a SPE value of 96.73 ± 1.64%. 433 

Table 9. Robustness and threshold sensitivity analysis across five random seeds 434 

Model Threshold strategy ACC (%) SEN (%) SPE (%) 

CNN-BLSTM Validation BA 97.73 ± 1.39 99.58 ± 0.29 95.88 ± 2.73 

QDA-BLSTM Validation BA 98.84 ± 0.66 99.75 ± 0.27 97.93 ± 1.43 

CNN-BLSTM Fixed 0.5 95.43 ± 4.25 99.94 ± 0.06 90.91 ± 8.50 

QDA-BLSTM Fixed 0.5 98.33 ± 0.83 99.94 ± 0.06 96.73 ± 1.64 

Note: Values are reported as mean ± standard deviation over five random seeds (2023–2027). 435 

Validation BA indicates threshold selection using validation-set balanced accuracy,  436 

whereas Fixed 0.5 uses a constant decision threshold of 0.5. 437 

 438 

3.8 External validation on CPSC2018 439 

To further study generalisation across datasets, we assess the trained CNN-BLSTM and QDA-BLSTM on the 440 

external CPSC2018 dataset not used to train, validate or select checkpoints or tuning, giving a more stringent measure 441 

of transfer to ECGs from other sources. 442 

As presented in Table 10, QDA-BLSTM outperformed CNN-BLSTM on the external CPSC2018 validation set. 443 

CNN-BLSTM achieved an ACC of 89.71%, a SEN of 84.49%, and an SPE of 96.45%. In contrast, QDA-BLSTM 444 

achieved an ACC of 92.97%, a SEN of 89.46%, and an SPE of 97.51%. Compared with CNN-BLSTM, QDA-BLSTM 445 

demonstrated an improvement of 3.26 ACC points, 4.97 SEN points, and 1.06 SPE points. The confusion matrix on 446 

external data (Table 10) showed that QDA-BLSTM had a reduced number of false negatives and false positives 447 

compared with CNN-BLSTM. For CNN-BLSTM, there were 4374 true negatives, 161 false positives, 909 false 448 

negatives, and 4953 true positives. When employing the QDA-BLSTM model, a total of 4422 true negatives, 113 449 

false positives, 618 false negatives and 5244 true positives were obtained. Compared with CNN-BLSTM, this 450 

represents a reduction in false negatives, which indicates enhanced AF detection on the external dataset, while the 451 

reduction in false positives indicates improved NSR recognition. 452 

Table 10. External validation performance on CPSC2018 453 

Model TN FP FN TP ACC (%) SEN (%) SPE (%) 

CNN-BLSTM 4374 161 909 4953 89.71 84.49 96.45 

QDA-BLSTM 4422 113 618 5244 92.97 89.46 97.51 

3.9 Query attention visualization 454 

To qualitatively examine the behaviour of the learned queries, we visualised the query attention responses of 455 

QDA-BLSTM in Fig. 3. The upper half of each panel shows the original 5-s ECG waveform, and the lower part 456 
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displays a heatmap of the attention weights of five learnable diagnostic queries over 312 BLSTM-encoded temporal 457 

tokens. Query-1 to Query-5 refer to the five learnable query embeddings in the QDA module. Darker areas indicate 458 

higher attention responses. The vertical dashed lines provide approximate alignment of high-attention locations with 459 

the corresponding ECG waveform points during this segment. 460 

 461 

(a)                                                                                                                                            (b) 462 
Fig. 3. Visualization of query-centric diagnostic attention responses for AF and NSR examples 463 

According to the AF case (Fig. 3(a)), the model yields an AF probability value of 0.9869. While the attention 464 

focus seems to be located at a few time points such as 0.112 s, 3.574 s, 4.022 s, and 4.535 s, they correspond well 465 

with specific points of magnitude where features related to the AF prediction could be found. In the NSR case shown 466 

in Fig. 3(b), the AF probability is only 0.0120. Attention is mainly focused at the time points 1.090 s, 1.683 s, 2.981 467 

s, 3.846 s, and 4.647 s, which also exist within the range of several cardiac cycles. These time points may express 468 

some temporal characteristics, which should result in the proper NSR decisions of the model. Since no event-level 469 

clinical markers were employed, the given spots should be treated as qualitative attention patterns only rather than a 470 

direct reflection of clinical cues. 471 

4. Discussion 472 

Table 11. Comparative summary of representative AF detection methods involving AFDB 473 

Ref. Year Method Input / Features Validation / Split Reported 

Performance 

Yue et al. [5] 2021 FSWT + ML classifiers 5 s ECG segments + frequency-slice 

wavelet features 

10-fold cross-validation ACC = 98.15%,  

SEN = 96.43%,  

SPE = 100% 

Duan et al. [8] 2022 RRI histogram + SVM R‑R interval histograms 10-fold cross-validation ACC = 96.97%,  

SEN =95.24%  

SPE =  99.94% 

Wan et al.[9] 2024 Ensemble learning + 

multi-feature 

discrimination 

Time + frequency + nonlinear 

features 
cross-validation ACC >99% 

Petmezas et al. 

[11] 

2021 Hybrid CNN-LSTM Raw ECG segments 10-fold cross-validation 
SEN = 97.87%,  

SPE = 99.29% 

Wang[12] 2021 Modified BiLSTM with 

attention 

2 s ECG segments subject-independent split 
ACC = 99.1%,  
SEN = 98.6%,  

SPE = 99.3% 
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Luo et al. [16] 2024 Directional-statistics-

inspired end-to-end 

model 

the distribution patterns of R-R 

intervals 

5-fold cross-validation ACC = 96.2%,  
SEN = 98.2%,  

SPE = 97.3% 

Li et al. [14] 2024 LCG‑Net (lightweight 
cross-guidance ) 

 15 s ECG Not explicitly specified 
ACC = 99.66%, 

 SEN = 99.18%,  

SPE = 99.88% 

Morvari & 

Moghaddam 

[17] 

2024 Hybrid CNN + Ant-Lion 

Optimization 

STFT spectrogram images 10-fold cross-validation 
ACC = 99.40% 

SEN = 99.72%  
SPE = 98.95%, 

  

Wang et al. [18] 2025  Transformer-Based 

Object Detection 

ECG segments for AF beat 

localization and classification 

cross-validation 
ACC = 92.97%,  
SEN = 77.15%,  

SPE = 95.96% 

Our method _ QDA-BLSTM 5 s raw ECG segments subject-independent 

split 

ACC = 99.42%,  

SEN = 99.70%,  

SPE = 99.15% 

 474 

Table 11 summarizes representative AF detection methods evaluated on or utilizing the MIT-BIH Atrial 475 

Fibrillation Database (AFDB), which serves as a methodological reference for comparing our proposed QDA-476 

BLSTM with existing approaches. Some are traditional methods based on handcrafted features, while others are deep 477 

learning-based methods. 478 

Traditional methods use ECG descriptors generated or designed manually followed by classifier construction. 479 

One study using the frequency slice wavelet transform and machine learning classifiers was conducted by Yue et al. 480 

[5] to detect short-term AF segments, and another one based on histogram features of R-R intervals proposed by Duan 481 

et al. [8]relies on the spacing of R peaks and uses a support vector machine. Wan et al. [9] employed ensemble 482 

learning on features from time domain, frequency domain, and nonlinear domains to produce their output. They are 483 

more interpretable as their algorithm makes decisions based on relatively explicit rhythm, statistical properties, and 484 

time/frequency descriptors; however, these algorithms heavily depend on signal preprocessing, R-peak detection, 485 

feature generation and feature selection. In short, as discussed in our work, on short windows there are relatively 486 

fewer cycles, making rhythm-level statistics less stable, and subtle atrial activity and rhythm patterns may be obscured 487 

in pre-defined features. 488 

Methods based on deep learning provide a different approach to automatically learn discriminative ECG 489 

representations for identification. Petmezas et al. [11] proposed a hybrid CNN-LSTM model, and Wang [12] proposed 490 

a modified BiLSTM with a subsequent feature recalibration and attention mechanism. This demonstrates the benefits 491 

of local feature extraction as well as modeling temporal dependencies. More recent works have ventured into rhythm-492 

oriented end-to-end modeling, lightweight feature-fusion networks, optimized CNN-based architectures, and 493 

Transformer-based localization frameworks [14, 16-18]. These developments show that AF detection models are 494 

evolving from classical CNN-LSTM classifiers to more localized, “smart”, lightweight, and optimized architectures. 495 

It is interesting to note that the Transformer Encoder is severely underperforming compared with other models in this 496 

study. This performance drop is likely due to insufficient training data and the lack of inductive bias present in vanilla 497 

Transformers for modeling local morphological patterns in short-window ECGs. 498 

Despite this positive movement toward reducing these existing limitations and risks, there are still several 499 

limitations with existing methods. First, some methods use ECG-derived R-R intervals, wavelet coefficients, and 500 

time-frequency images and representations, hence minimizing the benefits of fully end-to-end learning from the raw 501 

ECG signal. Second, in many existing works, there is reliance on standard cross-validation and intra-patient sampling 502 

procedures, especially with ECG segments taken from the same record or patient being part of both training and test 503 

datasets, leading to an inflation of performance estimates and thus they become optimistic estimates. Finally, with 504 

many DL models, overall performance may improve as existing components are combined with additional layers 505 

(i.e., residual-dense modules, recurrently stacked components, attention fusions, transformed 2D inputs, CNN-based 506 

optimization methods, and transformers for object detection).  While it is often observed that these methods increase 507 

the overall ability to learn features and capture fine-grained details for beat-level localization, these methods also 508 

typically increase computational complexity and subsequently decrease the system’s ability to be deployed in 509 

scenarios related to wearable or edge devices. 510 

In comparison to these existing methods, we propose a QDA-BLSTM specifically tailored for short-window AF 511 

detection from raw single-lead ECG signals. In contrast to classical machine learning methods [5, 8, 9], in which 512 
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extracted features such as R-R interval, HRV, wavelet features, entropy, and nonlinear features are typically used, 513 

our QDA-BLSTM directly learns discriminative representations from 5-s raw ECG segments. When compared to 514 

other works based on CNN-LSTM or BiLSTM, such as those in [11-13], QDA-BLSTM has a specialized mechanism 515 

that is query-based, which has the ability to obtain rhythm-based information from BLSTM-encoded ECG tokens 516 

within 5-s segments. Based on this query mechanism, QDA-BLSTM can collect information from ECG segments 517 

with various contexts, thus resulting in greater robustness in short-window AF detection. With Transformer-based 518 

methodologies such as AF-DETR [18], the purpose is more closely related to AF localization or beat-level detection, 519 

while our paper looks at segment-level AF/NSR discrimination within short time windows. Hence, we cite AF-DETR 520 

as related work even though the objectives differ. 521 

The potential explanation for the observed improvement can be linked to how our QDA aggregation module is 522 

set up. The baseline CNN-BLSTM architecture uses global average pooling on the BLSTM output, resulting in the 523 

loss of various types of temporal information. However, with the QDA module included in our design, the module 524 

can utilize multiple learnable queries to extract different complementary types of temporal information from ECG 525 

tokens encoded using the BLSTM. Different queries in this architecture can tune into distinct temporal processes for 526 

AF/NSR categorization, though they are not tagged with prior clinical meanings as other methods do. The clearest 527 

evidence of this feature can be observed in the ablation test results. Thus, QDA is seen to boost NSR specificity and 528 

reduce the false AF prediction rate while also achieving high levels of AF sensitivity. The visualization results shown 529 

in Fig. 3 illustrate how the learned queries yield diverse temporal engagement parameters, however, they are 530 

qualitative observations and hence do not imply that the queries should be attributed to any particular clinical aspect. 531 

This conclusion is based on further investigations. As seen in Table 3, five-query QDA is markedly better than 532 

both global average pooling and multi-head self-attention in terms of ACC and SPE scores while achieving high SEN 533 

at the same time. In other words, five-query QDA demonstrates the best combination of AF sensitivity and NSR 534 

specificity. In addition, as stated in Table 6, the performance of five-query QDA does not follow a monotonous trend 535 

with increasing query numbers, with five queries achieving the optimal value. Meanwhile, Table 7 shows that five-536 

query QDA requires 17.8% more MACs compared with global average pooling and 42.2% fewer MACs than multi-537 

head self-attention, thereby providing a good performance–cost trade-off. 538 

Notably, we selected AF windows based on rhythm annotations using a subject-independent split strategy. 539 

Compared with random segment-level splitting, this setting reduces the possibility of information leakage at the 540 

record level and provides a stricter evaluation of model generalisation. In this setting, QDA-BLSTM achieved 99.42% 541 

ACC, 99.70% SEN, and 99.15% SPE on the internal test set. Compared with representative AFDB-based methods, 542 

our framework achieved a favourable trade-off among diagnostic accuracy, AF episode sensitivity, and robustness 543 

across independent ECG records. An additional validation on CPSC2018 provides further evidence of the potential 544 

applicability of QDA-BLSTM to ECG data collected from different sources. 545 

It should be noted that numerical comparisons should be viewed in a cautious manner. Each study can have 546 

different window lengths, different modes of input (e.g., sequences versus transformed time-frequency inputs), 547 

different rules for labeling, and so forth. For example, one study uses R-R interval sequences, while another study 548 

may use hand-crafted features of rhythm, and yet another study may optimize a CNN or split by patient or perform 549 

cross-validation across patients, which makes direct comparison with the current work difficult. The current study 550 

utilizes a subject-independent split for internal evaluation and an independent external dataset for validation. The 551 

purpose of Table 11 is to indicate that QDA-BLSTM achieves competitive performance under a fairly stringent 552 

evaluation process while maintaining an end-to-end short-window ECG learning framework. 553 

While the performance of the proposed QDA-BLSTM is promising, we would also like to acknowledge several 554 

current limitations. Firstly, our current model is validated on single-channel ECGs, which lends itself well to wearable 555 

monitoring but means that a significant part of the spatial information in multi-lead ECGs is lost. We will look at 556 

extending the query-centric mechanism proposed in Section 2.5 to multi-lead data, particularly exploring cross-lead 557 

complementary representations. Secondly, we focus on 5-s segments of ECG, which are suitable for fast AF 558 

screening, but may be less robust in rhythm-transition regions, very short paroxysmal AF episodes, and noisy 559 

recordings. A hierarchical short-to-long scheme of temporal modelling may help boost robustness in practice. In 560 

addition, the AF and NSR datasets involved in the internal evaluation were sourced from the AFDB and NSRDB, 561 

potentially introducing specific biases during acquisition and in terms of population composition, which may 562 

influence classification performance. Although subject-independent division limits the risk of leaking record-level 563 

information, this does not eliminate the possibility of such bias having an effect. Although external validation was 564 

performed using CPSC2018, further research exploring the classification capabilities of the approach presented here 565 

in a broader range of recording environments and patient groups is needed. Additionally, it will be necessary to 566 

validate the performance of the proposed approach in real-time applications. 567 

 568 
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 5. Conclusion 569 

In the present study, we proposed a novel query-centric diagnostic attention-based BLSTM network named 570 

QDA-BLSTM for short-window ECG-based AF detection. We employed a subject-independent internal evaluation 571 

protocol along with an external independent dataset to conduct a feasibility analysis of the proposed network. The 572 

experimental results showed that the classification performance of QDA-BLSTM was superior to that of conventional 573 

CNN-BLSTM models, with positive results obtained on the external CPSC2018 dataset as well. The main 574 

contribution of this work was a novel query-centric diagnostic attention technique that provided the model with the 575 

ability to retrieve relevant temporal representations that enabled it to discriminate between AF and NSR with a 576 

reasonable performance-cost trade-off. Moreover, we provided an overview of the performance of the proposed 577 

framework using comparative experiments, ablation experiments, sensitivity experiments, complexity experiments, 578 

statistical analysis, multi-seed evaluation, and attention visualization. In the future, we will enhance our proposed 579 

technique with multi-lead ECG data, real-world wearable recordings, longer ECG histories, and verification of the 580 

ability to generalize to wearable applications along with its feasibility. 581 
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