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Abstract

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder
characterized by motor and non-motor symptoms that significantly
impact patients' quality of life. Early and accurate diagnosis remains a
major clinical challenge due to subtle symptom onset and variability
across patients. Recently, Artificial Intelligence (AI), particularly deep
learning techniques, has demonstrated significant potential in improving
PD  diagnosis through non-invasive modalities such as
electroencephalography (EEG). EEG signals capture brain activity and
provide valuable insights into neural dysfunction associated with PD.
Advanced architectures such as attention-based convolutional neural
networks, graph neural networks (GNNs), and Siamese learning
frameworks have enhanced classification performance by modelling
spatial-temporal dependencies and inter-channel relationships. For
instance, attention-based sparse graph convolutional neural networks
have shown improved diagnostic accuracy by capturing functional
connectivity among EEG channels. Additionally, hybrid CNN-LSTM
models effectively extract both spatial and temporal features from EEG
signals, further improving classification robustness. This paper presents
a comprehensive review of recent advances in PD recognition using
heterogeneous split-attention EEG models and Siamese graph
convolutional attention networks. It highlights trends, challenges, and
future research directions, emphasizing the role of explainable Al and
multi-modal integration in enhancing diagnostic reliability.

Introduction effectiveness of therapeutic interventions.
Parkinson’s Disease (PD) is one of the most Traditional diagnostic approaches rely heavily
prevalent neurodegenerative disorders, on clinical assessments and subjective

primarily affecting individuals over the age of 60.
It is characterized by motor symptoms such as
tremors, rigidity, and bradykinesia, as well as
non-motor symptoms including cognitive
decline, sleep disturbances, and emotional
disorders. The complexity and variability of these
symptoms make early diagnosis challenging,
often leading to delayed treatment and reduced
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evaluation, which may lack consistency and
sensitivity, particularly in the early stages of the
disease. In recent years, the integration of
Artificial Intelligence (Al) and machine learning
(ML) techniques has revolutionized the field of
medical diagnostics. These approaches enable
automated feature extraction and classification,
reducing dependency on manual interpretation.
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Machine learning models have been applied to
various data modalities such as speech signals,
handwriting patterns, neuroimaging, and EEG
signals to detect PD. Among these, EEG has
gained significant attention due to its non-
invasive nature, high temporal resolution, and
ability to capture brain dynamics associated with
neurological disorders.

EEG-based PD detection focuses on analysing
brain electrical activity to identify abnormal
patterns associated with neurodegeneration.

However, EEG signals are inherently complex,
noisy, and highly variable across individuals. This
has led to the development of advanced deep
learning models capable of capturing intricate
spatial and temporal relationships within EEG
data. Convolutional Neural Networks (CNNs) are
widely used for spatial feature extraction, while
Recurrent Neural Networks (RNNs) such as Long
Short-Term Memory (LSTM) networks are
effective in modelling temporal dependencies.
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Figure 1. Al-Based Framework for Parkinson’s Disease Recognition Using EEG Signals
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Hybrid CNN-LSTM architectures have
demonstrated improved performance in PD
classification tasks by combining these
capabilities. More recently, attention

mechanisms and Graph Neural Networks (GNNs)
have emerged as powerful tools for EEG analysis.
Attention mechanisms enable models to focus on
the most relevant EEG channels and features,
thereby  improving interpretability  and
performance. Graph-based approaches model
the functional connectivity between different
brain regions, capturing relationships that are
often overlooked by traditional methods. For
example, attention-based  sparse  graph
convolutional neural networks have shown
promising results by representing EEG channels
as graph nodes and learning their interactions.

Furthermore, Siamese neural networks have
been introduced to enhance learning efficiency,
especially in scenarios with limited labelled data.
These networks learn similarity metrics between
input pairs, making them suitable for EEG signal
comparison and classification tasks. The
combination of Siamese architectures with graph
attention mechanisms represents a novel
direction in PD diagnosis, enabling robust feature
learning and improved generalization. Despite
these advancements, several challenges remain,
including data scarcity, lack of standard datasets,
model interpretability, and clinical validation.
This review aims to provide a comprehensive
analysis of recent developments in PD
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recognition using heterogeneous split-attention
EEG models and Siamese graph convolutional
attention networks. It also identifies key research
gaps and outlines future directions for
developing reliable, scalable, and explainable
diagnostic systems.

Literature Review

Oh et al. (2020) proposed a deep learning
framework for Parkinson’s disease detection
using resting-state EEG signals. The study
employed a convolutional neural network (CNN)
to automatically extract spatial features from
EEG recordings without manual feature
engineering. The authors demonstrated that CNN
models outperform traditional machine learning
classifiers such as Support Vector Machines
(SVM) and k-Nearest Neighbours (k-NN) in terms
of classification accuracy and robustness. Their
model achieved an accuracy of over 88%,
indicating the effectiveness of deep learning in
identifying  subtle neurological patterns.
However, the study was limited by a relatively
small dataset, which may affect generalization
across diverse populations.

Rodrigues et al. (2020) introduced a hybrid
machine learning approach combining statistical
feature extraction and ensemble classifiers for
PD detection using EEG signals. The study
focused on extracting frequency-domain and
nonlinear features such as entropy and fractal
dimensions. These features were then fed into
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ensemble classifiers like Random Forest and
Gradient Boosting. The results showed improved
classification performance compared to single
classifiers, achieving accuracy above 90%.
Despite strong performance, the approach relied
heavily on handcrafted features, limiting
scalability and adaptability to new datasets.
Ruffini et al. (2020) explored the use of EEG
biomarkers for early detection of Parkinson’s
disease by analysing brain connectivity patterns.
The study applied Cambodia

graph-theoretical analysis to EEG signals to
identify disrupted neural connectivity in PD
patients. The results revealed significant
differences in functional connectivity between
healthy individuals and PD patients, particularly
in the alpha and beta frequency bands. This work
laid the foundation for later graph-based deep
learning approaches, though it did not
incorporate deep neural networks for automated
classification.

Tsiouris et al. (2020) proposed a deep learning-
based decision support system for Parkinson’s
disease diagnosis using wearable sensor data and
EEG signals. The system utilized Long Short-
Term Memory (LSTM) networks to capture
temporal dependencies in sequential data. Their
approach demonstrated high sensitivity and
specificity, making it suitable for real-time
monitoring  applications. = However, the
integration of multi-modal data increased
computational complexity, posing challenges for

deployment in resource-constrained
environments.
Khare et al. (2021) developed a deep

convolutional neural network model for
automated Parkinson’s disease detection using
EEG signals. The model incorporated advanced
preprocessing techniques such as noise filtering
and normalization to improve signal quality. The
CNN architecture effectively captured spatial
patterns in EEG data, achieving classification
accuracy exceeding 91%. The study highlighted
the importance of preprocessing and data
augmentation in improving model performance.
However, the lack of interpretability remained a
significant limitation.

Yildirnm et al. (2021) proposed a hybrid deep
learning model combining Convolutional Neural
Networks (CNN) and Long Short-Term Memory
(LSTM) networks for Parkinson’s disease
detection using EEG signals. The CNN component
extracted spatial features, while the LSTM
captured temporal dependencies within EEG
sequences. The model demonstrated superior
performance compared to standalone CNN or
LSTM models, achieving accuracy above 93%.
This study emphasized the importance of
integrating  spatial-temporal analysis for
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neurological disorder classification. However,
the model required extensive computational
resources and large training data.

Bhattacharyya et al. (2021) developed a machine
learning-based approach using entropy-based
features extracted from EEG signals to detect
Parkinson’s disease. The authors employed
classifiers such as Support Vector Machines
(SVM) and Extreme Learning Machines (ELM).
Their findings indicated that nonlinear features
significantly improve classification accuracy,
reaching up to 89%. While effective, the
approach relied heavily on handcrafted features,
limiting automation and adaptability in real-
world applications.

Shi et al. (2021) introduced a deep neural
network model incorporating attention
mechanisms for EEG-based Parkinson’s disease
classification. The attention module enabled the
model to focus on the most relevant EEG
channels and temporal segments, improving
interpretability and classification accuracy. The
model achieved accuracy above 94%,
demonstrating the effectiveness of attention-
based learning in biomedical signal processing.
This study marked a transition toward more
explainable Al systems in PD detection.

Zhao et al. (2022) proposed a Graph
Convolutional Neural Network (GCNN) for
Parkinson’s disease detection using EEG
functional connectivity networks. EEG channels
were modelled as nodes, and connectivity
strength as edges, enabling the model to learn
spatial relationships between brain regions. The
GCNN achieved high classification accuracy
(~95%), outperforming traditional CNN-based
approaches. This study highlighted the
importance of graph-based representations in
capturing brain network dynamics.

Chen et al. (2022) presented a deep learning
framework integrating CNN with attention-based
feature selection for Parkinson’s disease
diagnosis. The model dynamically weighted EEG
features, improving classification robustness and
reducing noise impact. The results showed an
accuracy of approximately 96%, indicating
significant improvement over earlier models.
However, the model’s complexity and training
time posed challenges for real-time clinical
deployment.

Islam et al. (2022) proposed a deep learning-
based framework utilizing EEG signals and
Convolutional Neural Networks (CNN) combined
with feature optimization techniques for
Parkinson’s disease detection. The model
incorporated automated feature extraction
followed by a metaheuristic optimization
algorithm to enhance classification accuracy. The
study achieved an accuracy of approximately
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95%, demonstrating the effectiveness of
combining deep learning with optimization
strategies. However, the model lacked
interpretability and did not consider inter-
channel relationships in EEG data.

Li et al. (2022) introduced a Graph Attention
Network (GAT) for EEG-based Parkinson’s
disease classification. Unlike traditional GCNNs,
the GAT model assigned adaptive weights to
different EEG channels wusing attention
mechanisms, enabling better modelling of
functional brain connectivity. The proposed
method achieved improved accuracy (~96.5%)
and demonstrated robustness against noise. This
study highlighted the importance of attention-
driven graph learning for neurological disorder
analysis.

Saba et al. (2022) developed a deep transfer
learning model for Parkinson’s disease detection
using EEG signals. The model leveraged pre-
trained CNN architectures such as Res Net and
fine-tuned them for EEG classification tasks. This
approach reduced training time and improved
generalization, achieving accuracy close to 96%.
However, transfer learning models may suffer
from domain mismatch when applied to EEG
data, which differs significantly from image
datasets.

Yang et al. (2023) proposed a Siamese neural
network architecture for Parkinson’s disease
recognition using EEG signal similarity learning.
The model compared pairs of EEG signals to learn
discriminative features, making it effective in
scenarios with limited labelled data. The Siamese
framework improved classification performance
and generalization, achieving accuracy above
96%. This study marked a significant
advancement toward few-shot learning in PD
diagnosis.

Kumar et al. (2023) introduced a hybrid model
combining Graph Convolutional Networks (GCN)
with  attention-based CNN modules for
Parkinson’s disease detection. The model
effectively captured both spatial connectivity and
feature importance across EEG channels. By
integrating graph learning with attention
mechanisms, the approach achieved state-of-the-
art performance (~97% accuracy). However, the

model complexity and computational cost
remained key challenges for practical
deployment.

Zhang et al. (2023) proposed a deep learning
framework integrating multi-scale Convolutional
Neural Networks (CNN) with attention
mechanisms for EEG-based Parkinson’s disease
detection. The model captured features at
different temporal and spatial resolutions,
enabling more comprehensive analysis of EEG
signals. The attention module further enhanced
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performance by focusing on critical signal
components. The proposed approach achieved
an  accuracy of approximately  97%,
demonstrating improved robustness and feature
discrimination. However, the model required
extensive computational resources and large
datasets for effective training.

Roy et al. (2023) introduced an explainable Al
(XAI)-based deep learning model for Parkinson'’s
disease detection using EEG signals. The study
incorporated Grad-CAM and SHAP techniques to
interpret model decisions, providing insights
into important EEG features contributing to
classification. The model achieved high accuracy
(~96.8%) while improving transparency and
trust in Al-based diagnosis. This work addressed
one of the major limitations of deep learning
models—Ilack of interpretability.

Wang et al. (2023) developed a hybrid Graph
Convolutional Network (GCN) combined with
Long Short-Term Memory (LSTM) for
Parkinson’s disease detection. The model
effectively captured both spatial connectivity and
temporal dependencies in EEG data. The
integration of graph-based and sequential
learning resulted in improved performance,
achieving accuracy above 97%. The study
highlighted the importance of combining
multiple deep learning paradigms for enhanced
diagnostic accuracy.

Ahmed et al. (2023) proposed a deep Siamese
Graph  Neural Network for EEG-based
Parkinson’s disease classification. The model
leveraged pairwise learning to improve feature
discrimination and generalization, especially in
limited data scenarios. By combining Siamese
learning with graph representations of EEG
channels, the model achieved high accuracy
(~97.5%). This work demonstrated the potential
of Siamese GNNs in handling data scarcity and
variability in neurological datasets.

Singh et al. (2023) introduced a heterogeneous
deep learning model combining CNN, attention
mechanisms, and feature fusion techniques for
Parkinson’s disease detection. The model
integrated multiple feature representations from
EEG signals, improving classification robustness
and accuracy (~98%). This study highlighted the
effectiveness of heterogeneous architectures in
capturing diverse EEG characteristics. However,
increased model complexity posed challenges for
real-time clinical implementation.

Liu et al. (2023) proposed a transformer-based
deep learning model for EEG-based Parkinson’s
disease detection. The model leveraged self-
attention mechanisms to capture long-range
dependencies in EEG signals, outperforming
traditional CNN and RNN architectures. The
transformer-based approach achieved accuracy
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close to 97.8%, demonstrating its capability in
modelling complex temporal relationships.
However, the model required large-scale
datasets and high computational power.

Patel et al. (2023) developed a hybrid CNN-GRU
model for Parkinson’s disease classification using
EEG signals. The CNN component extracted
spatial features, while the Gated Recurrent Unit
(GRU) captured temporal dependencies. The
model achieved high accuracy (~97%) and
demonstrated faster training compared to LSTM-
based models. However, it lacked graph-based
representation of EEG connectivity.

Nguyen et al. (2023) introduced a multi-modal
deep learning framework combining EEG and
speech signals for Parkinson’s disease detection.
The fusion of modalities improved classification
accuracy (~98%) and robustness. This study
highlighted the importance of integrating
heterogeneous data sources for better diagnosis.
However, multi-modal systems increase system
complexity and data acquisition challenges.
Sharma et al. (2023) proposed an attention-
based deep neural network for EEG signal
classification in Parkinson’s disease detection.
The model dynamically focused on relevant EEG
channels, improving performance and
interpretability. The approach achieved accuracy
above 97.2% and demonstrated robustness
against noise. However, it did not incorporate
graph-based relationships.

Garcia et al. (2023) developed a deep
autoencoder-based model for feature extraction

Hassan et al
reinforcement

(2023) proposed a deep
learning-based approach for

optimizing feature selection in EEG-based
Parkinson’s disease detection. The model
dynamically  selected relevant features,

improving classification accuracy (~97%). This
study introduced adaptive learning strategies but
increased system complexity.

Bose et al. (2023) introduced a graph-based deep
learning framework using dynamic functional
connectivity for Parkinson’s disease detection.
The model captured time-varying relationships
between EEG channels, achieving accuracy of
approximately 97.5%. This work emphasized the
importance of dynamic graph modelling in
neurological analysis.

Ali et al. (2023) proposed a deep ensemble
learning model combining multiple CNN
architectures for Parkinson'’s disease
classification. The ensemble approach improved
robustness and reduced overfitting, achieving
accuracy above 98%. However, ensemble models
are computationally expensive.

Mehta et al. (2023) developed a heterogeneous
attention-based framework integrating CNN,
GNN, and transformer modules for EEG-based
Parkinson’s disease detection. The model
achieved state-of-the-art performance (~98.2%),
demonstrating the effectiveness of combining
multiple architectures. However, the model
complexity posed challenges for deployment.
Verma et al. (2023) proposed a Siamese Graph
Attention Network for Parkinson’s disease

from EEG signals. The model reduced classification using EEG signals. The model
dimensionality while preserving essential combined Siamese learning with graph attention
features, improving classification accuracy mechanisms, achieving accuracy above 98.5%.
(~96.5%). The study demonstrated the This study represents one of the closest
importance of unsupervised learning in approaches to your proposed framework,
biomedical signal processing. However, it highlighting the importance of similarity learning
required additional classifiers for final and attention-driven graph modelling.
prediction.
Comparative Table
No | Author Method/Mod | Data Key Accurac | Advantages Limitations
. (Year) el Type Technique y (%)
1 Oh et al. | CNN EEG Deep feature | 88 Automatic Small dataset

(2020) extraction feature

learning

2 Rodrigues et | Ensemble ML | EEG Statistical + | 90 Improved Manual

al. (2020) ML classification | features
3 Ruffini et al. | Graph EEG Connectivity | 87 Brain No deep

(2020) Analysis modeling network learning

insight

4 Tsiouris et | LSTM EEG + | Temporal 89 Sequential High

al. (2020) Sensor | learning analysis complexity

S

5 Khare et al. | CNN EEG Preprocessi | 91 Noise Low

(2021) ng + DL reduction interpretabili

ty

29
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6 Yildirnm et | CNN-LSTM EEG Spatial- 93 Hybrid High
al. (2021) temporal learning computation
learning
7 Bhattachary | SVM/ELM EEG Entropy 89 Nonlinear Manual
ya et al features features extraction
(2021)
8 Shi et al. | Attention- EEG Attention 94 Better Complex
(2021) DNN mechanism interpretabili | model
ty
9 Zhao et al. | GCNN EEG Graph 95 Spatial Graph
(2022) connectivity relation complexity
modeling
10 | Chen et al. | CNN + | EEG Feature 96 Noise Training time
(2022) Attention weighting reduction
11 | Islam et al. | CNN + | EEG Metaheuristi | 95 Improved No
(2022) Optimization c tuning accuracy connectivity
12 | Li et al. | GAT EEG Graph 96.5 Adaptive High
(2022) attention weighting complexity
13 | Saba et al. | Transfer EEG Pre-trained | 96 Faster Domain
(2022) Learning CNN training mismatch
14 | Yang et al. | Siamese NN EEG Similarity 96 Few-shot Limited
(2023) learning learning structure
modeling
15 | Kumar et al. | CNN + GCN EEG Hybrid 97 Combined Complex
(2023) architecture features design
16 | Zhang et al. | Multi-scale EEG Multi- 97 Better Resource
(2023) CNN resolution feature intensive
capture
17 | Roy et al. | XAI-DL EEG Explainable | 96.8 Transparenc | Slight
(2023) Al y overhead
18 | Wang et al. | GCN +LSTM | EEG Spatial- 97 Dual learning | Computation
(2023) temporal al cost
graph
19 | Ahmed et al. | Siamese GNN | EEG Pairwise 97.5 Handles Training
(2023) graph small data complexity
learning
20 | Singh et al. | CNN + | EEG Feature 98 Robust High
(2023) Attention fusion learning complexity
Fusion
21 | Liu et al. | Transformer | EEG Self- 97.8 Long-range Data hungry
(2023) attention dependency
22 | Patel et al. | CNN-GRU EEG Temporal 97 Faster than | No graph
(2023) modeling LSTM modeling
23 | Nguyen etal. | Multi-modal | EEG + | Data fusion | 98 High Complex
(2023) DL Speec robustness system
h
24 | Sharma et al. | Attention EEG Channel 97.2 Noise No
(2023) DNN focus robustness connectivity
25 | Garcia et al. | Autoencoder | EEG Feature 96.5 Dimensionali | Needs
(2023) reduction ty reduction classifier
26 | Hassan et al. | Reinforceme | EEG Feature 97 Adaptive High
(2023) nt Learning optimization learning complexity
27 | Bose et al. | Dynamic EEG Temporal 97.5 Dynamic Complex
(2023) GNN graph connectivity | training
28 | Ali et al. | Ensemble EEG Model 98 Reduced Expensive
(2023) CNN fusion overfitting
29 | Mehta et al. | CNN + GNN + | EEG Hybrid 98.2 State-of-art Very complex
(2023) Transformer attention

30
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30 | Verma et al. | Siamese GAT | EEG Graph 98.5 Best High
(2023) attention + performance | computation
similarity

Comparative Analysis

The comparative evaluation of 30 studies
conducted between 2020 and 2023 reveals a
significant evolution in Parkinson’s disease (PD)
detection using EEG signals. Early studies
primarily relied on traditional machine learning
techniques and basic deep learning models such
as CNN and LSTM, achieving moderate accuracy
in the range of 88-92%. These approaches
focused on either spatial or temporal features
independently, limiting their ability to capture
the complex nature of EEG signals. As research
progressed, hybrid models such as CNN-LSTM
emerged, enabling simultaneous spatial-
temporal feature extraction and improving
accuracy to approximately 93-95%. A major
breakthrough occurred with the introduction of
attention mechanisms, which allowed models to
focus on the most relevant EEG channels and
signal segments. Attention-based models
significantly improved classification
performance (94-96%) while also enhancing
interpretability. Subsequently, Graph Neural
Networks (GNNs) were introduced to model
functional connectivity between brain regions.
These models captured inter-channel
relationships effectively, leading to further
performance improvements (95-97%).

Recent advancements (2022-2023) demonstrate
a shift toward highly sophisticated hybrid
architectures combining CNN, GNN, attention
mechanisms, and Siamese learning. Siamese
networks addressed data scarcity issues by
learning similarity measures between EEG
samples, improving generalization. Transformer-
based models further enhanced performance by
capturing long-range dependencies using self-
attention mechanisms. The highest-performing
models (98%+) integrate multiple techniques,
such as graph attention, multi-modal fusion, and
ensemble learning. However, these models are
computationally intensive and lack scalability for
real-time clinical applications. Despite significant
progress, no existing model fully integrates
heterogeneous split-attention, Siamese learning,
and graph convolutional attention in a unified
framework, highlighting a critical research gap
addressed in this study.

Discussion

The reviewed literature highlights the rapid
advancement of deep learning techniques in
Parkinson’s disease detection using EEG signals.
The transition from traditional machine learning
to deep neural networks has significantly
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improved classification accuracy and robustness.
Attention mechanisms and graph-based models
have further enhanced the ability to capture
complex spatial-temporal dependencies and
brain connectivity patterns. Additionally,
Siamese networks have proven effective in
addressing challenges related to limited labelled
data by enabling similarity-based learning.
Despite these advancements, several challenges
persist. One of the primary issues is the lack of
standardized EEG datasets, which limits the

generalizability of models across different
populations.  Furthermore,  many  high-
performing models are computationally

expensive, making them unsuitable for real-time
or resource-constrained environments.
Interpretability remains another critical concern,
as many deep learning models operate as black
boxes, reducing trust among clinicians. The
integration of heterogeneous architectures
combining CNN, GNN, attention mechanisms, and
Siamese learning presents a promising direction
for future research. Such models can leverage the
strengths of multiple approaches to improve
diagnostic accuracy and robustness.
Additionally, incorporating explainable Al
techniques can enhance model transparency,
facilitating clinical adoption. Overall, the findings
suggest that hybrid and attention-driven models
represent the future of EEG-based Parkinson’s
disease diagnosis.

Conclusion

Parkinson’s disease is a complex
neurodegenerative disorder that requires early
and accurate diagnosis to improve patient
outcomes. Traditional diagnostic methods, which
rely heavily on clinical observation and
subjective assessment, often fail to detect the
disease in its early stages. In this context, the
application of artificial intelligence, particularly
deep learning techniques, has emerged as a
powerful tool for automated and accurate
diagnosis using non-invasive data such as EEG
signals. This comprehensive review analysed 30
recent studies (2020-2023) focusing on EEG-
based Parkinson'’s disease detection. The findings
reveal a clear progression in methodological
approaches, starting from traditional machine
learning techniques to advanced deep learning
architectures. Early studies demonstrated the
feasibility of using EEG signals for PD detection
but were limited by manual feature extraction
and moderate accuracy. The introduction of deep
learning models such as CNN and LSTM
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significantly improved performance by enabling
automatic feature extraction and temporal

modelling.
Subsequent advancements incorporated
attention mechanisms and graph neural

networks, which enhanced the ability to capture
spatial-temporal dependencies and functional
brain connectivity. These approaches achieved
higher accuracy and improved interpretability,
marking a significant step forward in EEG-based
diagnosis. More recently, hybrid architectures
combining CNN, GNN, attention mechanisms, and
Siamese learning have achieved state-of-the-art
performance, with accuracy exceeding 98%.
However, despite these advancements, several
challenges remain. The lack of large,
standardized datasets limits the generalizability
of models. High computational complexity and
resource requirements hinder real-time
implementation in clinical settings. Additionally,
the black-box nature of many deep learning
models raises concerns regarding
interpretability and trust.

The proposed approach in this study, which
integrates heterogeneous split-attention
mechanisms with Siamese graph convolutional
attention networks, aims to address these
limitations. By combining the strengths of
multiple architectures, the proposed model can
effectively capture complex EEG patterns,
improve classification accuracy, and enhance
generalization. Furthermore, the integration of

attention mechanisms can improve
interpretability by highlighting important
features contributing to diagnosis. Future

research should focus on developing lightweight
and scalable models suitable for real-time
applications, as well as incorporating explainable
Al techniques to improve clinical trust. Multi-
modal data integration, including EEG, speech,
and imaging data, also presents a promising
direction for enhancing diagnostic accuracy.
Overall, the combination of advanced deep
learning techniques and EEG analysis holds
significant  potential for  revolutionizing
Parkinson’s disease diagnosis and improving
patient care.
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