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Introduction

Neurodegenerative diseases represent a class of progressive neurological disorders characterized by the gradual degeneration of neurons
in the brain and spinal cord. Conditions such as Alzheimer’s disease, Parkinson’s disease, Huntington’s disease, and dementia-related
disorders are among the most prevalent neurodegenerative conditions worldwide. These diseases significantly impact cognitive abilities,
motor functions, memory, and behavior, ultimately leading to severe disability and dependency. With the global increase in aging
populations, the prevalence of neurodegenerative disorders is rising rapidly, creating a substantial burden on healthcare systems,
caregivers, and society. Early diagnosis of neurodegenerative diseases plays a crucial role in slowing disease progression and improving
patient outcomes. However, traditional diagnostic methods often rely on clinical evaluations, neuroimaging techniques such as MRI and
PET scans, and neuropsychological testing, which can be expensive, time-consuming, and inaccessible in many healthcare settings. As
a result, there is a growing demand for non-invasive, cost-effective, and automated diagnostic systems that can assist clinicians in early
detection and continuous monitoring of neurological conditions.

Electroencephalography (EEG) has emerged as a powerful non-invasive technique for recording electrical activity in the brain. EEG
signals provide real-time insights into neural dynamics with high temporal resolution, making them particularly useful for studying
functional brain changes associated with neurodegenerative diseases. However, EEG signals are inherently complex, nonlinear, and
non-stationary in nature. They are also highly susceptible to noise and artifacts such as eye movements, muscle activity, electrode
displacement, and environmental interference, which makes accurate interpretation challenging. Traditional EEG-based diagnostic
approaches typically rely on handcrafted feature extraction techniques, including spectral analysis, wavelet transform, entropy measures,
and statistical feature engineering. While these methods can capture certain characteristics of brain activity, they are limited in their
ability to model deep nonlinear relationships and long-range dependencies present in EEG signals. Furthermore, these approaches
depend heavily on domain expertise and may not generalize well across different patient populations and recording conditions.

The emergence of machine learning has improved EEG-based disease classification by enabling data-driven pattern recognition.
However, classical machine learning models such as Support Vector Machines (SVM), Random Forests, and k-Nearest Neighbors still
depend on manually engineered features, limiting their scalability and adaptability. In contrast, deep learning techniques have
demonstrated significant improvements by learning hierarchical feature representations directly from raw EEG data. Convolutional
Neural Networks (CNNs) have been widely used for extracting spatial features from EEG signals, capturing local dependencies across
channels. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are effective in modeling temporal
dynamics in sequential EEG data. Despite their effectiveness, these architectures often treat spatial and temporal features separately and
fail to fully capture the complex interdependencies between brain regions over time.

To address these limitations, attention mechanisms have been introduced into deep learning architectures. Attention-enhanced models
improve performance by dynamically assigning weights to important features, enabling the model to focus on the most relevant EEG
segments associated with disease progression. This not only improves classification accuracy but also enhances model interpretability,
which is critical for clinical applications where transparency and trust are essential. Despite these advancements, several challenges
remain unresolved. Many existing models struggle with generalization across different EEG datasets, are sensitive to noise and artifacts,
and lack a unified architecture that integrates spatial feature extraction, temporal modeling, and attention mechanisms in a cohesive
framework. Additionally, the interpretability of deep learning models in neurodegenerative disease diagnosis remains a major concern
in clinical adoption. In this study, we propose an EEG-Enabled Neurodegenerative Disease Prediction framework using Attention-
Enhanced Neural Architectures (AENA). The proposed model integrates deep neural networks with attention mechanisms to effectively
capture both spatial and temporal dependencies in EEG signals while improving robustness against noise and inter-subject variability.
The model is designed to provide accurate, interpretable, and scalable predictions for neurodegenerative disease detection.

Literature Review

The application of artificial intelligence in neurodegenerative disease detection using electroencephalography (EEG) has gained
significant attention in recent years. Researchers have explored classical machine learning, deep learning, and attention-based neural
architectures to improve diagnostic accuracy, robustness, and interpretability. This section reviews key contributions relevant to EEG-
based neurodegenerative disease prediction. Niedermeyer and da Silva (2005) provided a comprehensive foundation for EEG signal
interpretation, describing the physiological origins of brain rhythms and their clinical significance. Their work remains a fundamental
reference for EEG-based neurological analysis but relies heavily on manual interpretation techniques.
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Jeong (2004) analyzed EEG dynamics in Alzheimer’s disease and demonstrated that neurodegenerative conditions significantly alter
brain synchronization patterns. However, the study used conventional statistical methods and lacked automated predictive modeling.
Craik et al. (2019) reviewed deep learning applications in EEG analysis and highlighted the superiority of CNN and RNN models over
traditional machine learning approaches. However, they noted challenges in generalization and interpretability.

Roy et al. (2020) developed deep learning frameworks for EEG classification, showing improved accuracy in neurological disorder
detection. However, their models lacked explicit attention mechanisms and often required large datasets. Acharya et al. (2018) proposed
deep CNN models for neurological disorder detection using EEG signals. Their approach improved feature extraction but did not model
long-range temporal dependencies effectively.

Lawhern et al. (2018) introduced EEGNet, a compact CNN architecture designed for EEG-based brain-computer interface tasks. While
efficient, it was limited in capturing complex temporal variations associated with neurodegenerative diseases. Schirrmeister et al. (2017)
developed deep convolutional neural networks for EEG decoding, demonstrating strong performance in brain signal classification tasks
but limited interpretability.

Vaswani et al. (2017) introduced the Transformer architecture based on attention mechanisms, which significantly improved sequence
modeling by capturing long-range dependencies. This concept has influenced many EEG-based attention models. Song et al. (2020)
proposed hybrid CNN-RNN architectures for EEG signal classification, combining spatial and temporal feature learning. However, their
model lacked explicit attention mechanisms for feature prioritization.

Zhang et al. (2021) introduced attention-based deep learning models for EEG classification and demonstrated improved performance in
neurological disorder detection tasks. However, their approach still faced challenges in handling noise and inter-subject variability.
Subsequent improvements of EEGNet focused on lightweight architectures for real-time applications, but these models still lacked deep
attention mechanisms and interpretability features

Li et al. (2022) explored transformer-based EEG models for neurological disease classification and showed improved long-range
dependency modeling but required high computational resources. Kumar et al. (2022) proposed hybrid deep learning frameworks for
Alzheimer’s detection using EEG, highlighting the importance of combining spatial and temporal features.

Singh et al. (2023) introduced explainable Al methods for EEG-based neurological diagnosis, emphasizing the importance of
interpretability in clinical decision support systems. Chen et al. (2024) developed advanced attention-based EEG classification models
that improved accuracy but still struggled with generalization across datasets.

Methodology
The proposed EEG-Enabled Neurodegenerative Disease Prediction framework using Attention-Enhanced Neural Architectures (AENA)
is designed to accurately classify neurodegenerative conditions by integrating spatial feature extraction, temporal dependency modeling,

and attention-based feature refinement. The architecture processes raw EEG signals through a structured pipeline consisting of
preprocessing, feature learning, attention weighting, and classification.
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Fig 1. Attention-Enhanced Neural Framework for EEG-Based Neurodegenerative Disease Prediction

This figure illustrates the proposed methodology for predicting neurodegenerative diseases using EEG signals and attention-enhanced
neural architectures. The framework begins with EEG signal acquisition, where brain activity signals are collected from subjects. The
acquired signals undergo preprocessing to remove noise, artifacts, and inconsistencies through filtering, denoising, and normalization
techniques. Relevant temporal and frequency-domain characteristics are then extracted during the feature extraction stage. An attention
mechanism is applied to identify and emphasize the most informative EEG patterns associated with neurological abnormalities. The
selected features are processed through an attention-enhanced neural architecture, enabling effective learning of complex brain activity
representations. The trained model performs disease prediction by identifying conditions such as Alzheimer's disease, Parkinson's
disease, and Mild Cognitive Impairment (MCI). The prediction performance is assessed using evaluation metrics including accuracy,
sensitivity, specificity, F1-score, and AUC. Finally, the framework provides clinical decision support, assisting healthcare professionals
in early diagnosis, disease monitoring, and personalized treatment planning for neurodegenerative disorders.

Feature Extraction (Deep Neural Encoding) The final weighted feature representation is:

The preprocessed EEG signals are passed through deep neural Foee = YaiF; - 3)
layers (CNN + temporal encoder) to extract meaningful
representations:

This step improves interpretability by focusing on disease-
F=fo(X,) - Q) relevant brain activity regions.

Feature Fusion
where frepresents stacked convolutional and sequential learning
layers that capture spatial and temporal EEG dependencies. The attention-refined features are aggregated into a unified
representation:

Attention Mechanism
Ffusion =Fapp - 4)
An attention layer is introduced to highlight the most relevant
EEG features associated with neurodegenerative patterns.

or combined with auxiliary statistical EEG features when
Attention weights are computed as: available.

efi

a; = Zjeej ------- (2)
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Algorithmic Strategy

The proposed EEG-Enabled Neurodegenerative Disease Prediction using Attention-Enhanced Neural Architectures (AENA) follows a
structured algorithm that integrates preprocessing, deep feature learning, attention-based refinement, and final classification.

Algorithm  1:  Attention-Enhanced EEG  Classification | Signal Preprocessing
Framework
Apply bandpass filtering (0.5-45 Hz)
Remove artifacts (eye blink, muscle noise)
Perform baseline drift correction

Apply wavelet-based denoising

Normalize using Z-score scaling

Obtain cleaned signal:

Input:

Multichannel EEG signal X(t) = {x;(t), x5(t),..., %, ()} .
Window size w, Number of EEG channels n

© N O~

Output:
X, (t) = Preprocess(X(t)) ------- (6)

Predicted class: Healthy / Neurodegenerative Disease

EEG Signal Acquisition Deep Feature Extraction

9. Feed X, (t)into deep neural encoder (CNN + temporal
network)
10. Extract feature representation:

1. Load EEG recordings from dataset or wearable device
2. Segment EEG signals into fixed-length windows:

Xi={x1,%3..., x4} - (5) F=fo(X,) —mmmm )
P

11. Capture both spatial and temporal EEG dependencies

Results and Performance Evaluation

The performance of the proposed EEG-Enabled Neurodegenerative Disease Prediction framework using Attention-Enhanced Neural
Architectures (AENA) was evaluated using standard EEG benchmark datasets containing recordings from healthy subjects and patients
diagnosed with neurodegenerative conditions. The model was trained using a stratified dataset split and evaluated on unseen test samples
to ensure robustness and generalization capability.

Performance Comparison

The proposed AENA model was compared with conventional machine learning and deep learning baselines:

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | ROC-AUC (%)
Logistic Regression 81.9 80.7 79.8 80.2 82.4
SVM 84.6 83.9 83.1 83.5 85.2
Random Forest 86.3 85.7 85.0 85.3 86.9
CNN Only 90.8 90.1 89.6 89.8 91.5
LSTM Only 91.7 91.0 90.5 90.7 92.3
CNN-LSTM Hybrid 93.9 93.2 92.8 93.0 94.6
Attention-Only Model 94.4 93.8 935 93.6 95.1
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Proposed AENA Model | 97.6 97.2 96.9 97.0 98.4 |

Result Analysis

The Table 1 shows, experimental results demonstrate that the proposed AENA framework significantly outperforms all baseline models
across all evaluation metrics. Traditional machine learning models such as Logistic Regression, SVM, and Random Forest show limited
performance due to their inability to capture nonlinear and high-dimensional EEG patterns associated with neurodegenerative diseases.
Deep learning models such as CNN and LSTM improve feature learning by capturing spatial and temporal dependencies, respectively.
However, these models independently fail to fully capture complex neural dynamics. The CNN-LSTM hybrid model improves
performance further by combining both representations, but still lacks adaptive feature weighting. In contrast, the proposed Attention-
Enhanced Neural Architecture (AENA) achieves superior performance by dynamically focusing on the most relevant EEG features
through the attention mechanism. This significantly improves discriminative capability and reduces the impact of noise and irrelevant
signal components. The model achieves a maximum accuracy of 97.6% and ROC-AUC of 98.4%, indicating strong classification
capability and high reliability in distinguishing between healthy and neurodegenerative conditions. These results confirm the
effectiveness of integrating attention mechanisms with deep neural architectures for EEG-based disease prediction.

Conclusion and Discussion

This study proposed an EEG-Enabled Neurodegenerative Disease Prediction framework using Attention-Enhanced Neural Architectures
(AENA), designed to improve early detection and automated classification of neurological disorders such as Alzheimer’s disease and
Parkinson’s disease. The proposed model integrates deep neural feature extraction with attention mechanisms to effectively capture
spatial and temporal dependencies in EEG signals, while improving robustness against noise and inter-subject variability. The discussion
highlights that traditional machine learning approaches such as Logistic Regression, SVM, and Random Forest are limited in their ability
to model complex nonlinear EEG patterns and brain activity dynamics. Similarly, standalone deep learning models like CNN and LSTM
improve feature learning but fail to fully capture long-range dependencies and relevant neural focus areas simultaneously. The
integration of attention mechanisms in the proposed framework addresses this limitation by dynamically highlighting the most
informative EEG segments associated with neurodegenerative progression. The experimental results demonstrate that the proposed
AENA model consistently outperforms all baseline methods across multiple evaluation metrics, including accuracy, precision, recall,
F1-score, and ROC-AUC. The attention-enhanced architecture significantly improves classification performance by reducing the
influence of irrelevant or noisy EEG components and enhancing feature interpretability, which is crucial for clinical applications. From
an application perspective, the proposed framework is highly suitable for real-time neurological monitoring systems, clinical decision
support tools, and wearable EEG-based diagnostic devices. Its ability to provide accurate and interpretable predictions makes it valuable
for early-stage screening of neurodegenerative diseases, where timely intervention is critical. However, certain limitations remain,
including dependency on high-quality labeled EEG datasets, variability in patient-specific brain activity patterns, and computational
demands of deep attention-based architectures. Future research can focus on developing lightweight versions of the model for edge
devices, integrating transformer-based architectures for improved long-range EEG dependency modeling, and enhancing explainability
using advanced explainable Al (XAl) techniques.
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