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ABSTRACT

Electrocardiogram (ECG) analysis is critical for detecting arrhythmias, but traditional methods struggle with large-
scale Electrocardiogram data and rare arrhythmia events in imbalanced datasets. These methods fail to perform
multi-perspective learning of temporal signals and Electrocardiogram images, nor can they fully extract the latent
information within the data, falling short of the accuracy required by clinicians. Therefore, this paper proposes
an innovative hybrid multimodal spatiotemporal neural network to address these challenges. The model employs a
multimodal data augmentation framework integrating visual and signal-based features to enhance the classification
performance of rare arrhythmias in imbalanced datasets. Additionally, the spatiotemporal fusion module incorpo-
rates a spatiotemporal graph convolutional network to jointly model temporal and spatial features, uncovering
complex dependencies within the Electrocardiogram data and improving the model’s ability to represent complex
patterns. In experiments conducted on the MIT-BIH arrhythmia dataset, the model achieved 99.95% accuracy,
99.80% recall, and a 99.78% F1 score. The model was further validated for generalization using the clinical INCART
arrhythmia dataset, and the results demonstrated its effectiveness in terms of both generalization and robustness.
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1 Introduction

Electrocardiogram (ECG) serves as a standard method for recording the electrical activity of the
heart and is widely used for detecting and diagnosing cardiac abnormalities [1]. According to data from
the World Health Organization (WHO), cardiovascular diseases remain the leading cause of death
worldwide, with approximately 11.3 million people succumbing to sudden cardiac events annually [2].
Traditional ECG diagnosis relies on medical experts manually interpreting the ECG waveforms, a
process that is time-consuming and susceptible to inter-operator variability.

In recent years, with the development of artificial intelligence and machine learning, automated
arrhythmia detection has emerged as a viable solution, significantly improving diagnostic efficiency
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and reducing human errors [3]. Existing machine learning methods, such as Support Vector Machines
(SVM) [4] and Multilayer Perceptrons (MLP) [5], have been applied to ECG analysis [6]. However,
they face limitations in handling time-series data, feature fusion, and class imbalance, particularly in
detecting rare arrhythmias (e.g., atrial fibrillation and premature beats), posing significant challenges
for achieving high accuracy and sensitivity [7].

To address these challenges, recent studies have demonstrated the effectiveness of neural networks
in solving complex nonlinear systems, paralleling the complexity involved in ECG signal analysis. For
example, Bhat et al. [8] successfully applied a neural network optimized by Levenberg-Marquardt
backpropagation to solve highly nonlinear differential equations, demonstrating its capacity to model
complex dynamic relationships. Similarly, Chen et al. [9] proposed a Radial Basis Bayesian Regularized
Neural Network (RB-BRNN) to handle nonlinear systems, demonstrating its precision in error
reduction and capturing complex data patterns. These studies highlight the potential of neural
networks in capturing complex dependencies and reducing error rates, which is crucial when dealing
with the inherent randomness and imbalance in ECG datasets.

Building on these findings, this paper proposes an intelligent arrhythmia detection method
based on a multimodal spatiotemporal hybrid neural network (MSH-GCN). This method enhances
the detection of sparse anomalies through a multimodal feature extraction mechanism, integrating
ECG images with raw signals using contrastive learning. By incorporating a Spatiotemporal Graph
Convolutional Network (ST-GCN), the model captures dependencies between temporal and image
features and enhances robustness through data perturbations and residual connections. The main
contributions of this paper can be summarized as follows:

(1) Designed a multimodal feature extraction mechanism that combines ECG images and raw
signal features, utilizing contrastive learning to enhance the model’s ability to detect sparse
anomalies.

(2) Introduced a Spatiotemporal Graph Convolutional Network (ST-GCN) to capture spatiotem-
poral dependencies of different modalities in ECG signals, enhancing model robustness
through data perturbations and residual connections.

(3) Trained the model on the MIT-BIH two-lead dataset and tested it on the INCART twelve-lead
dataset, with results showing good generalization under cross-lead conditions.

The remainder of this paper is organized as follows: Section 2 reviews related research on ECG
analysis and arrhythmia detection. Section 3 describes the datasets and preprocessing techniques.
Section 4 presents the proposed model architecture and methodology. Section 5 outlines the exper-
imental results and evaluates their significance. Finally, Section 6 concludes the paper and proposes
future research directions.

2 Related Work

In the study of electrocardiogram (ECG) arrhythmia classification, the issue of data imbalance
remains a significant challenge. Data imbalance hampers the model’s capacity to identify minority
class arrhythmias, thereby affecting overall diagnostic accuracy [10]. Table | provides a summary of
the related work reviewed in this section. Current approaches to solving data imbalance can be divided
into data-level solutions, feature-level optimization techniques, and model-level improvements.
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2.1 Data-Level Solutions

Data augmentation is commonly used to address data imbalance by increasing the number of
minority class samples. Traditional techniques, such as translation and scaling [11], can increase
sample size, though they may introduce distortions in key ECG signal characteristics. Qin et al. [12]
proposed a Temporal Generative Adversarial Network (GAN) combined with Bidirectional Long
Short-Term Memory (Bi-LSTM), which improved model stability and accuracy by generating realistic
ECG signals, achieving 95.5% accuracy on the MIT-BIH database. Ma et al. [13] used GAN and
attention mechanisms to augment scarce data, combined with ResNet and Bi-LSTM models, achieving
99.4% accuracy in a five-class classification task.

Table 1: Summary of the related studies

Approach Dataset Techniques Classes  Acc/%
Qin et al. [12] MIT-BIH ECG-ADGAN 5 95.5
Ma et al. [13] MIT-BIH ECG-GAN 5 99.4
Chopannejad et al. [14]  MIT-BIH = CNN-BILSTM-BiGRU 7 98.57
Zubair et al. [15] MIT-BIH  CNN-+Attention 5 96.19
Rai et al. [16] MIT-BIH  SMOTE+Tomek 6 99.02
Liuetal. [17] PTB-XL SCDNN 9 85.9
Sellami et al. [18] MIT-BIH BWL 5 99.48
Wang et al. [19] PTB-XL ASTCL 4 93.05
Li et al. [20] MIT-BIH  ResNet 5 88.99
Sun et al. [21] MIT-BIH BeatClass 5 98.7

Common resampling strategies include oversampling and undersampling methods. Oversampling
creates synthetic samples for minority classes to balance the dataset. Chopannejad et al. [14] used
Synthetic Minority Over-sampling Technique (SMOTE) combined with multi-head self-attention
mechanisms to handle data imbalance, achieving a classification accuracy of 98.57%. However,
oversampling may lead to overfitting. Zubair et al. [1 5] used sample generation and attention modules
to convert majority class samples into minority class samples, achieving an accuracy of 96.19% on
the MIT-BIH database. Rai et al. [16] proposed a hybrid sampling method combining SMOTE and
Tomek Link, improving minority class accuracy by 20%, with a maximum classification accuracy of
99.02%.

2.2 Feature-Level Optimization Techniques

Feature selection and extraction streamline the feature space and improve model performance.
Liu et al. [17] proposed the Spectral Cross-Domain Neural Network (SCDNN), combined with soft
adaptive threshold spectral enhancement techniques, to capture frequency-domain and time-domain
information, mitigating the impact of data imbalance on the model.

Feature balancing techniques address feature imbalance by adjusting the weights of features.
Sellami et al. [18] employed a batch-weighted loss function to dynamically adjust the loss weights
based on class distribution, improving classification performance and stability.
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2.3 Model-Level Improvements

Deep learning models, including (Domain Neural Network) DNN, (Convolutional Neural Net-
work) CNN, and (Regularized Neural Network) RNN, have demonstrated superiority in handling
complex ECG data. By automatically extracting and learning features from the data and combin-
ing data augmentation techniques, deep learning models can effectively address the issue of data
imbalance.

DNN:gs, through the connection of multiple layers of neurons, can learn complex features from
large amounts of data and perform well in classification tasks. Wang et al. [19] proposed the Adversar-
ial Spatiotemporal Contrastive Learning (ASTCL) framework, which enhances model performance
on imbalanced data by constructing patient-level contrastive samples.

CNNs can effectively capture localized patterns in ECG signals. Li et al. [20] proposed an
improved ResNet model that combines Discrete Wavelet Transform (DWT) for denoising and
introduces the Focal Loss function to improve classification performance.

RNNSs and their variants (such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU)) are advantageous in handling time-series data and can capture the temporal dependencies
in ECG signals. Sun et al. [21] proposed an ECG classification model combining GAN and RNN,
which includes two main modules: the Bidirectional Long Short-Term Memory (Bi-LSTM) modules
Rist and Morst, and the Generative Adversarial Network (GAN) module MorphGAN. Rist first
classifies heartbeats into five common arrhythmia types, Morst further refines the S and V types,
and MorphGAN is used to augment the morphology and contextual knowledge of rare heartbeat
categories, improving the data imbalance problem.

Despite the progress made by existing methods in addressing data imbalance, they still face
difficulties in managing complex multimodal representations. The MSH-GCN model proposed in
this paper addresses the issues of feature monotony and sparse samples through multimodal feature
extraction, while the ST-GCN model captures the spatiotemporal dependencies in ECG signals,
enhancing the accuracy of multi-class arrhythmia diagnosis.

3 Databases and Preprocessing

To ensure accurate import of ECG data and meet model requirements, the databases, including
MIT-BIH and European Data Format (EDF) formats, were standardized and uniformly converted
into a model-compatible format.

3.1 Databases

This study utilized the MIT-BIH [22] and INCART arrhythmia databases [23], both available
through PhysioNet, which provides open access to extensively validated biomedical data for research.
The MIT-BIH database contains 48 two-lead ECG recordings, covering 17 types of arrhythmias from
47 patients, with a total of 100,000 heartbeats. The INCART database includes 12-lead ECG signals
from 32 patients, with a sampling frequency of 257 Hz, covering six types of arrhythmias with 170,000
heartbeats. These databases were chosen for their wide application in ECG research and their ability to
provide diverse arrhythmia samples, ensuring robust model performance. To standardize the labeling
of heartbeats from these databases, this study follows the AAMI EC57:2012 guidelines [24], which
are widely adopted in the medical field to ensure consistency in ECG classification. These guidelines
categorize heartbeats into five primary classes: normal (N), supraventricular (S), ventricular (V),
fusion (F), and unclassified (Q). By adhering to this standard, the results obtained from the proposed
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model are directly comparable with those from other studies and align with real-world diagnostic
practices, enhancing the practical relevance of the research.

Table 2 shows the distribution of heartbeat types in the databases, highlighting significant inter-
class imbalance. In the MIT-BIH database, normal beats (N type) far outnumber other arrhythmia
types, while in the INCART database, the imbalance is more extreme, with 153,575 N-type samples
and only 6 Q-type samples.

Table 2: AAMI standard classification

Five categories Heartbeat type Tag Fragment number
MIT-BIH INCART

N Normal beat N 90,589 153,579
Left bundle branch block beat
Right bundle branch block beat
Nodal (junctional) escape beat
Atrial escape beat

S Atrial premature beat
Aberrated atrial premature
Nodal (junctional) premature
Supraventricular premature beat

v Premature ventricular contraction

~

2779 1958

7236 19,992
Ventricular escape beat

F Fusion of ventricular and normal beat

Q Paced beat
Fusion of paced and normal beat
Unclassifiable beat

803 219
8039 6

O™ =mm<®n == »o =

Such imbalance can skew the predictions of classification models toward common classes, thereby
affecting overall performance [25]. To address this issue, data augmentation strategies are employed
to balance the dataset and mitigate the impact of imbalance during training and testing.

3.2 Data Preprocessing

To meet the multimodal input requirements of the MSH-GCN model, this study converts raw
ECG signals into both image and time-series formats to better capture the complex features inherent
in ECG signals.

Specifically, the WFDB tool [26] was employed to extract heartbeat segments and their cor-
responding rhythm annotations from the databases. For each heartbeat, a segment containing the
complete ECG signal was extracted and processed to generate a 64 x 64 pixel image file, with the
filename encoding the heartbeat’s class information and corresponding timestamp. At the same time,
the original ECG signal data was stored as a separate text file, recording the temporal variations of
the ECG signal as one-dimensional time-series data for further analysis.

This dual data storage strategy is designed to integrate one-dimensional time-series information
with two-dimensional visual features. The one-dimensional signal data reflects the dynamic changes



3448 CMC, 2025, vol.82, no.2

in the heart’s electrical activity over time, while the transformed two-dimensional images capture
morphological features within the time-series data that are challenging to discern directly. By combin-
ing these two data formats, the model can analyze ECG features from multiple perspectives, thereby
improving the detection accuracy of rare arrhythmia classes.

Table 3 shows the data from the entire MIT-BIH database partitioned into training, validation,
and test sets in a 7:2:1 ratio [19]. Additionally, all data from the INCART database was utilized for
testing to evaluate the model’s generalization ability.

Table 3: MIT-BIH arrhythmia database five categories data

Classes N S v F Q
Training set 63,412 1945 5065 562 5627
Validation set 18,117 555 1447 160 1607
Test set 9060 279 724 81 805

4 Methodology

This paper proposes an innovative multimodal data augmentation and spatiotemporal fusion
model for optimizing ECG signal processing and analysis. As shown in Fig. 1, the multimodal data
augmentation module, first, utilizes improved visual and signal encoders to extract features from ECG
images and time-series signals. It then generates enhanced signals through feature projection and
fusion, increasing data diversity and improving model generalization. Subsequently, the spatiotem-
poral fusion module processes time-series data using the Piecewise Aggregate Approximation (PAA)
method, extracts edge information from images using multiscale edge detection techniques, constructs
spatiotemporal graph-structured data, and optimizes it via a Spatio-Temporal Graph Convolutional
Network (ST-GCN), significantly improving the model’s robustness. Finally, the model employs a
weighted cross-entropy loss function and dynamic learning rate scheduling, addressing data imbalance
and demonstrating excellent classification performance.

4.1 Data Augmentation

To enhance the processing capability of multimodal ECG data, this study designs a data augmen-
tation module that fuses visual and signal features. By jointly training visual and signal encoders, the
complementary nature of both types of data is fully utilized, enhancing the model’s generalization. This
module integrates visual feature extraction, signal feature encoding, and feature fusion to improve the
capacity to generate enhanced signals.

4.1.1 Visual Encoder

To effectively extract image features at different scales, this study employed a multi-scale convo-
lutional neural network structure in the visual encoder, introducing adaptive scaling operations to
improve feature extraction capability. This design was inspired by prior studies on vision models using
self-attention mechanisms, such as Huang et al. [27], which demonstrated improved image feature
extraction via multi-head self-attention encoders and residual connections. The feature extraction
process is represented by:

Xiision = Norm (ConvStem (1)) (1)



CMC, 2025, vol.82, no.2 3449

where X, represents the extracted visual features, and Norm represents the feature normalization
operation.

After feature extraction, multi-head self-attention is applied to the features:

A = soft max (Qj;) (2)

Xa/m = AV (3)

where O, K, and V represent the query, key, and value matrices, respectively, and A represents the
attention weight matrix.

Through the above operations, the visual encoder effectively captures both local and global
information from the image and extracts the final feature vector using global average pooling:

X7is'i(Jl1ﬁichl = AngOOI (Xattn) (4)

where X, ma represents the final extracted visual feature.

4.1.2 Signal Encoder

The signal encoder combines 1D convolutional neural networks (1D-CNN) with Long Short-
Term Memory networks (LSTM) to extract local and global temporal features. First, the ID-CNN
extracts local features:

X\'ignul = COI’ZVID (S) (5)

where X, represents the local features of the input signal S. Then, the LSTM layer captures global
temporal dependencies:

ht = LSTM (Xsignal) (6)

where /&, represents the hidden state output of the temporal data at time step 7. To enhance feature
representation, an attention mechanism calculates the importance of temporal features and performs
a weighted summation:

c=> ah, (7)

where «, represents the attention weight at time step ¢, and c is the global feature vector of the signal.

By introducing adaptive scale variation and the self-attention mechanism, the visual encoder
can more accurately capture both local and global information, improving the effectiveness of image
feature extraction. Moreover, combining 1D convolution and LSTM in the signal encoder enhances
the representation of the time-series.
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Figure 1: MSH-GCN: Multimodal Infor mation and Spatio-Temporal Hybrid Neural Network

4.1.3 Feature Projection and Fusion

In the process of multimodal feature fusion, this study draws upon feature enhancement and fusion
strategies used in medical image segmentation. Such an approach improves segmentation accuracy
through optimized feature extraction and fusion, inspiring the design of visual and signal feature fusion
in this study. Two projection layers have been designed: one for visual features and the other for signal
features. The mathematical formulation of the projected features is expressed as follows:

Xvisian_proj = insiondeion_ﬁnal (8)
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X\'ignaljwj = signulX\'igalﬁnul (9)

where W, and W, represent the weight matrices of the projection layers, X i s a0 Xt finar
represent the final features extracted by the visual and signal encoders.

The final multimodal feature is obtained through feature concatenation:

AX}’u.ved = [Xisian _proj 5 Xvignu/ Jn‘oj] (10)
where X, represents the concatenated multimodal feature.

By integrating visual and signal features into a unified feature vector, the model captures
complementary information from different modalities, enhancing its performance in detecting rare
categories.

4.1.4 Loss Function Design
This study employs two loss functions:

ISC (Image-Signal Contrastive) loss minimizes differences between visual and signal features to
ensure cross-modal consistency:

l & oo |
— E (O] (@) 2
LISC - N IIXv;s'iunjroj - X;il’ltaljroj||2 (1 1)
i=1

where X ion proy A0d X0 o TEPresent the projected visual and signal features, and N is the sample size.

SM (Signal Modeling) loss minimizes the error between the generated and original signals to
ensure temporal consistency:

1 & - .
Loy = 5 2 18" = S"II; (12)
i=1

where S represents the generated signal, S represents the original signal, and N is the sample size.

The overall loss function is the weighted sum of these two losses:
Ly = Lisc + Ly (13)

4.1.5 Data Generation

To further improve generalization, multimodal augmentation generates enhanced signals by
projecting visual features and combining them with the original signal via weighted summation:

Saugmented =05x85+0.5x S (14)

where S’m,g,,,med represents the generated enhanced signal, S is the original signal, and S is the signal
generated by the model.

Fig. 2 shows raw electrocardiogram and model generated electrocardiogram. Table 4 shows the
sample size of the training set before and after data augmentation. During the data augmentation
process, we only balanced the samples in the training set. To ensure data integrity, we retained the
original data of the four minority classes (such as S, V, Q, and F) while performing data augmentation
on them [28]. This strategy not only increases the number of minority class samples but also avoids
interference with the sample distribution in the validation and test sets, ensuring the representativeness
and objectivity of the validation and test sets during the evaluation process.
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Raw F Raw S Raw V Raw Q

Produce F Produce S Produce V Produce Q

Figure 2: Raw electrocardiogram and model generated electrocardiogram

Table 4: Sample size of training set before and after data augmentation on the MIT-BIH arrhythmia
database

Classes N S v F Q Total
Raw 63,412 1945 5065 562 5627 76,611
Add 0 19,000 15,000 20,000 15,000 69,000
New 63,412 20,945 20,065 20,562 20,627 145,611

4.2 Spatio-Temporal Fusion

To handle the fused multimodal data, this study presents an improved Spatio-Temporal Graph
Convolutional Network (ST-GCN). By extending the original ST-GCN model [29], the following opti-
mizations are introduced in spatiotemporal fusion: (1) effective integration of time-series and image
features; (2) application of multiple data perturbation strategies to enhance model robustness; and (3)
implementation of hierarchical residual connections to ensure seamless fusion and transmission of
multi-scale features.

4.2.1 Data Representation and Graph Structure Construction

In constructing the spatiotemporal graph data structure, this study extends and adapts the
success of graph-based methods in medical data processing. Such approaches have proven effective in
enhancing data analysis accuracy and improving personalized recommendations by integrating diverse
medical data (e.g., patient history, medication usage, and health trends) into graph representations.
These insights guided the design of the spatiotemporal fusion model in our ECG signal analysis,
particularly for integrating and modeling spatiotemporal data. Additionally, this study employs a
multi-feature fusion approach to effectively integrate diverse data types. This method has been tailored
to optimize the fusion of ECG signal and image features, significantly enhancing the accuracy of
spatiotemporal data modeling.

This paper proposes a novel graph representation method that combines time-series signals and
image features, suitable for spatiotemporal data processing in Graph Neural Networks (GCNs). First,
the Piecewise Aggregate Approximation (PAA) method reduces the dimensionality of time-series data
while extracting key features. Then, multi-scale edge detection is applied to extract edge information
from images. These two feature types are integrated into the graph structure, where the time-series
data serve as the initial node attributes, and the image edge information functions as the connection
features between nodes. This process generates graph data suitable for GCN processing.
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The PAA method [30] segments the time-series data and averages it to produce reduced-
dimensional features:

1 n
Xpia = ZZZXi (15)

where X, is the reduced-dimension feature vector, x is the length of the original time-series, and # is
the number of segments.

For image data processing, this study adopts the Multi-scale Laplacian-Gaussian (MLG) edge
detection method to achieve more precise and multi-level feature extraction. As shown in ,
compared with the Laplacian of Gaussian (LoG) method [31], MLG edge detection captures both
fine-grained and coarse-grained edge information, improving overall model performance. Gaussian
blurring is applied at different scales to ensure fine edges are preserved at smaller scales while noise is
smoothed at larger scales, emphasizing global edge structure. The mathematical expression is:

LoG (x,y;0) = A(G (x,y;0) * I (x,))) (16)

where o represents the Gaussian blur kernel at different scales, 7 (x, y) is the input image, G (x, y; o) is
the Gaussian blur kernel, and A is the Laplacian operator.

E(x,y) = > wLoG (x,y;0) (17)

i=1

where w; denotes weight coefficients for the scales, and o; denotes different blur scales.

LoG F LoG N LoG S LoGV LoGQ
MLG F MLG N MLG S MLG V MLG Q

Figure 3: (Multi-scale Laplacian-Gaussian, MLG) vs. Laplacian of Gaussian (LoG) edge detection
method comparison chart

After extracting time-series and image features, the extracted features are integrated into the
graph structure. The PAA-generated time-series features serve as node attributes, and the image
edge information functions as supplementary connection features. Neighborhood relationships define
graph edges, and Z-score normalization is applied to the node feature values:

X —u

(o

X (18)

where p is the mean of the node features, o is the standard deviation, and X is the normalized feature
value. This process creates a graph structure capable of capturing spatiotemporal information.
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4.2.2 Data Perturbation Processing

To enhance the model’s robustness and generalization, this study introduces several data perturba-
tion strategies, including node feature perturbation, feature masking, and subgraph sampling. These
strategies help the model handle noise and missing information, improving performance in complex
environments.

Node feature perturbation: Gaussian noise is added to the node features to simulate random
variations in real-world data. The formula is as follows:

X =X, +N(0,07) (19)
where X; represents the original node features, and N (O, 02) is Gaussian noise with variance o°.

Feature masking: Randomly selects and masks some node features by setting them to zero:
X =X -m, (20)

where m; is a mask vector sampled from a Bernoulli distribution, used to randomly mask some node
features.

Subgraph sampling: randomly selecting a portion of nodes in the graph to form a subgraph for
training enhances the structural diversity of the graph, thereby improving the model’s generalization
ability.

V' = Samole (V,a) (21)

where V is the original graph’s node set, J is the node set of the sampled subgraph, « is the sampling
ratio.

4.2.3 Model Architecture

This paper adopts ST-GCN (spatial-temporal Graph Convolutional Network) as the base model
for processing the constructed spatiotemporal graph data structure. ST-GCN can efficiently extract the
features of graph nodes through convolutional operations while capturing the complex relationships
between nodes, making it an ideal choice for handling non-Euclidean spatial data. Unlike traditional
feed-forward neural networks (FNNs), ST-GCN can operate directly on graph data structures and
handle the dependencies between nodes and their neighbors through its flexible convolution kernel
design. This characteristic provides a solid theoretical foundation for the spatiotemporal feature fusion
and graph structure optimization in this study.

Each spatiotemporal convolution layer first processes temporal information with 1D convolution,
followed by spatial information using graph convolution:

x"*" = ReLU (GCN (ConvlD (x"))) (22)

where x is the input node feature of layer /, Conv1D is the temporal convolution operation, and GCN
is the spatial convolution operation.

Global pooling and classification layer: at the output of the spatiotemporal convolutional layers,
global average pooling is used to aggregate node features into graph-level features, which are finally
fed into a fully connected layer for classification. The formula is as follows:

J = Softmax (Wx,,, + b) (23)

where x,,,, represents the pooled graph features, and W and b are the parameters of the classification
layer.
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4.2.4 Loss Function and Optimization

To address class imbalance in the dataset, this paper employs a weighted cross-entropy loss
function to improve the recognition accuracy of minority classes:

Loss = —Xw, (ylogy,) (24)
where w; is the class weight, y; is the true label, and J, is the predicted probability.

During optimization, the model uses the Adam [32] optimizer and dynamically adjusts the
learning rate with a scheduler to ensure fast convergence and avoid overfitting.

The proposed multimodal data augmentation and spatiotemporal fusion model improves the
accuracy and robustness of ECG signal analysis and has significant social benefits. Intelligent ECG
monitoring systems can optimize healthcare resources by supporting remote monitoring of heart
disease patients. This approach addresses key challenges such as remote information transmission,
sharing diagnostic opinions, and timely communication between healthcare providers and patients.
Moreover, it provides timely, accurate, and reliable medical data to healthcare administrators, facilitat-
ing the development of effective prevention and treatment strategies. By integrating advanced artificial
intelligence technologies into healthcare services, this study contributes to improving the quality and
accessibility of healthcare at the grassroots level.

5 Experiments

This section presents a detailed performance evaluation of the MSH-GCN model under various
experimental conditions. The effectiveness and superiority of the model were validated across multiple
experimental setups, including basic model evaluation, parameter optimization, ablation experiments,
comparative experiments, and generalization experiments. Through a series of experiments, the
processing capability of the MSH-GCN model for time-series and graph-structured data, as well as its
application potential in ECG classification tasks, was comprehensively demonstrated.

5.1 Experimental Equipment

The experiments were conducted on a Windows 11 workstation equipped with 16 GB of RAM, an
NVIDIA GeForce RTX 4070 graphics card (4 GB VRAM), and CUDA 11.3 for GPU acceleration.
PyTorch 1.10 and the PyG 2.0.4.5 library were used for deep learning and graph neural network
operations. The MSH-GCN model was trained for 100 epochs with a batch size of 4048, a learning
rate of 0.001, and the Adam optimizer (Algorithm 1).

Algorithm 1: Training based on MSH-GCN model

Input: Training dataset (D,,;,), validation dataset (D,,), test dataset (D, ); Number of layers (L), hidden

units (C), learning rate (1), regularization coefficient (\), and number of epochs

Output: The trained MSH-GCN model

Process:

1: begin

2: Initialize the MSH-GCN model parameters

3: Set up Adam optimizer and weighted cross entropy loss function

4: while maximum epochs not reached or early stopping not triggered do

5: for each mini-batch data from D,,;, do

6: Perform forward propagation through ST-GCN to extract spatio-temporal features
(Continued)
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Algorithm 1 (continued)

7: Compute the loss L

8: Perform backpropagation to update model parameters

9: At the end of each epoch, evaluate the model on the validation set

10:  Perform forward propagation and compute validation loss and accuracy
11: if validation loss does not decrease for several epochs then

12: Trigger early stopping

13: Select the best model based on validation accuracy
14: Use the test set for final evaluation, compute classification metrics and generate the report
15: end

5.2 Evaluation Metrics

The classification performance of the MSH-GCN model was evaluated using a confusion matrix,
which summarizes the model’s predictions across different categories. True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives (FN) were derived from the confusion matrix
[33]. These metrics were used to derive key performance indicators, including Accuracy, Precision,
Recall, and F1 score:

Accuracy: The proportion of correct predictions.

TP+ TN

Accuracy = x 100% (29)
TP+ TN+ FP+FN

Precision: The proportion of true positives among predicted positives.

TP
Precision = ——— x 100% (26)
TP+ FP
Recall: The proportion of actual positives correctly predicted.
TP
Recall = ———— x 100% 27
TP+ FN

F1 score: The harmonic mean of precision and recall.

2 x (Precisi Recall
F1 score = 22 \Precision x Recall) - 00, (28)
Precision + Recall

5.3 Parameter Optimization

To optimize the performance of the MSH-GCN model, experiments were conducted on three key
hyperparameters: learning rate, batch size, and the number of hidden neurons. Table 5 summarizes the
experimental results.

Table 5: Experimental data of parameter optimization

Argument Learning rate Batch size Number of neurons
0.01 0.005 0.001 2048 4048 4096 064 128 256
Accl% 99.67 99.86 99.95 99.85 99.95 99.84 99.83 9995 99.76
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5.3.1 Learning Rate

The values 0.01, 0.005, and 0.001 were tested. Under the conditions of a batch size of 4048 and 128
hidden neurons, the model achieved the highest accuracy (99.95%) with a learning rate of 0.001. This
result suggests that a smaller learning rate facilitates smooth convergence and improves classification
performance.

5.3.2 Batch Size

With a learning rate of 0.001 and 128 hidden neurons, the model achieved the best performance
(99.95%) at a batch size of 4048. Smaller batch sizes increase the frequency of parameter updates but
may disproportionately favor majority classes, while larger batch sizes can reduce the model’s capacity
to learn from minority classes.

5.3.3 Number of Hidden Neurons

With a learning rate of 0.001 and a batch size of 4048, the configuration of 128 neurons yielded
the highest accuracy (99.95%). Changes in the number of neurons influence the model’s performance.
A configuration with 64 neurons limited the model’s learning capacity, resulting in a slightly lower
accuracy of 99.83%. Conversely, using 256 neurons enhanced the representation capacity, but the
accuracy dropped to 99.76%, which is likely attributed to reduced generalization caused by overfitting.
The 128-neuron configuration provided an optimal balance between performance and complexity,
ensuring high accuracy while avoiding overfitting.

Based on the above optimization experiments, the optimal hyperparameter configuration of the
TSF-GCN model was identified: a learning rate of 0.001, a batch size of 4048, and 128 hidden neurons.
The experimental results of the best-performing model are shown in Table 6.

Table 6: Best-Performing MSH-GCN model experimental results

Evaluation parameters F N Q S \" Average
Pre/% 100 100 99.75 99.28 99.72 99.75
Recall/% 100 99.98 99.75 99.28 100 99.80
F1/% 100 99.99 99.75 99.28 99.86 99.78
ACC/% — - - — — 99.95

5.4 Ablation Experiment

The performance improvement of the data augmentation and spatiotemporal fusion modules was
validated through ablation experiments. Three experimental configurations were implemented: (1) a
GCN baseline model; (2) a model with the spatiotemporal fusion module; and (3) the complete model,
incorporating both data augmentation and spatiotemporal fusion modules. Table 7 summarizes the
experimental results.

GCN baseline model: The model exhibited strong performance for simple heartbeat types (e.g.,
F and N classes), achieving F1 scores of 98.11% for class F and 99.56% for class N. However, its
performance declined on more complex heartbeat types (e.g., Q, S, and V classes), with the F1 score
for class S reaching only 69.19%.
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Table 7: Ablation study of data augmentation and spatiotemporal fusion

Type GCN ST-GCN MSH-GCN

Pre/% Recalll/% F1/% Pre/% Recall/% F1/% Pre/% Recall/% F1/%
F 100 96.3 98.11 100 100 100 100 100 100
N 99.97 99.15 99.56 100 99.76 99.88 100 99.98 99.99
Q 90.35 89.57 8996 9726 97.14 97.2 99.75  99.75 99.75
N 69.57 68.82 69.19 91.76 91.76 91.76 99.28  99.28 99.28
Vv 87.85 100 93.53 96.82 100 98.38 99.72 100 99.86

Adding the spatiotemporal fusion module: Incorporating the spatiotemporal fusion module
significantly improved the classification ability for complex heartbeats. The F1 score for class Q
increased from 89.96% to 97.20%, for class S from 69.19% to 91.76%, and for class V from 93.53% to
98.38%. These results demonstrate that the spatiotemporal fusion module enhances the model’s ability
to capture and leverage complex spatiotemporal features.

Complete model: With both the data augmentation and spatiotemporal fusion modules, the
accuracy, recall, and F1 scores for all heartbeat types nearly reached 100%. Notably, the F1 scores
for Q, S, and V classes were 99.75%, 99.28%, and 99.86%, respectively. These findings indicate that
the data augmentation module effectively mitigates data imbalance, thereby enhancing the model’s
generalization ability.

Overall, the results confirm the synergistic effects of the data augmentation and spatiotemporal
fusion modules, both of which are essential for improving the classification performance of complex
heartbeat signals.

5.5 Contrast Experiment

Two sets of comparative experiments were conducted. The first set evaluates the heartbeat
classification performance of different deep learning models on the same dataset, while the second
set examines the effects of various data augmentation techniques. The results are presented in Tables 8
and 9.

Table 8: Performance comparison with other literatures based on the same data set

Methods Performance/% F N Q S \"
Shoughi et al. [34] Pre 87.5 99.6 98.54 82.8 94.57
Recall 83.33 99.01 99.75 92.7 99.1
F1 85.36 99.3 99.14 87.4 96.78
Mousavi et al. [35] Pre 86.48 99.7 97.88 77.33 91.88
Recall 65.96 97.6 91.24 90.05 90.45
F1 74.73 98.64 94.44 90.05 91.16
Hassan et al. [30] Pre 68.66 98.97 96.6 84.08 94.45
Recall 80.7 99.08 98.59 82.42 96.72
F1 74.17 99.03 97.58 83.24 95.57

(Continued)
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Table 8 (continued)

Methods Performance/% F N Q S A%

Eleyan et al. [37] Pre 84 98.09 98.46 74.89 91.87
Recall 64.81 99.33 97.08 63.31 92.26
F1 73.12 98.71 97.77 68.61 92.06

MSH-GCN (Our method) Pre 100 100 97.26 91.76 96.82
Recall 100 99.76 97.14 91.76 100
F1 100 99.88 97.2 91.76 98.38

Table 9: Performance comparison with other literatures based on different data enhancement tech-

niques
Methods Performance/% F N Q S v
Ma[13] Pre 99.42 99.31 99.67 100 98.25
Recall 98.87 99.97 99.42 99.09 98.16
F1 99.14 99.64 99.54 99.54 98.2
Xu [28] Pre 82.32 99.56 - 85.04 97.29
Recall 83.85 99.31 — 91.01 97.5
F1 83.08 99.44 - 97.92 97.4
Eldele [3€] Pre 91.3 99.36 99.3 91.67 95.74
Recall 82.68 99.46 99.06 86.91 97.65
F1 86.78 99.41 99.18 89.22 96.69
Ma [39] Pre 97.8 99.1 99.4 89.9 97.8
Recall 99.4 99.6 98.9 76.4 95.9
F1 98.6 99.3 99.1 82.6 96.8
MSH-GCN (Our method) Pre 100 100 99.75 99.28 99.72
Recall 100 99.98 99.75 99.28 100
F1 100 99.99 99.75 99.28 99.86

5.5.1 Experiment One: Comparison Based on the Same Dataset

Table 8 provides a performance comparison between the proposed model in this study and other
models from the literature on the same dataset. The GCN spatiotemporal fusion model proposed in
this study achieved the highest accuracy, recall, and F1 scores across all heartbeat classification tasks,
comprehensively outperforming other methods.

Shoughi et al. [34] used CNN and BLSTM combined with DWT and SMOTE for data processing,
demonstrating strong performance in detecting complex heartbeats. However, their model achieved an
F1 score of only 85.36% for class F heartbeats, compared to the 100% achieved by our model. Similarly,
Mousavi et al. [35] employed CNN and RNN for ECG signal classification, delivering outstanding
performance on N-class heartbeats (F1 score of 98.64%) but showing poor results for rare types such
as class F, with a recall rate of 65.96%. Hassan et al. [36] combined CNN and Bi-LSTM, achieving
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good results for N and V-class heartbeats. However, their model exhibited a low recall rate for class
F (80.70%). Eleyan et al. [37] used FFT and CNN, showing strong performance on N and V-class
heartbeats, but with weaker results for class F (F1 score of 73.12%) and class S (F1 score of 68.61%).

The proposed model exhibits substantial advantages in classifying complex signals and rare
categories through the spatiotemporal fusion strategy, achieving superior performance compared to
existing methods.

5.5.2 Experiment Two: Comparison Based on Different Data Augmentation Techniques

Table 9 presents the impact of various data augmentation techniques on heartbeat classification
performance. The multimodal data augmentation method proposed in this study achieved nearly or
fully 100% F1 scores across all heartbeat types, surpassing other existing approaches.

Ma et al. [13] combined GAN, ResNet, and BiLSTM, reporting an overall accuracy of 99.4%;
however, the F1 score for S-class heartbeats was 90.05%, which is considered suboptimal. Xu et al. [2§]
proposed the Multi-Modal Data Augmentation Network (MM-DANet) for arrhythmia classification,
achieving an F1 score of 98.20% for class V, but its performance for class S (F1 score 89.22%) fell short
of the 99.28% achieved by the model in this study. El-Ghaisha et al. [38] introduced ECGTransForm,
which utilized multi-scale convolution and a bidirectional Transformer, but the F1 score for class
S (89.22%) remained inferior to the results achieved by the current model. Similarly, Ma et al. [39]
addressed data imbalance using GAN and CNN, but the F1 score for S-class heartbeats was only
82.6%, demonstrating a significant gap compared to the performance of our model.

The GCN spatiotemporal fusion model and multimodal data augmentation technique proposed in
this study exhibited superior performance in handling complex spatiotemporal features and addressing
data imbalance issues. The model achieved the highest accuracy and F1 scores across all heartbeat
types, validating its robustness and potential for broad application.

5.6 Generalization Experiment

This experiment evaluated the model’s generalization ability across different datasets by training
the model on the MIT-BIH dataset and testing it on the INCART dataset to assess its performance
under varying data sources and lead counts.

5.6.1 Experimental Results

Table 10 provides the confusion matrix of the test results: F-class heartbeats: All 219 samples were
correctly classified. N-class heartbeats: Of 153,571 samples, only 8 were misclassified (6 as Q-class and
2 as S-class), indicating the model’s high accuracy in detecting normal heartbeats. Q-class heartbeats:
Four samples were correctly classified, with two misclassified as S-class; however, Q-class heartbeats
have low clinical significance, with minimal impact on overall performance. S-class heartbeats: Of
1950 samples, only 8 were misclassified as V-class, indicating stable classification performance. V-class
heartbeats: All 19,992 samples were correctly classified, demonstrating the model’s strong robustness
in detecting abnormal heartbeats.

The model exhibited strong performance across most heartbeat types (F, N, S, V), demonstrating
robust cross-dataset generalization. Although minor errors were observed in Q-class heartbeats, their
clinical impact is minimal. The data augmentation and spatiotemporal fusion modules substantially
enhanced the model’s performance in handling rare heartbeat types and adapting to varying data
sources.
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Table 10: Confusion matrix for validation using INCART datasets

True class F N Q S A"
F 219 0 0 0 0
N 0 153,571 6 2 0
Q 0 0 4 2 0
S 0 0 0 1950 8
v 0 0 0 0 19,992

Note: Each row represents the actual class, and each column represents the predicted
class.

5.7 Result Analysis
5.7.1 Research Problem

Electrocardiogram (ECG) signal classification plays a critical role in medical diagnosis, especially
in identifying abnormal heartbeats. However, ECG signals are inherently complex, diverse, and
imbalanced, leading to poor performance of existing methods when handling complex signals and
minority heartbeat classes. Traditional Graph Convolutional Networks (GCNs) face limitations in
capturing both temporal and spatial features, hindering effective identification of complex heartbeat

types.

5.7.2 Solution

To address these challenges, this study presents a multimodal data augmentation and spatiotem-
poral fusion model (MSH-GCN), which consists of two core modules:

(1) A multimodal data augmentation module: This module enhances feature extraction diversity
by combining visual and signal encoders and employs feature projection and fusion to generate
augmented signals, effectively addressing the data imbalance problem.

(2) A spatiotemporal fusion module: This module incorporates an improved Spatio-Temporal
Graph Convolutional Network (ST-GCN) to process spatiotemporal data, significantly enhancing
the model’s ability to recognize complex spatiotemporal features in ECG signals.

5.7.3 Theoretical Contributions

Multimodal fusion enhances feature representation: By projecting visual and signal features into
the same space, the model can extract and fuse data from different modalities in a more comprehensive
manner, thereby improving classification accuracy. Compared to traditional unimodal approaches,
multimodal fusion improves the model’s capacity to analyze complex signals, particularly under
imbalanced data conditions.

Optimization of spatiotemporal feature processing: The spatiotemporal fusion module effectively
integrates temporal and spatial information through ST-GCN, enhancing the model’s ability to
recognize complex heartbeat types. Experimental results demonstrate that MSH-GCN offers sub-
stantial advantages over traditional GCN models in capturing intricate spatiotemporal relationships,
particularly in detecting abnormal and rare heartbeat signals.

Addressing data imbalance and improving generalization: The data augmentation module
generates additional minority class samples and addresses data imbalance through a rich set of
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augmentation strategies. Generalization experiments demonstrate the model’s robustness across
different datasets, especially in cross-dataset classification of minority heartbeat types, validating
its strong generalization ability.

Through these innovations, the MSH-GCN model proposed in this study significantly improves
the accuracy and robustness of ECG classification tasks, exhibiting strong potential in addressing
complex signals and data imbalance issues.

6 Conclusion

This paper presents a novel multimodal spatiotemporal hybrid neural network (MSH-GCN) for
ECG arrhythmia classification, which addresses challenges such as data imbalance and the complexity
of multimodal feature extraction. The model effectively combines the data augmentation module
with spatiotemporal fusion, substantially enhancing the detection performance of minority class
arrhythmias. Experimental results show that MSH-GCN achieves superior performance across vari-
ous metrics, including accuracy, recall, and F1 score, outperforming existing sparse ECG classification
methods.

Like many deep learning models, the functionality of MSH-GCN resembles a ”black box,” where
the internal decision-making process is not easily interpretable by human experts. In high-risk fields
such as medical diagnostics, this lack of interpretability can limit trust and acceptance. Specifically,
the ability to attribute certain features or patterns in ECG signals to the model’s predictions plays a
crucial role in its practical application in clinical settings.

To overcome these limitations, future research will focus on enhancing the model’s interpretability
through the integration of techniques such as attention mechanisms, saliency maps, or Layer-wise
Relevance Propagation (LRP). These methods aim to improve the model’s transparency, enabling
clinicians to better understand and trust its predictions.

Future work will also investigate the incorporation of additional physiological parameters, such as
blood pressure and blood oxygen levels, into the MSH-GCN model to further enhance its diagnostic
accuracy.
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