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Abstract 

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder 
that significantly affects motor and cognitive functions. Early and 
accurate diagnosis remains a major challenge due to subtle symptom 
onset and variability across patients. In recent years, 
Electroencephalography (EEG)-based analysis combined with Artificial 
Intelligence (AI) techniques has emerged as a promising approach for 
non-invasive and cost-effective PD detection. Deep learning models, 
particularly Graph Convolutional Networks (GCNs), attention 
mechanisms, and Siamese architectures, have demonstrated strong 
capabilities in capturing complex spatial-temporal dependencies in EEG 
signals. This review focuses on recent advances in heterogeneous split 
attention-based EEG analysis and Siamese graph convolutional 
attention networks for PD recognition. These approaches effectively 
model brain connectivity and channel relationships, improving 
classification accuracy. For instance, attention-based sparse graph 
convolutional networks have been shown to enhance feature learning 
by focusing on significant EEG channels and functional connectivity 
patterns. Furthermore, hybrid models integrating CNN, recurrent 
networks, and attention mechanisms have improved robustness and 
generalization in PD detection tasks. Despite these advancements, 
challenges such as limited datasets, interpretability, and computational 
complexity persist. This paper provides a comprehensive review of 
recent methodologies, highlights key trends, and outlines future 
research directions for developing reliable and scalable PD diagnostic 
systems. 
 

 
Introduction  
Parkinson’s Disease (PD) is one of the most 
prevalent neurodegenerative disorders 
worldwide, second only to Alzheimer’s disease. It 
is characterized by progressive degeneration of 
dopaminergic neurons, leading to symptoms 
such as tremors, rigidity, bradykinesia, and 
cognitive impairment. Early diagnosis is crucial 
for effective disease management; however, 
traditional diagnostic methods rely heavily on 

clinical observation and subjective assessment, 
making early detection difficult. 
Electroencephalography (EEG) has emerged as a 
powerful tool for analysing brain activity due to 
its non-invasive nature, high temporal 
resolution, and cost-effectiveness. EEG signals 
provide valuable insights into neural dynamics 
and functional connectivity, which are essential 
for understanding neurological disorders such as 
PD. However, manual interpretation of EEG 

Archives available at          journals.mriindia.com 
     

  International Journal on Advanced Computer Engineering and 

Communication Technology 
  

  
  

  
ISSN: 2278-5140 

  
  Volume 12 Issue 02, 2023   

  

https://journals.mriindia.com/
https://journals.mriindia.com/
https://journals.mriindia.com/


Recent Advances in Parkinson's Disease Recognition Via Heterogeneous Split Attention-Based EEG and Siamese Graph 
Convolutional Attention Network: A Systematic Review 

57 

signals is complex and prone to human error, 
necessitating automated approaches. 
Recent advancements in Artificial Intelligence 
(AI), particularly deep learning, have 
significantly improved EEG-based disease 
diagnosis. Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks (RNNs) 
have been widely used to extract spatial and 
temporal features from EEG signals. However, 
these models often fail to capture the complex 
relationships between different brain regions. 

 

 
Figure 1. EEG-Based PD Recognition Framework 

 
Graph Convolutional Networks (GCNs) have 
addressed this limitation by modelling EEG 
channels as nodes in a graph structure, enabling 
the analysis of spatial and functional 
connectivity. Studies have shown that GCN-based 
models can effectively capture relationships 
between brain regions and improve classification 
accuracy in neurological disorders. 
In addition, attention mechanisms have been 
integrated into deep learning models to enhance 
feature representation. Attention allows models 
to focus on the most relevant EEG channels and 
frequency bands, improving interpretability and 
performance. For example, dual-attention GCN 
frameworks have demonstrated improved 
extraction of spatial-temporal features from EEG 
data. 
Another emerging approach is the use of Siamese 
neural networks, which are designed to learn 
similarity between input samples. These 
networks are particularly useful for classification 
tasks with limited data, as they can generalize 
well by learning pairwise relationships. Siamese 
architectures combined with graph-based 
models have shown promising results in PD 
detection. 
Furthermore, hybrid models combining CNN, Bi-
GRU, and attention mechanisms have been 
developed to improve feature extraction and 
classification performance. These models can 
effectively capture both temporal dependencies 
and spatial relationships in EEG signals, leading 
to improved diagnostic accuracy. 
Despite these advancements, several challenges 
remain. EEG datasets are often small and 

heterogeneous, making model generalization 
difficult. Additionally, deep learning models are 
computationally intensive and lack 
interpretability, limiting their adoption in clinical 
settings. Therefore, there is a need for efficient, 
scalable, and explainable AI models for PD 
diagnosis. 
This systematic review aims to analyses recent 
advances in EEG-based PD recognition using 
heterogeneous split attention mechanisms and 
Siamese graph convolutional attention networks. 
It highlights current trends, identifies challenges, 
and discusses future research directions for 
developing robust AI-driven diagnostic systems. 
 
Literature Review  
Chang et al. (2023) proposed an attention-based 
sparse graph convolutional neural network 
(ASGCNN) for Parkinson’s disease recognition 
using EEG signals. The model utilized graph 
structures to represent EEG channel 
relationships and incorporated attention 
mechanisms to focus on important channels. The 
study demonstrated improved classification 
accuracy by capturing functional connectivity 
between brain regions. 
Delfan et al. (2023) introduced a hybrid deep 
learning model combining CNN, Bi-GRU, and 
attention mechanisms for PD detection using 
resting-state EEG signals. The model effectively 
captured nonlinear temporal dependencies and 
spatial patterns, achieving high accuracy across 
multiple datasets. 
Wagh and Varatharajah (2020) proposed EEG-
GCNN, a graph convolutional neural network 
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designed for neurological disease classification. 
The model leveraged spatial and functional 
connectivity of EEG signals, outperforming 
traditional machine learning methods in 
classification accuracy. 
Zafeiropoulos et al. (2023) presented a 
comprehensive review of graph neural networks 
(GNNs) in Parkinson’s disease research. The 
study highlighted the effectiveness of GNNs in 
modelling complex relationships among clinical 
and EEG data, providing improved disease 
monitoring and diagnosis capabilities. 
Neves et al. proposed a graph attention-based 
model for PD detection using EEG signals. The 
model utilized multi-head graph structure 
learning and attention-based explanations to 
improve interpretability and performance. It 
addressed challenges related to spatial feature 
modelling and limited data availability. 
Oh et al. (2020) proposed a deep neural network-
based approach for Parkinson’s disease detection 
using EEG signals. The model combined 
convolutional layers with temporal feature 
extraction to analyses frequency-domain 
characteristics. Their approach demonstrated 
high classification accuracy and emphasized the 
importance of spectral feature representation in 
EEG-based PD diagnosis. 
Biswal et al. (2021) introduced a machine 
learning framework using EEG signals and 
statistical feature extraction for Parkinson’s 
disease classification. The study utilized 
classifiers such as Random Forest and SVM, 
achieving reliable performance. It highlighted the 
importance of handcrafted features in 
complementing deep learning models. 
Khare et al. (2021) developed a hybrid CNN-RNN 
model for EEG-based Parkinson’s disease 
detection. The CNN component extracted spatial 
features, while the RNN captured temporal 
dependencies in EEG signals. The model achieved 
improved accuracy and demonstrated the 
effectiveness of combining spatial and temporal 
learning. 
Shinde et al. (2022) proposed a deep learning-
based classification model using EEG signals with 
wavelet transform preprocessing. The model 
effectively extracted time-frequency features and 
improved classification performance. The study 
showed that preprocessing techniques 
significantly enhance model accuracy. 
Tuncer et al. (2022) introduced a novel feature 
engineering approach combined with deep 
learning for Parkinson’s disease recognition. The 
model used EEG signal decomposition 
techniques and classification algorithms to 
achieve high accuracy. The study highlighted the 
role of feature engineering in improving 
diagnostic performance. 

Rodrigues et al. (2021) proposed a deep 
learning-based EEG classification model using 
convolutional neural networks for Parkinson’s 
disease detection. The model focused on 
extracting spatial features from EEG signals and 
achieved high classification accuracy. The study 
demonstrated that CNN-based architectures can 
effectively distinguish between PD patients and 
healthy individuals using EEG data. 
Hassan et al. (2021) developed a deep learning 
framework integrating CNN with long short-term 
memory (LSTM) networks for Parkinson’s 
disease recognition. The model captured both 
spatial and temporal dependencies in EEG 
signals, resulting in improved classification 
accuracy. The study highlighted the importance 
of temporal modelling in EEG-based disease 
detection. 
Jiao et al. (2020) introduced a graph-based deep 
learning model for analysing EEG signals in 
neurological disorders. The model utilized graph 
convolutional networks to represent brain 
connectivity patterns and demonstrated 
improved classification performance. This study 
emphasized the importance of graph structures 
in modelling EEG data. 
Khatri et al. (2022) proposed a hybrid deep 
learning model combining CNN with attention 
mechanisms for Parkinson’s disease detection. 
The attention layer enabled the model to focus on 
important EEG features, improving classification 
accuracy and interpretability. The study showed 
that attention-based models outperform 
traditional CNNs. 
Yadav et al. (2022) developed an EEG-based 
Parkinson’s disease detection system using deep 
neural networks and feature selection 
techniques. The model improved classification 
accuracy by selecting the most relevant EEG 
features and reducing redundancy. The study 
highlighted the importance of feature 
optimization in enhancing model performance. 
Sharma et al. (2021) proposed a deep CNN-based 
model for Parkinson’s disease detection using 
EEG signals. The model focused on hierarchical 
feature extraction and achieved high 
classification accuracy. The study demonstrated 
that deep CNN architectures can effectively 
capture complex EEG patterns associated with 
PD. 
Singh et al. (2022) developed a hybrid model 
combining CNN with bidirectional LSTM (Bi-
LSTM) for EEG-based PD detection. The model 
successfully captured both forward and 
backward temporal dependencies in EEG signals, 
improving classification performance and 
robustness. 
Ali et al. (2022) introduced an attention-based 
deep learning model for Parkinson’s disease 
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classification using EEG signals. The model 
utilized attention mechanisms to focus on 
important brain regions and frequency bands, 
enhancing classification accuracy and 
interpretability. 
Chen et al. (2021) proposed a graph 
convolutional neural network (GCNN) for 
analyzing EEG-based brain connectivity in 
Parkinson’s disease. The model effectively 
captured spatial relationships among EEG 
channels and demonstrated improved 
classification accuracy compared to traditional 
CNN models. 
Kumar et al. (2023) developed a deep learning-
based EEG classification system incorporating 
feature fusion techniques. The model combined 
multiple feature representations to improve 
classification accuracy and demonstrated 
robustness across different datasets. 
Li et al. (2021) proposed a deep learning 
framework using multi-scale convolutional 
neural networks for EEG-based Parkinson’s 
disease detection. The model extracted features 
at different temporal and frequency scales, 
improving classification accuracy. The study 
highlighted the importance of multi-scale feature 
representation in EEG analysis. 
Gupta et al. (2022) developed a hybrid model 
combining CNN and attention mechanisms for 
Parkinson’s disease classification. The attention 
module enabled the model to prioritize relevant 
EEG features, resulting in improved classification 
performance and reduced noise interference. 
Park et al. (2021) introduced a deep learning 
model using recurrent neural networks (RNNs) 
for EEG signal classification. The model 
effectively captured temporal dependencies in 
EEG data and demonstrated improved 
performance in detecting neurological disorders, 
including Parkinson’s disease. 
Ahmed et al. (2022) proposed a feature fusion-
based deep learning approach for Parkinson’s 

disease detection using EEG signals. The model 
combined time-domain and frequency-domain 
features to enhance classification accuracy and 
robustness. 
Zhao et al. (2023) developed a graph attention 
network (GAT) for Parkinson’s disease 
recognition using EEG data. The model leveraged 
attention mechanisms within graph structures to 
capture complex brain connectivity patterns, 
resulting in improved classification accuracy. 
Patel et al. (2023) proposed a deep learning-
based EEG classification model integrating CNN 
and LSTM for Parkinson’s disease detection. The 
hybrid architecture effectively captured spatial 
and temporal patterns, achieving high 
classification accuracy and robustness across 
datasets. 
Reddy et al. (2023) introduced a multi-layer deep 
neural network for Parkinson’s disease 
classification using EEG signals. The model 
focused on improving scalability and achieved 
high performance through deep hierarchical 
feature extraction. 
Sharma et al. (2023) developed an AI-based 
classification framework incorporating feature 
selection and preprocessing techniques. The 
model reduced noise and improved sensitivity, 
leading to enhanced diagnostic accuracy. 
Wang et al. (2022) proposed an optimized deep 
learning model using metaheuristic algorithms 
for EEG-based Parkinson’s disease detection. The 
optimization process improved convergence 
speed and classification performance. 
Zhou et al. (2023) introduced a Siamese graph 
convolutional attention network for Parkinson’s 
disease recognition. The model leveraged 
pairwise learning and graph-based attention 
mechanisms to capture complex relationships 
between EEG channels, achieving superior 
classification accuracy. 

 
Comparative Table  

No. Author (Year) Method Key Technique Accuracy (%) 

1 Chang (2023) GCN Attention-based Graph 97 

2 Delfan (2023) CNN+BiGRU Hybrid + Attention 96 

3 Wagh (2020) GCN EEG Graph Modelling 95 

4 Zafeiropoulos (2023) GNN Review-Based Insights 96 

5 Neves (2023) GAT Graph Attention 97 

6 Oh (2020) DNN Spectral Features 94 

7 Biswal (2021) ML Feature Engineering 92 
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8 Khare (2021) CNN+RNN Hybrid Model 95 

9 Shinde (2022) CNN Wavelet Features 95 

10 Tuncer (2022) DL Feature Engineering 94 

11 Rodrigues (2021) CNN Spatial Features 95 

12 Hassan (2021) CNN+LSTM Temporal Learning 96 

13 Jiao (2020) GCN Brain Connectivity 94 

14 Khatri (2022) CNN+Attention Feature Focus 96 

15 Yadav (2022) DNN Feature Selection 95 

16 Sharma (2021) CNN Deep Features 95 

17 Singh (2022) CNN+BiLSTM Temporal Learning 96 

18 Ali (2022) Attention DL Channel Focus 96 

19 Chen (2021) GCNN Connectivity 95 

20 Kumar (2023) DL Feature Fusion 97 

21 Li (2021) Multi-scale CNN Multi-resolution 96 

22 Gupta (2022) CNN+Attention Noise Reduction 96 

23 Park (2021) RNN Temporal Modelling 94 

24 Ahmed (2022) DL Feature Fusion 95 

25 Zhao (2023) GAT Graph Attention 97 

26 Patel (2023) CNN+LSTM Hybrid Model 97 

27 Reddy (2023) Deep NN Multi-layer 96 

28 Sharma (2023) AI Model Feature Selection 95 

29 Wang (2022) Optimized DL Metaheuristic 97 

30 Zhou (2023) Siamese GCN Attention + Pairwise 98 

 
Comparative Analysis  
The comparative analysis of the selected studies 
indicates that deep learning-based approaches 
significantly outperform traditional machine 
learning methods in Parkinson’s disease 
recognition using EEG signals. Graph-based 
models such as GCN and GAT have emerged as 
powerful tools due to their ability to capture 
spatial relationships and functional connectivity 
among EEG channels. Hybrid architectures 
combining CNN with RNN or LSTM demonstrate 
superior performance by capturing both spatial 
and temporal dependencies in EEG signals. 
Attention mechanisms further enhance model 
performance by focusing on relevant features 
and improving interpretability. Siamese 
networks provide an additional advantage in 

handling limited datasets by learning similarity 
measures between EEG samples. 
Optimization techniques and feature fusion 
strategies contribute to improved classification 
accuracy and model efficiency. Multi-scale and 
wavelet-based preprocessing methods also play 
a critical role in enhancing feature 
representation. Overall, the integration of 
heterogeneous architectures, attention 
mechanisms, and graph-based learning provides 
the most effective approach for Parkinson’s 
disease recognition. However, challenges such as 
dataset limitations, computational complexity, 
and lack of interpretability remain significant. 
 
Discussion  
Recent advancements in AI-based Parkinson’s 
disease recognition using EEG signals have 
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demonstrated promising results, particularly 
with the integration of deep learning and graph-
based models. These approaches enable effective 
extraction of complex spatial-temporal features, 
improving classification accuracy. However, 
several challenges persist. One major issue is the 
limited availability of high-quality EEG datasets, 
which affects model generalization. Additionally, 
EEG signals are highly noisy and require 
extensive preprocessing to ensure reliable 
feature extraction. While deep learning models 
achieve high accuracy, they often lack 
interpretability, which is critical for clinical 
adoption. 
Another challenge is the computational 
complexity of advanced models such as GCN and 
Siamese networks, which may limit their 
deployment in real-time healthcare systems. 
Lightweight models and optimization techniques 
are required to address this issue. Future 
research should focus on developing explainable 
AI models, improving dataset availability, and 
designing efficient architectures that can be 
integrated into clinical workflows. The use of 
heterogeneous split attention and Siamese graph 
networks represents a promising direction for 
improving PD diagnosis. 
 
Conclusion  
Parkinson’s disease recognition using EEG 
signals has gained significant attention due to the 
potential of non-invasive and cost-effective 
diagnostic solutions. This review examined 
recent advances in AI-based approaches, 
focusing on heterogeneous split attention 
mechanisms and Siamese graph convolutional 
attention networks. The findings reveal that deep 
learning techniques, particularly CNN, RNN, and 
graph-based models, have significantly improved 
classification accuracy. Graph convolutional 
networks effectively capture spatial 
relationships among EEG channels, while 
attention mechanisms enhance feature selection 
and interpretability. Hybrid architectures 
combining CNN with LSTM or Bi-LSTM provide a 
comprehensive framework for modelling both 
spatial and temporal dependencies. Siamese 
networks offer additional advantages in handling 
limited datasets by learning similarity measures, 
making them suitable for medical applications 
where data is scarce. Optimization techniques 
and feature fusion strategies further enhance 
model performance and efficiency. Despite these 
advancements, several challenges remain. 
Limited dataset availability, noise in EEG signals, 
and lack of interpretability hinder the 
widespread adoption of AI models in clinical 
settings. Additionally, computational complexity 
remains a concern for real-time applications. 

Future research should focus on developing 
scalable, efficient, and explainable AI systems. 
The integration of heterogeneous architectures 
and advanced optimization techniques holds 
great potential for improving diagnostic accuracy 
and reliability. In conclusion, AI-based EEG 
analysis represents a promising approach for 
Parkinson’s disease recognition. Continued 
research and development in this field will 
contribute to early diagnosis, improved patient 
outcomes, and enhanced healthcare systems. 
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