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Abstract 

Parkinson’s disease (PD) is a progressive neurodegenerative disorder 
characterized by motor and cognitive impairments, making early 
diagnosis critical for effective treatment. Electroencephalogram (EEG) 
signals have emerged as a promising non-invasive tool for detecting 
neurological abnormalities associated with PD. However, traditional 
diagnostic approaches relying on handcrafted features often fail to 
capture complex spatial and functional relationships in brain 
activity.Recent advancements in deep learning (DL) have significantly 
improved EEG-based PD recognition by enabling automated feature 
extraction and classification. Convolutional Neural Networks (CNNs), 
Recurrent Neural Networks (RNNs), and hybrid architectures have 
demonstrated notable performance improvements. However, these 
models are limited in capturing non-Euclidean relationships among EEG 
channels. Graph Convolutional Networks (GCNs) address this limitation 
by modeling EEG signals as graph structures, effectively capturing 
spatial connectivity. Furthermore, attention mechanisms and sparsity 
constraints enhance model interpretability and efficiency by focusing on 
relevant brain regions and eliminating redundant connections. 
Attention-based Sparse Graph Convolutional Neural Networks 
(ASGCNN) have shown promising results in improving classification 
accuracy and robustness.  
This review provides a comprehensive analysis of deep learning and 
optimization techniques for EEG-based PD recognition, highlighting 
recent trends, comparative performance, challenges, and future 
research directions. 
 

 
Introduction  
1. Overview of Parkinson’s Disease 
Parkinson’s disease is a chronic and progressive 
neurological disorder caused by the 
degeneration of dopaminergic neurons in the 
brain. It manifests through motor symptoms such 
as tremors, rigidity, and bradykinesia, along with 
non-motor symptoms including cognitive 
impairment and mood disorders. Early diagnosis 

remains a major challenge, as clinical symptoms 
often appear after significant neuronal damage. 
 
2. Role of EEG in Parkinson’s Disease 
Diagnosis 
Electroencephalography (EEG) provides a non-
invasive, cost-effective, and real-time method for 
monitoring brain activity. EEG signals reflect 
neuronal oscillations and functional connectivity 
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patterns, which are altered in PD patients. 
Compared to imaging modalities such as MRI, 
EEG offers higher temporal resolution, making it 
suitable for detecting subtle neurological 
changes 
 
3. Deep Learning for EEG Signal Analysis 
Traditional machine learning methods require 
manual feature extraction, which limits 
performance and scalability. Deep learning 
models automatically learn hierarchical 
representations from raw EEG data, improving 
classification accuracy. CNNs are widely used for 
spatial feature extraction, while RNNs and LSTMs 
capture temporal dependencies. 
However, EEG signals are inherently non-
Euclidean due to spatial relationships between 
electrodes, which cannot be effectively modeled 
by conventional CNNs. 
 
4. Graph-Based Learning for EEG 
Graph Neural Networks (GNNs), particularly 
Graph Convolutional Networks (GCNs), provide a 
powerful framework for modeling EEG data. EEG 

electrodes are treated as nodes, and their 
functional connectivity forms edges in a graph 
structure. GCNs use message-passing 
mechanisms to aggregate information from 
neighboring nodes, enabling the learning of 
spatial relationships.  
Recent studies demonstrate that graph-based 
models significantly improve PD classification by 
capturing brain connectivity patterns. 
 
5. Attention Mechanisms and Sparse Learning 
Attention mechanisms enhance model 
performance by identifying important EEG 
channels and temporal segments. Sparse 
learning techniques, such as L1 regularization, 
remove redundant connections, improving 
computational efficiency and interpretability. 
Attention-based sparse GCN models combine 
these advantages, enabling: 

• Focus on critical brain regions 
• Reduction of noise and redundancy 
• Improved model generalization 

 
6. Hybrid Attention-Based Sparse GCN Architecture 

 
 
The hybrid architecture integrates: 

• CNN for feature extraction 
• GCN for spatial connectivity modeling 
• Attention layers for feature weighting 
• Sparsity constraints for optimization 

This combination provides a robust framework 
for EEG-based PD detection. 
 
7. Research Gaps 

• Limited generalization across datasets 
• High noise sensitivity in EEG signals 
• Lack of interpretability in DL models 
• Small dataset sizes 
• Computational complexity of GCN 

models 
 

8. Contribution of This Review 
This paper: 

• Reviews recent DL and GCN-based EEG 
models (2020–2023) 

• Analyzes attention and sparse 
optimization techniques 

• Provides comparative evaluation 
• Identifies research gaps and future 

directions 
 
Literature Review 
The field of EEG-based Parkinson’s disease (PD) 
recognition has witnessed substantial growth, 
driven by advances in deep learning, graph-based 
modeling, and optimization techniques. Early 
studies primarily focused on conventional deep 
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learning architectures such as Convolutional 
Neural Networks (CNNs), which demonstrated 
strong capabilities in extracting spatial features 
from EEG signals. For instance, Oh et al. (2020) 
utilized CNN-based frameworks for automated 
EEG classification and reported significant 
improvements over traditional machine learning 
approaches. These models eliminated the need 
for handcrafted feature extraction and enabled 
end-to-end learning from raw EEG data. However, 
CNNs inherently assume Euclidean data 
structures and fail to capture the non-linear and 
non-Euclidean relationships present in EEG 
signals. 
To address temporal dependencies in EEG data, 
researchers introduced hybrid CNN-RNN 
architectures. Yildirim (2021) proposed a CNN-
LSTM model that combines convolutional layers 
for spatial feature extraction with Long Short-
Term Memory (LSTM) units for temporal 
sequence modeling. This hybrid approach 
demonstrated improved performance in 
capturing dynamic brain activity patterns 
associated with Parkinson’s disease. Similarly, 
other studies explored CNN-GRU models, 
achieving better computational efficiency while 
maintaining competitive accuracy. Despite these 
advancements, such models still lacked the 
ability to explicitly model spatial connectivity 
between EEG electrodes. 
The introduction of graph-based deep learning 
models marked a significant breakthrough in EEG 
analysis. Graph Convolutional Networks (GCNs) 
provided a natural framework for representing 
EEG signals as graphs, where nodes correspond 
to electrodes and edges represent functional or 
structural connectivity. Ismail et al. (2022) 
demonstrated that GCN-based models 
outperform traditional CNNs by effectively 
capturing inter-channel relationships and brain 
connectivity patterns. These models utilize 
adjacency matrices derived from correlation or 
coherence measures, enabling the learning of 
both local and global dependencies. 
Further advancements in 2022 focused on 
integrating attention mechanisms into deep 
learning models. Li et al. (2022) proposed an 
attention-based CNN model that dynamically 
assigns weights to different EEG segments, 
improving classification accuracy and robustness 

to noise. Attention mechanisms allow models to 
focus on relevant features while suppressing 
irrelevant or noisy information, which is 
particularly important in EEG analysis due to the 
presence of artifacts and variability across 
subjects. 
A major milestone in this domain was achieved 
by Chang et al. (2023), who introduced the 
Attention-Based Sparse Graph Convolutional 
Neural Network (ASGCNN). This model combines 
graph convolutional layers with attention 
mechanisms and sparsity constraints. The 
attention module identifies important EEG 
channels and connections, while sparsity 
regularization removes redundant edges, 
resulting in a more interpretable and 
computationally efficient model. The ASGCNN 
framework demonstrated superior performance 
compared to conventional CNN and GCN models, 
achieving high classification accuracy while 
maintaining model simplicity. 
In parallel, Sugden et al. (2023) investigated the 
generalizability of deep learning models for EEG-
based PD recognition. Their study emphasized 
the importance of cross-dataset validation and 
demonstrated that models trained on one dataset 
often fail to generalize to others due to 
differences in signal acquisition protocols and 
subject variability. This highlights the need for 
robust and adaptable models. 
Recent studies have also explored transformer-
based architectures and multi-head attention 
mechanisms for EEG analysis. These models are 
capable of capturing long-range dependencies 
and providing interpretable attention maps, 
which can help identify critical brain regions 
associated with Parkinson’s disease. Additionally, 
multi-domain feature fusion approaches 
combining time-domain, frequency-domain, and 
wavelet-based features have shown promising 
results in improving classification performance. 
Overall, the literature indicates a clear transition 
from traditional deep learning models to graph-
based and attention-driven architectures. The 
integration of sparsity constraints further 
enhances model efficiency and interpretability, 
making attention-based sparse GCNs a promising 
direction for future research in EEG-based 
Parkinson’s disease recognition. 

 
Comparative Table 

Year Author Method Accuracy Key Contribution 
2020 Oh et al. CNN High Feature extraction 
2021 Hybrid CNN-LSTM DL Hybrid High Temporal modeling 
2022 Attention CNN DL High Feature focus 
2023 Chang et al. ASGCNN 87.6% Graph + Attention + Sparsity 
2023 Sugden et al. CNN 82.8% Generalization 
2024 Zhao et al. GSP-GCN 90.2% Interpretability 
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Comparative Analysis  
The comparative evaluation of existing 
approaches reveals distinct strengths and 
limitations across different deep learning 
architectures used for EEG-based Parkinson’s 
disease recognition. CNN-based models remain 
the most widely used due to their ability to 
automatically extract spatial features from raw 
EEG signals. These models are computationally 
efficient and achieve high accuracy in many 
classification tasks. However, their inability to 
capture temporal dependencies and inter-
channel relationships limits their effectiveness in 
modeling complex brain activity. 
Hybrid architectures such as CNN-LSTM and 
CNN-GRU models address temporal dynamics by 
incorporating sequential learning mechanisms. 
These models are particularly effective in 
capturing time-dependent patterns in EEG 
signals, which are crucial for identifying 
neurological disorders. However, they suffer 
from increased computational complexity and 
longer training times, making them less suitable 
for real-time applications. 
Graph-based models, particularly GCNs, 
represent a significant advancement in EEG 
analysis. By modeling EEG signals as graphs, 
these models capture spatial relationships and 
functional connectivity between brain regions. 
This capability allows GCNs to achieve higher 
classification accuracy and better interpretability 
compared to CNN-based models. However, 
standard GCNs may include redundant 
connections, leading to increased computational 
overhead. 
The integration of attention mechanisms further 
enhances model performance by enabling 
selective focus on relevant features. Attention-
based models improve robustness to noise and 
provide insights into important EEG channels 
and brain regions. When combined with GCNs, 
attention mechanisms enable dynamic weighting 
of graph edges, improving both accuracy and 
interpretability. 
Sparsity constraints, such as L1 regularization, 
play a crucial role in optimizing graph-based 
models by eliminating redundant connections. 
This reduces model complexity and improves 
computational efficiency without compromising 
performance. Attention-based sparse GCNs 
represent the most advanced approach, 
combining the strengths of CNNs, GCNs, attention 
mechanisms, and optimization techniques. 
In summary, while CNN and hybrid models 
provide strong baseline performance, graph-
based attention-driven models offer superior 
capabilities in capturing complex EEG patterns. 
Among these, attention-based sparse GCNs 
demonstrate the best balance between accuracy, 

efficiency, and interpretability, making them 
highly suitable for clinical applications. 
 
Discussion  
The rapid evolution of deep learning techniques 
has significantly transformed EEG-based 
Parkinson’s disease recognition. The transition 
from traditional machine learning methods to 
deep learning models has enabled automated 
feature extraction and improved classification 
accuracy. Among various approaches, graph-
based models have emerged as a powerful tool 
for modeling EEG signals due to their ability to 
capture spatial relationships and brain 
connectivity. 
Attention mechanisms have further enhanced the 
performance of deep learning models by 
enabling selective focus on relevant EEG channels 
and temporal segments. This is particularly 
important in EEG analysis, where signals are 
often contaminated by noise and artifacts. By 
assigning higher weights to important features, 
attention-based models improve both accuracy 
and interpretability. 
The introduction of sparsity constraints has 
addressed the issue of redundant connections in 
graph-based models. Sparse graph 
representations not only reduce computational 
complexity but also improve model 
interpretability by highlighting significant 
connections. This is crucial for clinical 
applications, where understanding the 
underlying decision-making process is essential. 
Despite these advancements, several challenges 
remain. EEG signals are inherently noisy and 
subject to variability across individuals, which 
affects model generalization. The lack of large, 
standardized datasets further limits the 
development of robust models. Additionally, 
deep learning models are often considered black-
box systems, which hinders their adoption in 
clinical practice. 
Future research should focus on developing 
explainable AI models that provide transparent 
and interpretable results. Multi-modal data 
integration, combining EEG with other 
modalities such as MRI or clinical data, can 
further improve diagnostic accuracy. Real-time 
implementation of these models on edge devices 
is another important direction, enabling 
continuous monitoring and early detection of 
Parkinson’s disease. 
 
Conclusion  
This review provides a comprehensive analysis of 
deep learning and optimization approaches for 
EEG-based Parkinson’s disease recognition, with 
a particular focus on attention-based sparse 
graph convolutional neural networks. The 
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findings indicate that deep learning models have 
significantly improved the accuracy and 
efficiency of PD diagnosis compared to 
traditional methods. CNN-based models have laid 
the foundation for automated EEG analysis by 
enabling effective feature extraction. Hybrid 
architectures such as CNN-LSTM have further 
enhanced performance by capturing temporal 
dependencies. However, these models are limited 
in their ability to represent complex spatial 
relationships in EEG signals. Graph-based 
models, particularly GCNs, have addressed this 
limitation by modeling EEG signals as graphs, 
capturing functional connectivity between brain 
regions. The integration of attention mechanisms 
has further improved these models by enabling 
selective focus on relevant features. Sparsity 
constraints have optimized graph structures, 
reducing computational complexity and 
enhancing interpretability. 
Among all approaches, attention-based sparse 
GCNs have emerged as the most promising 
solution for EEG-based Parkinson’s disease 
recognition. These models combine the strengths 
of multiple deep learning techniques, providing 
high accuracy, robustness, and interpretability. 
Despite these advancements, challenges such as 
data scarcity, noise, and lack of generalization 
remain. Future research should focus on 
developing scalable, interpretable, and efficient 
models for real-world clinical applications. The 
integration of multi-modal data, explainable AI, 
and real-time deployment will play a crucial role 
in advancing this field. Overall, the combination 
of EEG-based analysis and advanced deep 
learning architectures holds significant potential 
for early diagnosis and improved management of 
Parkinson’s disease, ultimately contributing to 
better patient outcomes. 
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