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It has become pertinent to develop early and accurate diagnosis tools for these neurological diseases, 
such as Alzheimer’s and Parkinson’s. The diagnosis may be high frequency electroencephalogram 
(EEG) signal based. These techniques promise good results but fail to obtain the desired clinically 
relevant features because of the intrinsically non-stationary and noisy nature of high frequency 
EEG components. Limitations of existing methods include suboptimal signal processing, ineffective 
strategies for feature selection, lack of robustness in feature fusion mechanisms, and limited 
explainability for clinical adoptions. This work, therefore, proposes a holistic framework in the context 
of clinical detection of neurological disorders using high frequency EEG signals which are enhanced 
as a pipeline of multi-blocks. The combination of Hilbert-Huang transform (HHT) with a modified 
empirical mode decomposition ensures that the decomposition is adaptive in nature and effective 
noise reduction leads to preprocessing of the data. Wavelet Packets transform (WPT) in conjunction 
with shannon entropy-based feature selection reduces the dimensions of the data without information 
loss, which aids in meaningful extraction of temporal and frequency domain features. Canonical 
correlation analysis with multi-view representation learning allows integration of EEG features 
along with clinical metadata as auxiliary information to create a common feature space for increased 
sensitivity in diagnosis. A new multi-scale convolutional recurrent neural network (MS-CRNN) uses 
an attention mechanism to process the combined features and find spatiotemporal dependencies 
while focusing on patterns that are important for diagnosis. The method is demonstrated through 
grad-cam and integrated gradient techniques that help in visualizing and quantitatively attributing 
feature extraction. This method was 94% accurate; 92% sensitive; and 93% specific when identifying 
issues early on. The high accuracy in making clinical interpretation and diagnosis has set a new bar for 
clinicians and has encouraged public policy to support early intervention.
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 More than sixty million individuals around the world are affected by neurologic disorders (Parkinson’s and 
Alzheimer’s), which are two of the leading contributors to death and disability1,2. Therefore, a timely and precise 
diagnosis is critical to both providing the patient with immediate treatment options and better managing the 
disease. Non-stationary and noisy EEG signals provide a good opportunity for the use of EEG as biomarkers due 
to their association with neural pathology. However, the non-stationarity and noisiness of EEG signals make it 
difficult to analyze these signals. The traditional methods of signal processing (Fourier and wavelet transforms) 
rely heavily upon stationarity and therefore they are unable to accurately capture the important localized and 
high frequency EEG components that are necessary for diagnosing neurological diseases3–5.
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Feature extraction techniques commonly lead to redundancy in large, high dimensional feature spaces 
leading to poor model performance, and few, if any, of the available EEG based diagnosis tools are able to provide 
an explanation for their decision; therefore, limiting clinical acceptance and confidence, and none of them have 
developed efficient methods for fusing additional clinical and demographic data with EEG6–8. This research 
proposes a new multi-block approach for extracting neurological disorder features from high frequency EEG 
signals by employing advanced signal processing and machine learning techniques to improve both clinical 
relevance and robustness. The key issues related to the large gap existing between prototypes developed by 
researchers and clinical practice (e.g., EEG nonstationary, redundant features, poor fusion of features, lack of 
explanation) that the framework aims to address are early and accurate diagnosis, efficient signal decomposition 
and denoising, robust and compact feature extraction, effective fusion of features from different sources, 
advanced learning of spatial and temporal patterns, improved interpretability and scalability for clinical use.

Although EEG signals are inherently non-stationary and contaminated with noise, signal processing methods 
that can decompose EEG signals precisely and reduce noise effectively, while preserving critical features for 
diagnosis, include the Hilbert Huang transform (HHT) and modified empirical mode decomposition (EMD). 
The wavelet packet transform (WPT) is utilized to address problems related to low signal to noise ratios and 
muscle artifacts, especially in the gamma frequency range (30–100 Hz) where most high frequency EEG data 
fall short due to low signal to noise ratios; WPT has been shown to be capable of greater denoising and feature 
extraction than other traditional methods. To provide a comprehensive view, features are fused with clinical 
metadata through canonical correlation analysis (CCA) and feature selection based on Shannon entropy12,13. The 
MS-CRNN model using the features obtained through both Gradient CAM and integrated gradients is trained 
to produce spatiotemporal EEG pattern representations. The MS-CRNN will provide clinically useful, reliable, 
and understandable results for the diagnosis of neurological disorders and improve the clinical applicability and 
reliability of EEG-based neurological disorder diagnostics.

The proposed adaptive EMD method reduces fixed-threshold values of sifting parameter epsilon (ε) via cross 
validation in frequency bands as a function of the entropy in the spectral domain and thus reduces time-frequency 
energy residual while preserving higher frequency signal activity. The experimental results also demonstrate that 
setting ε = 0.001 will provide reliable high fidelity representation in the gamma range (80–120 Hz), accurately 
distinguish between gamma band activity while minimizing erroneous decomposition due to mode mixing or 
creation of incorrect intrinsic mode functions.

Adaptive EMD removes artifact noise through two stages of filtering; first stage rejects those IMF’s that 
are below 0.75 for energy entropy or less than 5% in terms of their contribution to total energy as measured 
in each IMF. The second stage combines this with Hilbert Spectral Analysis (HSA) to remove muscle, eye and 
other forms of artifact noise generated from non-neural systems, therefore reducing all possible noise from any 
source(s), prior to final preprocessing.

This proposed framework has been designed to resolve common limitations of detecting early-stage 
Alzheimer’s disease and Parkinson’s disease through utilizing state-of-the-art signal processing techniques and 
deep-learning-based architectures for the evaluation of EEG signals at high-frequencies14–18, in conjunction 
with a methodical approach to integrate features extracted from EEG signals with clinical data to improve the 
accuracy of diagnosis and the interpretability of results19–25. The framework is an integrated, scalable solution to 
bridge the gap between the academic environment and the clinical environment, and will address the growing 
demand for early and reliable detection of neurodegenerative disorders using EEG technology.

The primary attributes of the proposed method include application of Hilbert-Huang Transform (HHT), in 
combination with an updated Empirical Mode Decomposition (EMD) criterion for an accurate and efficient 
removal of noise from signals; identification of relevant features using Shannon Entropy; and developing an 
interpretable, scalable, and efficient method to facilitate early detection of Alzheimer’s disease and Parkinson’s 
disease utilizing advanced signal processing and interpretable deep learning for improved neurological 
diagnostics.

The Shannon Entropy is used to select features in EEG analysis as it is a measure of both the complexity and 
the uncertainty of a signal, which can be an advantage when dealing with non-stationary high frequency EEG 
signals. The Shannon Entropy allows for identification of the most informative sub-bands in the signal and also 
for the removal of the most noisy components. The use of Shannon Entropy results in a reduction in feature 
dimensions of nearly 60%, but retention of around 95% of the clinically useful information contained within 
those features.

By combining Empirical Mode Decomposition (EMD), which is an adaptive method of decomposing signals 
into multiple components or modes with the ability to adaptively and locally time-frequency resolution, with 
the Hilbert transform for obtaining the instantaneous frequencies associated with each mode, HHT has proven 
effective in dealing with the non-stationarity and high levels of noise present in EEG signals. The preprocessing 
that HHT provides, therefore, can be expected to reduce noise from the raw EEG signal and preserve clinical 
significance, thereby improving both the relevance and the accuracy of the EEG-based diagnosis. In addition, 
reducing the dimensionality of the EEG feature space using the method of feature selection based on Shannon 
entropy will result in removing those EEG features that are either not as useful or contain less information 
than others, therefore preserving the clinically important features and reducing the amount of noise. As a 
consequence of this approach, there will be fewer EEG features used to train models; thus, the models will have 
better generalizability, they will be able to run faster, and their diagnoses will be more precise.

Canonical Correlation Analysis (CCA) is an analysis of EEG characteristics and clinical metadata that 
correlates them as well as possible in a single “space” to preserve relevant and complementary information 
while eliminating redundant or irrelevant information; it can enhance the identification of subtle patterns and 
therefore improve sensitivity and clarity of diagnosis — critical for early detection of neurological disorders. 
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MS-CRNN also does this by using recurrent convolutional neural network layers with convolutional layers of 
varying size to capture both spatial and temporal features of the EEG signal.

The use of this allows the detection of both minor and wide-spread neural activity patterns across all different 
frequency bands and all different regions of the brain; and improves the examination of complex EEG signals. The 
recurrent layer using bi-directional gated recurrent units (GRU) captures the time-dependent relations within 
EEG signals; and captures important changes over time which is necessary for diagnosing neurologic disease. 
The application of an attention mechanism can enhance the accuracy of the model by focusing on those portions 
of time that are most relevant for making a diagnosis; thereby improving both the interpretability of the results, 
and the accuracy of the results. MS-CRNN is capable of managing large amounts of high-dimensional EEG 
data by combining convolutional and recurrent layers with an attention mechanism to detect both spatial and 
temporal features. As such, it has shown improved classification capabilities when compared to other models; 
and therefore improved sensitivity and specificity when classifying individuals with neurologic diseases such as 
Alzheimer’s disease and Parkinson’s disease.

Related work
EEG has made many advances with respect to a number of studies using various techniques and applications of 
EEG, including the detection of neurologic disorders, assessment of cognition and emotion. These studies also 
represent an important body of literature that represents a timeline of how EEG based systems have evolved, 
both technologically and methodically. Studies like Shi et al.1 further demonstrate that there are new, more 
sophisticated methods for data preprocessing and an advanced approach of spatial frequency filtering of multi-
channel EEGs for the elimination of the type of noise produced by artifacts generated by eye or muscle movement.

Another similar type of study uses deep learning, applied to the prediction of neurological outcomes for 
comatose patients; in Zheng et al.2, temporal dynamics of EEGs have shown a good application for better 
prognostics post-cardiac arrest. Klymenko et al.3 discuss byte-pair encoding for clinical EEG classification and 
present novel solutions for encoding multivariate timestamp series data in support of age-based neural analysis. 
Contributions by Yu et al.4 extend further into artifact detection and classification with explainable wavelet 
neural networks that emphasize both interpretability and performance levels. Lee et al.5 explore wearable and 
immersive technologies: they combined virtual reality (VR) with wearable EEG devices to screen for dementia. 
An example of integrated systems plays an important role in advancing the accuracy of diagnostics. In parallel, 
Ansari et al.6 apply shared multi-scale inception networks to identify the stages of neonatal sleep with fewer 
EEG channels than usual, demonstrating that a feature-efficient deep learning architecture is vital in studies 
among children. Chu et al.7 refine microstate recognition for Parkinson’s disease using enhanced deep learning 
frameworks, focusing on activated brain regions. Siddiqa et al.9 applied multi-branch CNNs in neonatal sleep 
staging, discussing entropy-based techniques and showing that single-channel EEG can reach an effectiveness 
equal to that of a multi-channel setup. Gaussian processes, as in the work of Caro et al.10, enable precise 
imputation of data and seizure detection, using spectral mixture kernels; this represents the direction in which 
probabilistic models could be adopted for EEG interpretation sets.

 
Iteratively, next, based on Table 1 Methodological Comparative Analysis, Apart from clinical diagnostics, 

affective computing and emotion analysis have seen a boom. Castiblanco Jimenez et al. present EEG indicators that 
are increased using machine learning in VR, in order to determine the state of an individual’s emotions, relating 
neuroscience with virtual reality technology. They also provide Singh et al.29, who develop a comprehensive 
evaluation of the use of physiological signals for identifying mental illnesses, which include an assessment of 
machine learning methods used in such assessments. As such these studies demonstrate the interdisciplinary 
nature of the use of EEG indicators as they range from the psychological assessment of humans to the interaction 
between humans and computers being developed.

Important to enhancing the interpretation of the EEG signal is machine learning, which research focuses 
on hybrid models combining feature extraction and optimization algorithms. Applications of metaheuristic 
optimization, applied by Karthiga et al.41, come out to be helpful in EEG-based emotion recognition; Khosravi 
et al.40 apply attention-based Bi-LSTM networks in early diagnosis of Alzheimer, which depicts the increasing 
trend for explainable AI frameworks. In Bashir et al.45, novel signal processing techniques are incorporated 
with machine learning frameworks to depict major depressive disorder detection using non-invasive EEG with 
CNNs. Similar work is presented by Wang et al.43 where improved wavelet transforms have been combined 
with optimization-based classification for depression recognition. The trend is clearly towards task-specific 
innovations that deal with a wide range of neurological and psychiatric conditions44–49.

Most papers are about the use of multi-task learning, and generalizability. To illustrate this point, Georgis-Yap 
et al.36 have provided an overview of supervised and unsupervised seizure prediction techniques, along with how 
transfer learning can provide increased adaptability between different datasets and samples. There is considerable 
evidence of advancement of EEG analysis through the application of machine learning, and deep learning for 
clinical and non-clinical applications. These articles describe how the use of new methodologies such as deep 
convolutional neural networks, attention mechanisms and probabilistic modeling have dramatically changed 
the field to achieve accurate diagnosis and cognitive assessment of many types of neurological and psychiatric 
disorders. There has been several key contributions including artifact resistant pre-processing methods26–30; 
interpretable and task specific models33; and multimodal data fusion for improved diagnostic accuracy41.

These advancements continue to illustrate the shift toward interpretable AI that will provide the ability to 
incorporate both computational prediction and clinical use. Also these advancements are indicative of the 
versatility of EEG systems to be used as a means of assessing many different aspects of physiology and cognition 
in a very broad sense (from domain-specific optimizations to pediatric EEG34,35; geriatric cognition studies37; 
emotion recognition13,42 and the need for generalized models to allow for integration and hybrid methods 
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Reference Method Main Objectives Findings Limitations

1

Improved 
Spatial-
Frequency 
Filtering

Removal of ocular and muscular 
artifacts from multi-channel EEG

Achieved enhanced denoising and signal integrity with dual-
threshold criteria

Limited scalability to non-mul\
ti-channel settings

2
Deep Learning 
for EEG 
Dynamics

Predicting neurological outcomes post-
cardiac arrest

AUC 0.78 to 0.91 50% sensitivity at 99% specificity calibration 
error 0.04–0.11, 5-fold cross-validation, 1,038 patients total

Dataset imbalance impacts model 
generalizability; performance 
varies across hospitals

3 Byte-Pair 
Encoding

Classification of clinical EEGs across 
lifespan

Mean Absolute Error (MAE) 15.7 years for biological age 
prediction, Sample size: n = 5,785 routine clinical EEGs (ages 
15–99 years, 20 electrodes, 10/20 system;

Requires extensive preprocessing 
for effective encoding; validation 
primarily on age prediction rather 
than direct clinical classification

4 Wavelet Neural 
Network

Detection and classification of EEG 
artifacts with introduced BASE (base 
point level matching) and EACS (event-
aligned compensation scoring) metrics

Superior F1-scores over baselines on TUH EEG Artifact (TUAR) 
dataset of 3,000 + hours annotated EEG from hundreds of 
subjects

Limited applicability to non-
standard EEG artifacts

5 Wearable EEG + 
VR Integration

Mild cognitive impairment and mild 
dementia screening using wearable EEG 
and virtual reality cognitive tasks

EEG + VR fusion improved patient classification, AUC > 0.90, 
accuracy nearly equal to 92% with Leave-one-subject-out cross-
validation and 60 subjects sample size

Requires advanced hardware 
setups (wearable EEG + VR 
headset)

6
Shared Multi-
Scale Inception 
Network

Neonatal quiet sleep detection using 
limited EEG channels (2–8 channels; 
3,978 sleep epochs; 70% train, 15% 
validation, 15% test per fold)

Accuracy 92.4%, Sensitivity 91.8%, Specificity 93.1%, AUC 0.96, 
Patient-independent 5-fold cross-validation with Sample size: 79 
neonates

Challenges adapting to adult EEG 
data; relies on neonatal-specific 
sleep patterns

7
Enhanced EEG 
Microstate 
Recognition

Parkinson’s disease detection via 
improved microstate analysis PD-
specific microstate alterations (reduced 
Map1/Map3 occurrences linked to 
cognitive/motor decline)

Microstate recognition rates 90–99%, strong anti-artifact 
capability; Sample size: 29 early PD patients (20 women, 9 men; 
full dataset for microstate extraction and PD analysis)

Scalability issues for large-scale 
datasets; requires high-quality 
EEG preprocessing

8

Permutation 
Conditional 
Mutual 
Information 
Model

Spatial cognition evaluation in 
community elderly using EEG feature 
extraction

Average classification accuracy 98% for pre/post-test EEG signals
Computational complexity for 
large populations; requires multi-
channel EEG setup

9 Multi-Branch 
CNN

Neonatal sleep staging with single-
channel EEG (4-class sleep staging; 
superior to single-channel baselines, 
2,100 30 s epochs; 70% train, 15% val, 
15% test per fold from neonatal ICU 
dataset)

Accuracy 89.2%, Sensitivity 88.5%, Specificity 90.1%, F1-score 
89.0%, 5-fold patient-independent cross-validation Sample size: 
42 neonates

Limited exploration of other 
neonatal health indicators; single-
channel constraint

10
Multi-Output 
Gaussian 
Processes

Neonatal EEG modeling for seizure 
detection and data imputation using 
spectral mixture kernels

Superior data imputation, precise multi-channel EEG modelling, 
Leave-one-out or k-fold cross-validation on neonatal cohorts 
with Neonatal EEG dataset, typical 20–50 neonates

High computational overhead for 
real-time use; complexity scales 
with multi-output dimensions

11 KNN Outlier 
Detection

EEG signal analysis via machine 
learning-enabled outlier detection

Accuracy up to 86.8% using Manhattan distance and k = 10; 
KNN, Leave-One-Subject-Out cross-validation for reliability 
assessment with Data from 500 patients

Performance dependent on 
distance metric and k parameter; 
less effective than SVM in some 
cases; sensitive to dataset quality 
and preprocessing.

12 ML-Based Depth 
Monitoring Accurate monitoring of anesthesia depth

Robust predictive accuracy across anesthesia states, 5-fold cross-
validation with intra-subject dataset partitioning on Rat EEG 
dataset

Relies heavily on predefined 
anesthesia state categorizations; 
rat model limits direct human 
translation

13 Affective EEG 
Indicators

Emotion detection in VR environments 
using EEG features

High classification accuracy for valence/arousalup to 90%, 
Within-subject design with hold-out validation and 20–30 
participants

Limited generalizability across 
diverse emotional states; requires 
VR setup

14
Dimensionality-
Reduced Wavelet 
Packets

Epilepsy detection via EEG wavelet 
packet features and machine learning

Accuracy 98.2%, Sensitivity 97.6%, Specificity 98.8%, AUC 0.99 
using Gaussian SVM and 10-fold stratified cross-validation with 
1000 EEG segments (500 seizure, 500 non-seizure) from adults 
with epilepsy

Difficulty adapting to highly 
variable signals and patient 
heterogeneity

15 Concept-Drift 
Adaptation

Epileptic seizure prediction with 
automatic adaptation to EEG concept 
drifts

Best method Sensitivity 0.75 ± 0.33, FPR 1.03 ± 1.00/h (10-min 
horizon); above-chance for 89% patients vs. 46% control

Struggles with heterogeneous 
datasets and inter-patient 
variability

16
ML 
Somatosensory 
EEG Analysis

Migraine activation detection via 
brainstem-cortex interactions in 
somatosensory evoked EEG

Accuracy 81.8%, AUC 0.89 with 342 participants (113 HC, 106 
CM, 123 EM; 1,000-epoch averaged responses per group)

Small dataset size for robust 
ML training; migraine-specific 
protocol limits generalizability

17 EEG Dataset 
Review

Overview of ML applications for 
epilepsy diagnosis/seizure detection

Highlights datasets achieving 95–99% accuracy, 90–98% 
sensitivity/specificity, AUC 0.95–0.99 across ML/DL methods on 
CHB-MIT, Bonn, TUH EEG corpora with Sample size: Reviews 
major datasets (CHB-MIT: 23 patients/900 + hours; TUH: 2,000 
+ patients; Bonn: 5 sets/100 signals)

Lack of focus on practical 
deployment scenarios; no novel 
method validation

18
Abnormal 
Brain Function 
Network

Neurological disorder detection via EEG 
functional connectivity networks

Classification accuracy 95–98% across disorders high sensitivity/
specificity for MCI/AD networks (AUC0.96), 10-fold cross-
validation, DEAP (32 subjects emotion), SEED (15 subjects), 
CHB-MIT (23epilepsy patients)

High reliance on model tuning 
and preprocessing; computational 
demands for graph construction

Continued
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for the increasing need for generalizability of models across multiple datasets and in a variety of real-world 
scenarios. The existing literature supporting transfer learning32,37, concept drift adaptations15 and multi-task 
learning36 supports the notion that how applicable or consistent a model is from one dataset to another and 
between multiple, diverse real world uses. Therefore, the push toward creating a robust and scalable future for 
EEG analytical framework applications can potentially include a wide array of applications beyond those that 
currently exist - including wearable technology5, immersive virtual reality (VR) environments38 and IoT/M 
systems39.

Additionally this identifies other key challenges and opportunities; despite improvements to feature extraction 
and classification algorithms over the last few years which have shown improvement with regards to model 
accuracy, little research exists in terms of model robustness in the presence of noise found in many real world 

Fig. 1.  Model Architecture of the Proposed Analysis Process.

 

Dataset Subjects
EEG 
Channels Segments Labeling Scheme Acquisition Method

TUH EEG Corpus [2010] ~ 10,874 − 13,500 20–31 (most 
31)

~ 17,000 to 
23,000 sessions

Clinical labels (e.g., seizure, 
spike, PLED, GPED, 
artifacts, etc.)

Clinical EEG from Temple University Hospital; most data 
sampled at 250 Hz; wide variation in ages and diagnoses; sessions 
include ICU, outpatient, EMU, ER; EDF + physician reports

CHB-MIT Scalp EEG 
[2024] 23 23 686 recordings, 

each ~ 1 h
Seizure events annotated 
by experts

Pediatric patients with epilepsy from Boston Children’s Hospital; 
sampled at 256 Hz; 23 electrodes per 10–20 system

Table 2.  Characteristics summary of Dataset.

 

Reference Method Main Objectives Findings Limitations

19 BUSA Model EEG signal analysis with deep learning
Achieved robust classification with accuracy 92%, sensitivity and 
specificity > 90%, competitive AUC values near 0.95, Stratified 
k-fold cross-validation Dataset consisting of multiple EEG 
recordings totaling 500

Model complexity increases 
training time and requires 
substantial computational 
resources

20

Metric Learning 
+ Temporal 
Convolutional 
Network)

Seizure EEG classification using metric 
learning and temporal features on Bonn 
pediatric epilepsy dataset

Accuracy 97.37% Sensitivity 94.88% Specificity 99.91% AUC 0.97, 
5-fold cross-validation on

Requires extensive temporal 
annotation

Table 1.  Methodological comparative Analysis.
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applications. The clinical deployment of EEG systems will require a continued focus towards providing clinicians 
with an understanding of why decisions were made by using the results from EEG systems (explainable AI). 
Examples of work utilizing techniques such as Grad-CAM and attention mechanisms40 show that interpretation 
does not necessarily result in decreased performance, therefore creating a pathway for increased application in 
health care. Overall, this synthesis of insights from the other papers provides a vision of an EEG research path 
that is much more complex and multi-faceted. Next systems will face the issues of data variability; introduce 
real-time adaptability; and make user-centric design through explainable outputs50.

Li et al. introduce an improved EMD (often called IEMD) by changing the envelope algorithm: instead 
of classical cubic spline interpolation, they use a C2 piecewise rational cubic spline (PRCSI/MPRCSI) and 
iteratively correct the envelopes to remove overshoot and undershoot41. Compared with Li et al. piecewise 
rational interpolation, which mainly improves envelope smoothness and reduces overshoot, the proposed 
modified EMD stopping criterion in proposed multi-block EEG framework likely refines the sifting process 
by introducing a novel threshold-based or reconstruction-error criterion that adaptively determines when an 
intrinsic mode function (IMF) is sufficiently separated and noise components are excluded. Li et al. (2018) 
provide a benchmark model by innovating envelope interpolation for better mode separation, and proposed 
work parallels this by innovating the stopping criterion itself for better noise and mode control.

The proposed multi-block framework effectively handles the challenges of non-stationary and noisy EEG 
signals by integrating advanced signal processing, feature extraction, and deep learning techniques. Traditional 
techniques such as Fourier Transforms, Wavelet Transforms do not have the ability to handle the Time-Varying 
Frequency Components in EEG. For this reason, HHT and a Modified EMD were used to decompose EEG 
signals into its underlying components. The use of the Modified EMD allowed the stopping criteria for each 
component to be optimized and eliminated the presence of noise-dominated modes in addition to minimizing 
mode mixing. WPT was then used to perform a Multi-Resolution Frequency Analysis, allowing the EEG to be 
broken down by its High-Frequency Rhythms and Low-Frequency Rhythms. Finally, a Feature Selection process 
based on Entropy was applied using Shannon Entropy to select the most Diagnostically Relevant Features from 
the possible combination of features available. This significantly reduced Redundancy and increased Efficiency.

Proposed method
In this study, high-frequency EEG refers to a component of the upper frequency band of the EEG signal; namely, 
the gamma band (30–100 Hz), and in some studies, the frequency ranges above the gamma band. Although EEG 
signals can contain frequencies anywhere between delta (0 Hz) and low-frequency bands (theta, alpha, beta) 
through to the gamma band, when we refer to “high-frequency” in this study we refer to our focus on extracting 
the frequency ranges at or above the gamma band; these have been identified as key to the detection of specific 
pathological forms of neural activity. In addition to the well-established use of low-frequency EEG markers for 
identifying neurodegenerative disease, there is an increasing body of evidence that suggests that gamma-band 
markers may be used as early indicators of neurodegenerative processes. The incorporation of high-frequency 
analysis into the standard methods for analyzing EEG data may provide improved diagnostic sensitivity than 
low-frequency analysis alone, particularly in cases where the changes in the lower frequency bands are either 
minimal or ambiguous.

This study focused on the higher frequency bands for development of new methodologies and processing 
of a large amount of data as well as identification of difficult-to-interpret high frequency band signal patterns 
that are typically obscured by artifact and/or noise and therefore have limited diagnostic application. A high 
sampling rate of 256 Hz was used to accurately measure both gamma and high gamma activity; thereby enabling 
the detection of rapid oscillations that could indicate initial pathophysiologic processes.

Historically, neurodegenerative diseases (such as Parkinson’s, Alzheimer’s) have been most often linked 
with decreased power in lower frequency bands (theta, delta, alpha). However, a growing body of literature has 
indicated that higher frequency activity in the brain, specifically gamma band activity, is an additional source of 
information for diagnosing diseases. Gamma band abnormalities include increased, decreased or synchronized 
gamma activity associated with altered cognitive function and/or neural degeneration, or the occurrence of 
an epileptic event. Therefore, although the primary use of low-frequency bands will continue to be diagnostic 
for neurodegenerative diseases; investigating high-frequency (gamma) activity will offer new insights into 
physiology to help develop earlier and more accurate diagnoses.

Dataset used
This research utilizes TUH EEG Corpus31 and CHB-MIT Scalp32 EEG Database to perform the experiments, 
both are established benchmark datasets within this area of study. TUH EEG Corpus is one of the largest 
publicly available EEG datasets with more than 30,000 recordings from 15,000 patients, ranging from ages and 
neurological conditions such as epilepsy, Parkinson’s, and Alzheimer’s disease. This gives sampled rates between 
250 Hz and 500 Hz that capture high-resolution data along the temporal axis and is suitable for analyzing the 
high frequency components. It has an addition from the CHB-MIT Scalp EEG Database, that was built to focus 
solely on seizure detection yet provided 24-hour recordings for 23 pediatric and adolescent patients with epilepsy 
at 256 Hz. Seizure events were annotated over this, and the total recorded material could be strictly validated 
as regards the suggested framework. Both datasets were known for their diversity in electrode configurations, 
such as the 10–20 system, patient demographics, and pathological annotations that made the model robust and 
generalizable.

Not all 30,000 recordings from 15,000 patients were used: Typically, only a subset relevant to the target 
diagnoses (epilepsy, Parkinson’s, Alzheimer’s, and healthy controls) is selected for training and testing due to 
computational constraints and study focus. The TUH EEG Corpus provides variable demographic data across 
recordings, including age and gender for many subjects. Age range spans pediatric to geriatric (often from ~ 0 
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to 97 years), with broad gender representation. Healthy Controls used in TUH EEG dataset to validate the 
specificity and generalizability of diagnostic models, providing a baseline for comparison. The Table 2 below 
presents the key characteristics summary of both the dataset.

Additionally, auxiliary metadata such as, patient’s age, gender, and medical history, have been made available 
that could be used to further include additional modalities (e.g., imaging) in the multi-modal analysis. A 
consistent and scalable approach was achieved through the use of threshold-based algorithms to automate this 
step. Due to the high volume of samples, manual evaluation was not conducted with exception to a small number 
of post-hoc validations on select samples. Automated rejection was implemented to minimize subjectivity and 
allow for reproducible preprocessing.

EEG segments that had amplitudes greater than ± 100 micro volts were removed because those types of 
amplitude levels indicate a muscle, movement or an electrical artifact from the electrodes and not an actual 
neural signal. The EEG epoch was also removed if it indicated a very large power level in the frequency range 
(> 80 Hz), which can indicate muscle or electrical interference. Any time there was a flat line (no change in 
voltage for > 2 s) or an abrupt jump in the EEG signal (discontinuity of > 50 µV/ms), the EEG segment was 
removed from further study. Each dataset was then divided into 30 s non-overlapping windows where all artifact 
rejection criteria would be evaluated on a per window basis so only clean, artifact free EEG epochs could proceed 
to feature extraction and classification.

Each window is subjected to an individual process of rejecting artifacts and extracting features, and therefore 
provides a segment of clean data that can be analyzed by using attention-based spatiotemporal techniques. To 
preserve the stratification of the data from the different patients, we used stratified 5-fold patient-wise cross-
validation (CV). By doing so, we ensured that each fold included only the data from a single subject thereby 
eliminating data leakage. The overall design and implementation of this framework provides a very rigid 
method to evaluate attention on a comparative basis, while also providing substantial ground for comparison 
to determine how well these datasets will support the evaluation of diagnostic performance in detecting and 
distinguishing between neurological disorders.

Feature extraction
This Section discusses how to overcome the problem of low efficiency and high complexity inherent in the present 
methods. The key point here as shown from the Fig. 1 Model Architecture of the Proposed Analysis Process 
is The Hilbert-Huang Transform (HHT) based pre-processing; using a combination of the Empirical Mode 
Decomposition (EMD) with a modified criteria to deal with the potential nonlinearities and nonstationarities 
that can exist in High Frequency EEG signals. HHT is a time-frequency analysis method that can be applied to 
adaptively decompose signals and represent the instantaneous frequency dynamics very well.

The Empirical Modal Decomposition (EMD), which utilizes the sifting technique to decompose a time series 
signal into Intrinsic Mode Functions (IMF’s), has been utilized as the decomposition technique of choice. The 
altered EMD criterion affects the sifting process in such a manner that it is critical to improve the accuracy 
of decomposition of high frequency components in order to capture clinically relevant features. An adaptive 
sifting threshold (ε) and Weighted Extrema Envelope Filtering Scheme have been integrated into a modified 
criterion for Empirical Mode Decomposition (EMD) for preprocessing of high frequency EEG signals. The 
modified standard establishes a spectral entropy constant sifting threshold (ε) to extract the high frequency 
gamma band component and minimize the time – frequency residual energy; the experimental determination 
of ε = 0.001 provided consistent quality across all signals in the 80–120 Hz bandwidth and allowed for the precise 
extraction and reduced cross-mode contamination of the signal modes. The efficacy of the IMF extraction was 
also supported through the suppression of the low-entropy (i.e., < 0.75), low-energy (< 5%) IMF’s whose energies 
are associated with the extracted signal modes. This process ensured the removal of signal contaminants while 
retaining clinically significant information from the extracted signals.

Mathematically, an unbiased interpolating cubic spline was assumed to be inserted to refine over a local-
density-weighted mean envelope m(t) during the process. Eventually, that model worked proficiently in reducing 
mode mix which subsequently allows equally overlapping frequency components in HFEESs to be Harrison 
separated in process.

Decomposition begins by locating all local extrema of x(t) signal sets. The upper envelope eup(t) and lower 
envelope elow(t) are interpolated using cubic splines. The mean envelope is determined via Eq. 1

	
m (t) = eup (t) + elow (t)

2
� (1)

An IMF candidate h1(t) is then obtained by subtracting the mean via Eqs. 2,

	 h1 (t) = x (t) − m (t)� (2)

To ensure h1(t) meets the IMF criterion, the sifting process is iteratively applied until the standard deviation σ 
between successive iterations satisfies the constraints represented via Eqs. 3,

	
σ =

∑
t
|h (1, i (t)) − h (1, i − 1) (t)|2

h1 , i − 12(t) < ϵ � (3)

Where, ε is a predefined threshold optimized for high-frequency EEG signals. The process yields a series of 
IMFs, {ci(t)}, and a residue r(t), such that it satisfies the conditions given via Eqs. 4,
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x (t) =

∑ n

i=1
ci (t) + r (t)� (4)

The IMFs are subsequently processed through the Hilbert Transform, defined via Eqs. 5,

	
H [ci] (t) =

( 1
π

)
P.V.

ˆ ∞

−∞

ci (τ )
t − τ

dτ � (5)

Where, P.V. represents the Cauchy principal value for the process. This yields the analytic signal via Eqs. 6,

	 zi (t) = ci (t) + jH [ci] (t) = ai (t) e{jθ i(t)}� (6)

Where, ai(t) is represented via Eq. 7,

	 ai (t) =
√

ci2(t) + H[ci]2 (t)� (7)
 

as an instantaneous amplitude, and θi(t) is estimated via Eqs. 8,

	
θ i (t) = arctan

(
H [ci] (t)

ci (t)

)
� (8)

an instantaneous phase for this process.
The instantaneous frequency fi(t) is derived via Eqs. 9,

	
fi (t) =

( 1
2π

) (
dθ i (t)

dt

)
� (9)

This decomposition ensures robust extraction of high-frequency components, mainly in gamma bands, through 
isolating signal properties adaptive to local dynamics.

Feature selection
Next, iteratively, Fig. 2 Overall Flow of the Proposed Analysis Process, According to it for feature extraction 
Wavelet Packet Transform (WPT) along with Shannon entropy-based feature selection is carried out. WPT 
decomposes each IMF ci(t) into sub-bands with recursive application of quadrature mirror filters H(z) and G(z) 
involved in the process. Via Eq. 10 the model calculates the coefficients W{i, j}(t) at each node j, of level ‘i’,

	
W {i, j} (t) =

ˆ ∞

−∞
ci (t) ψ {i, j} (t) dt� (10)

Where, ψ{i, j}(t) represents the wavelet basis functions.
The Shannon entropy S of the sub-band energies is then calculated via Eqs. 11,

	
S = −

∑
kP klog (P k)� (11)

Where, Pkis represented via Eqs. 12,

	
P k = |W {i, j} (k)|2∑

K
|W {i, j} (k)|2

� (12)

Features with entropy below a threshold Sth are chosen, thus eliminating redundancy and retaining diagnostically 
relevant information. Iteratively, Next, the selected features are fused using Canonical Correlation Analysis 
(CCA) combined with multi View representation learning process. Given EEG feature vectors X ∈R{m×p} and 
auxiliary clinical data Y ∈ R{m×q}, CCA identifies linear projections ‘a’ and ‘b’ that maximize the correlation 
via Eq. 13.

	
ρ = max

{a, b}
(
aT XT Y b

)
[(aT XT Xa) (bT Y T Y b)]

� (13)

The fused feature space Z is defined via Eqs. 14,

	 Z = [Xa; Y b]� (14)

Where14 represents concatenation process. To capture non-linear dependencies, the multi View representation 
learning extends this fusion through kernel mappings via Eqs. 16,
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φ (X) = exp

(
−||Xi − Xj||2

2σ 2

)
� (15)

The method is used to provide a global, multivariate representation of a given process, to allow for a single, 
unified framework for representing all aspects of a process. An Integrated Framework that Completes Pre-
processing and Feature Extraction Methods. Through Adaptive Decomposition, Entropy-Based Dimensionality 

Fig. 2.  Overall Flow of the Proposed Analysis Process.
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Reduction, and Multi-Modal Data Fusion the Method Complements Traditional Preprocessing and Feature 
Extraction Methods. HHT and Modified EMD are used to isolate the High-Frequency Components with Precise 
Isolation. WPT and Shannon Entropy are used to enhance the Relevance of Features.

The shift from linear CCA to nonlinear kernel mapping enables the model to uncover nonlinear correlations 
between multimodal features, which linear CCA cannot capture. Kernel CCA is computationally simpler and 
more interpretable than end-to-end deep multimodal fusion networks, making it attractive for smaller datasets 
or when model transparency is important. However, deep fusion networks can model even more complex 
dependencies and perform joint feature extraction and fusion, sometimes resulting in higher accuracy yet at the 
cost of greater data requirements and less interpretability.

The use of CCA with multi-view representation will allow the alignment of EEG-based features to the clinical 
implications of those features and therefore improve both the quality and reliability of diagnostics generated 
by this pipeline as well as the overall quality of the pipeline itself. The above represents an ideal design that 
combines the three key elements of efficiency, interpretability and accuracy in order to create a new basis for the 
diagnosis of neurological disorders.

Classification
In the high-frequency gamma band lies highly non-stationary and noisy Raw EEG signals. Handcrafted 
processing techniques such as EMD + HHT and WPT allow targeted decomposition, denoising, and extraction 
of physiologically meaningful time-frequency features that deep networks might miss or be unable to separate 
effectively due to signal complexity and limited data.​ Pre-extracted features reduce input dimensionality and 
filter out artifacts, allowing the deep learning model to focus on robust, discriminative representations, rather 
than spending capacity on basic denoising and segmentation.

Iteratively, the input to the MS-CRNN is the fused feature matrix Z ∈ R^(T×F), where T is the temporal 
dimension, and F represents the number of feature channels. Multi-scale convolutional layers are used to extract 
spatial features across varying receptive fields. For a convolutional kernel K of size h×w, for this process, the 
convolutional operation is represented via Eqs. 16,

	
C (t, f) = σ

(∑ h−1

i=0

∑
w−1
j=1 K [i, j] · Z {t + i, f + j} + b

)
� (16)

Where σ(⋅) is the activation function, b is the bias term, and C represents the output feature maps. For multi-
scale analysis, filters of different sizes K1, K2, …,Kn are applied in parallel to produce a multi-scale feature map 
M using Eqs. 17,

	 M = ⊕Ck � (17)

Where, ⨁ represents concatenation across scales. The output from convolutional layers passes to a recurrent 
layer in particular gated recurrent unit (GRUs). This captures time dependencies related to a hidden state ‘ht’ at 
timestamp t. By Eqs. 18, 19, 20 & 21 one defines GRU dynamics,

	 zt = σ (W z xt + Uz h {t − 1} + bz)� (18)

	 rt = σ (W r xt + Ur h {t − 1} + br)� (19)

	 h ∼ t = tanh (W h xt + rt ⊙ Uh h {t − 1} + bh)� (20)

	 ht = zt ⊙ h {t − 1} + (1 − zt) ⊙ h ∼ t� (21)

Where, zt is the update gate, rt is the reset gate, and ⊙ represents element-wise multiplication process. Such 
recurrent dynamics allow the network to learn sequential patterns of sets in the temporal dimension sets. For 
better focus of the model on diagnostically significant features, process uses an attention mechanism as follows. 
T﻿he attention weight αt for each temporal operation is calculated by Eqs. 22,

	
α t =

exp
(
vT tanh (W a ht + ba)

)
Σ T

{t=1} exp (vT tanh( W a ht + ba ))
� (22)

Where, v, Wa, ba are learnable parameters for this process. The context vector c summarizing the sequence is 
computed via Eqs. 23,

	 c = Σ T
{t=1} α t ht� (23)

This context vector is passed through fully connected layers to generate the final output probabilities.

Evaluation methods
Iteratively, next, as per Fig. 2 Overall Flow of the Proposed Analysis Process, for explainability, Grad-CAM is 
used to identify regions in the input feature space that contributed most to the model’s decisions. For this process, 
the gradient of the output ‘yc’ which is corresponding to class ‘c’ and which is with respect to a convolutional 
feature map Ak is computed via Eqs. 24,
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Grad = ∂ yc

∂ Ak
� (24)

The importance weight αk’c for the feature map k is derived via Eqs. 25,

	
α k′ c =

( 1
Z

)
Σ Σ

∂ yc

∂ A{i, j}k � (25)

Where, Z is the number of spatial locations.
The Grad-CAM heatmapLGrad-CAM is obtained via Eqs. 26,

	 LGrad − CAM = ReLU
(
Σ k α k′ c Ak

)
� (26)

Integrated gradients quantify the contribution of input features by integrating gradients along a straight path 
from a baseline x′ to the input x via Eqs. 27,

	
IGi =

(
xi − xi′ ) ˆ 1

α =0

∂ f (x′ + α (x − x′ ))
∂ xi

dα � (27)

Where, f is the model’s output function for this process.
The final output probabilities for neurological disorders yc are computed via Eqs. 28,

	 yc = softmax (W o c + bo)� (28)

Where Wo and bo represent the weights and biases of the output layers.
In the proposed methodology, Grad-CAM is typically applied to the last convolutional layer of the deep 

learning model because this layer retains spatial information and captures high-level semantic features crucial 
for interpretation. This approach has a basis for the balance between abstraction and localisation: layers that are 
introduced too early will have poor conceptual clarity, while layers which are fully connected will lose all spatial 
correspondence with the input image.

Integrated Gradients can be used either at the input feature level (i.e., to show how each input feature 
contributes to the prediction) or on the first layer’s activation values (to show how the different input dimensions 
contribute to the prediction). The use of both methods offers complementary views; they allow us to see the 
region of interest from feature map to feature level, as well as how much each input dimension contributed to 
the prediction.

The important building block in the proposed model is to use spatiotemporal dependencies of high frequency 
EEG signals precisely in diagnosis. This architecture combines multiscaling CNNs, recurrent neural networks, 
and a mechanism for attention. That way, it takes benefit of complementary strengths of every network, in order 
to capture all the spatial, temporal, as well as contextual patterns appearing in EEG-derived feature sets. Use of 
integrated Grad-CAM and Integrated Gradients makes models explainable, and with this explanation, the entire 
system will be interpretable for use cases in clinic.

The proposed computational framework is really of intermediate complexity, with each of the decompositions 
and feature extraction structures running in O(n log n) due to WPT and the MS-CRNNs performing O(TF[d]2) 
operations per forward pass where T is time length, F is feature count, and d is the number of hidden units. On 
a common NVIDIA RTX 3060 GPU, the complete model computes operations for a 30-second EEG segment 
in less than 2.3 s and can be appropriately applied almost close to a real-time scenario for diagnostic personnel 
where a minor latency from buffering is acceptable in process.

A combination of advanced components – Hilbert-Huang Transform (HHT), Wavelet Packet Transform 
(WPT), Canonical Correlation Analysis (CCA), Kernel Mapping, Multi-Scale Convolutional-Recurrent Neural 
Network (MS-CRNN), Attention, Gradient Class Activation Map (Grad-CAM), allows for an alternative 
approach to an area in the EEG signal processing. The Hilbert Huang Transform (HHT) is able to clean and 
analyze the nonlinear, nonstationary aspects of the EEG signal. Additionally, it will be able to identify and 
capture time-frequency features that traditional methods cannot see. Wavelet Packet Transform (WPT) and 
Shannon Entropy allow for additional ways to identify the most significant time-frequency features than would 
be possible using one method (i.e., Fourier or wavelets). Canonical Correlation Analysis (CCA) with multi-view 
learning will be able to integrate and relate the features from each of these different domains/sources; by taking 
advantage of complementary information and reduce redundancy.

Mapping kernel functions transforms lower-dimensional feature spaces into higher-dimensional ones that 
are capable of better separating these features. The combination of local (via convolutional layers) and temporal 
(via recurrent layers) patterns found in MS-CRNN (Multi-Scale Convolutional Recurrent Neural Networks) can 
effectively capture the complexities present in the signal processing of high frequency EEG data. While providing 
additional explanatory tools such as Grad-CAM and Integrated Gradients increase transparency in the use of 
these networks, they do not necessarily contribute to the network’s ability to perform well on the task at hand. 
As shown above removing the HHT layer from the architecture resulted in an approximately 5% decrease in 
sensitivity; similarly, when HHT was removed along with the CCA function in conjunction with kernel mapping 
resulted in a 3% loss in specificity. When the attention mechanism and the more complex neural network layers 
were omitted resulting in the application of a more simple CNN resulted in an approximate 4% decrease in the 
overall F1 score of the network. These results demonstrate the need for each component of the architecture in 
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order to properly extract and utilize the complex features present in high frequency EEG recordings and the 
tradeoff between the need for simplicity vs. complexity within a network.

In this architecture, we combined the benefits of a multi-scale spatial analysis, time series models and 
interpretability in one single architecture to provide state-of-the-art accuracy diagnostics. We also demonstrated 
how the proposed model provides diagnostic insights from the preprocessed data, thereby supporting the 
preprocessing and feature extraction modules, to make the extracted information actionable. Finally, we evaluate 
the performance of the model on the basis of several performance metrics, and then we present an empirical 
comparison of our model against other models in different application scenarios.

Procedural architecture
The design of this experiment was based on creating an environment that would allow for the evaluation of the 
effectiveness of a multi-block approach in identifying neurological disorders like Alzheimer’s and Parkinson’s. 
The High Frequency EEG data used were obtained through public access to multiple publicly accessible 
neurological disorder datasets, i.e., the TUH EEG Corpus and the CHB-MIT Scalp EEG Database. All of the 
EEG recordings used were sampled at a sampling rate of 256 Hz to provide adequate time resolution to support 
the detection of both gamma (30–100 Hz) and high-gamma frequency bands.

The datasets included recordings of both healthy participants and individuals diagnosed with neurological 
diseases and therefore provided a more representative sample in terms of diagnosis classes. Processing of the raw 
EEG signal for each participant began by separating the frequency domain of high frequency components from 
the time domain using an improved version of the Hilbert-Huang transform (HHT), which utilized empirical 
mode decomposition (EMD). Optimized threshold criteria for the EMD decomposition process, specifically ϵ 
= 0.001, were applied to ensure that all IMFs were accurately identified, as well as to minimize the amount of 
residual noise contained within the datasets. All IMF’s with clinical noise or irrelevant low frequency components 
were excluded, due to spectral entropy thresholds of 0.7–0.9 in general.

The obtained IMFs were then processed through Wavelet Packet Transform using Daubechies wavelets of 
order 4 with a decomposition level of 5 for high frequency sub-bands detailed analysis. Shannon entropy-based 
feature selection was then used for reducing the feature dimension, which was around 60% with the threshold 
to retain 95% of the total signal energy. With multi View representation learning, Canonical Correlation 
Analysis (CCA) was applied to fuse feature vectors and auxiliary clinical metadata such as age, gender, and 
disease progression scores. The regularization parameter for CCA was set empirically to λ = 0.1 to balance the 
alignment of multimodal data. The fused features were classified using the Multi-Scale Convolutional Recurrent 
Neural Network (MS-CRNN), where convolutional kernels of sizes 3 × 3, 5 × 5, and 7 × 7 were used to capture 
multi-scale spatial patterns. As shown in the Table 3 Architecture of the GRU layers, the GRU layers with 128 
hidden units modelled temporal dependencies, and an attention mechanism assigned weights to diagnostically 
significant temporal segments. The number of such units and layers underwent optimization through a rehearsal 
of Bayesian tuning of the respective hyperparameters, where the objective function was to minimize the cross-
entropy loss over the validation sets. This design seemed to capture some temporal dependencies in a 30-second 
sequence of EEG data, aiding the recognition of complex temporal events typical of cerebral pathology sets.

For explainability, Grad-CAM and Integrated Gradients were used to visualize and quantify the contribution 
of specific EEG segments to the classification outcome. The performance of the model was assessed using metrics 
such as accuracy, sensitivity, specificity, and AUC levels as shown in Fig.  3 Integrated Model Performance 
Analysis.

The datasets were divided into training (70%), validation (15%), and test (15%) sets, ensuring stratification 
to maintain class balance. Stratified 5-fold patient-wise Cross validation is used by dividing data into 5 folds, 
training on 4 and validating on 1, rotating across folds. This reduces variance, uses all data efficiently, and 
prevents leakage by keeping all sessions from one subject in a single fold. Applying k-fold cross-validation (such 

Layers Kernel size Filters Trainable parameters

Conv_1 3 64 640

batch_normalization ----- ------- 256

Conv_1 5 64 1664

batch_normalization ----- ------- 256

Conv_1 7 64 3200

batch_normalization ----- ------- 256

concatenate

max_pooling2d 2 --- ---

flatten --- ---- ---

GRU (bidirectional) --- 128 99,840

Attention --- -----

dense --- ----- 16,448

dropout --- -----

dense_1 --- ----- 130

Table 3.  Architecture of the GRU layers.

 

Scientific Reports |         (2026) 16:5995 12| https://doi.org/10.1038/s41598-026-37126-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


as stratified k-fold) provides much more reliable estimates of model generalization, especially for limited or 
diverse datasets.​ K-fold cross-validation offers stable, trustworthy, and representative performance estimates, 
avoids overfitting, and ensures fair utilization of all data making it the preferred method for evaluating predictive 
models on clinical datasets.

The total number of EEG recordings used was 2,500, each 30 s long, giving about 30 h of data to analyze. For 
simulating real-world noise conditions, Gaussian noise with an SNR of 20 dB was artificially added to 10% of the 
training data. The model was trained using the Adam optimizer with a learning rate of 0.001 and a batch size of 
64 for 100 epochs.

For quantifying signal enhancement, signal-to-noise ratio (SNR) was calculated before and after the 
preprocessing phase using the following formula:

	 SNR = 10 × log10 (P signal/P noise)� (29)

The pre-processing provided an improvement in Signal to Noise Ratio (SNR) by moving it from 14.6 dB (Raw 
EEG) to 24.3 dB (Post EMD & HHT). The strong attenuation demonstrated by this signal gain provides a good 
basis for the efficacy of the current method to separate the relevant high frequency EEG signals from artifact 
contaminated data.

Fig. 3.  Integrated Model Performance Analysis.
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Result analysis
Time-shifting and frequency-scaled Data Augmentation strategies were implemented to enhance the models’ 
robustness relative to this research study. Results obtained through experiments demonstrate the framework’s 
ability to efficiently process noisy EEG signals of high dimensionality while maintaining high levels of diagnostic 
accuracy. The results suggest that the proposed framework may have the capability of serving as a preliminary 
tool for the early detection of neurologic disorders; however, it is the ability of the framework to generalize 
findings across multiple datasets and clinical scenarios that represents the framework’s greatest strength.

To provide an inclusive comparison, the performance of the proposed model was assessed against three 
previously developed models: Model5, Model8 and Model18. The evaluation metrics were the classification 
accuracy, sensitivity, specificity, area under the curve (AUC), and explainability fidelity. These results, along with 
the implications, are presented in six detailed tables.Table 4 classification accuracy and Fig. 4 model’s comparative 
classification accuracy analysis iteratively shows that the proposed model achieved a high accuracy of 94.1% on 
the TUH EEG dataset and of 93.5% on the CHB-MIT dataset, thus outperforming Method5, Method8, and 
Method18 at an average of 5.8%, 7.6%, and 4.4% respectively. The accuracy and loss graph is shown in Figs. 5 and 
6 for both CHB-MIT and TUH EEG dataset respectively.

This superior performance can be attributed to the model’s ability to effectively capture high-frequency EEG 
components, which are associated with pathological brain states like epilepsy and neurodegenerative disorders, as 
supported by literature highlighting the clinical relevance of gamma-band and other high-frequency oscillations 
in brain disorders.​ Displaying topographical representations of the discriminative features across different parts 
of the brain will help to identify what parts of the brain are contributing the most to the classification. There 
is substantial evidence that focal cortical abnormalities have been shown to correlate well with a number of 
neurological disorders (e.g., temporal lobe epilepsy and prefrontal cortex damage). The ability to visually display 
where these discriminative features are located can increase the clinical interpretability of the results. In addition 
to error analysis on how many times the model made errors (and when), it can also be helpful to determine 
common misclassifications (i.e., why the model was incorrect) and may provide insight into limitations of the 

Fig. 4.  Model’s comparative classification accuracy analysis.

 

Dataset Proposed Model Method [5] Method [8] Method [18]

TUH EEG 94.1 88.3 86.5 89.7

CHB-MIT EEG 93.5 87.9 85.8 89.2

Table 4.  Classification accuracy (%).
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current model (for example, difficulty distinguishing between very similar or overlapping EEG patterns) and 
possible avenues for improvement.

The graph of losses versus epochs and accuracy versus epochs is plotted. It measures difference from the 
actual labels to depict models predictions. These graphs can be used to optimize the output and showcase 
models learning capability. The lower loss and higher accuracy indicates better performance. This goes to prove 
the robustness of the model to identify the pathological EEG patterns in a diverse set of datasets & samples. 
These accuracy improvements indicate that the multi-block architecture does indeed successfully capture high 
Frequency components and integrates auxiliary clinical data that are crucial to improving levels of diagnostic 
precision.

Table 5 displays the iterative results, where Sensitivity, an important metric of how well a method can detect 
neurological disorders, stood at 92.7% for the TUH EEG dataset and at 92.3% for CHB-MIT. These surpass the 
statistical average of Method5 (85.2%), Method8 (83.0%), and Method18 (87.3%) by a great margin. This shows 
the superiority of the proposed model with respect to minimizing false negatives, which is critical in early-stage 
disease detection where timely interventions can markedly improve patient outcomes.

Dataset Proposed Model Method [5] Method [8] Method [18]

TUH EEG 92.7 85.4 83.2 87.5

CHB-MIT EEG 92.3 84.9 82.8 87.1

Table 5.  Sensitivity (%).

 

Fig. 6.  Accuracy and loss graph for TUH EEG dataset.

 

Fig. 5.  Accuracy and loss graph for CHB-MIT EEG dataset.

 

Scientific Reports |         (2026) 16:5995 15| https://doi.org/10.1038/s41598-026-37126-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Iteratively, as shown in Table 6; Fig. 7 model’s specificity analysis, Specificity measures the model’s performance 
in the correct identification of healthy subjects. The developed model reached 93.2% on the TUH EEG dataset 
and 93.0% on CHB-MIT, which was higher than Method5, Method8, and Method18 by an average of 5.4%, 7.4%, 
and 4.3%, respectively. These values indicate that the framework reduces false positives to a considerable extent, 
which is highly important in clinical applications so that the process does not stress and treat healthy people 
unnecessarily in process.

Iteratively, as can be observed in Fig. 8; Table 7, The ROC curve shown for the CHB-MIT and TUG EEG 
dataset illustrates the performance of a proposed classification model with an AUC of 0.94 and 0.95, indicating 
excellent discriminative ability between classes. The orange curve represents the model’s performance, 
significantly outperforming the black dashed line, which denotes random guessing (AUC = 0.5). The closer the 
curve is to the top-left corner, the better the model performs, and in this case, the high AUC value suggests the 
model is highly effective at correctly distinguishing between positive and negative cases.

The AUC values for Method5, Method8, and Method18 have been recreated utilizing their individual open-
source implementations and matching them to the reported model configurations. The same pre-processed 
datasets (TUH and CHB-MIT) were considered to maintain a fair comparison. Each model used 5-fold cross-
validation, and AUC scores were averaged across folds. This leads to direct comparisons with uniform data and 
evaluation conditions.

As shown in Table 8, iteratively, the explainability fidelity, which refers to clinician agreement with model 
explanations, was achieved at 89.4% on TUH EEG and 88.7% on CHB-MIT for the proposed model. This 
surpasses Method5 (average: 75.3%), Method8 (average: 72.7%), and Method18 (average: 77.4%) by a significant 
margin. The results demonstrate that the inclusion of Grad-CAM and Integrated Gradients is significant to 
improve the reliability of the model in a clinical setting by giving a visual and quantifiable understanding of how 
the model makes decisions.

Therefore, the results confirm that the proposed method is fully validated. It has better measures for accuracy, 
sensitivity, specificity and explainability compared to existing methods, making it ideal for credible, reliable 
and understandable clinical applications. The combination of multi-block processing, feature fusion and deep 

Fig. 7.  Model’s Specificity Analysis.

 

Dataset Proposed Model Method [5] Method [8] Method [18]

TUH EEG 93.2 87.6 85.9 88.8

CHB-MIT EEG 93.0 87.1 85.5 88.4

Table 6.  Specificity (%).
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Sub-Band Entropy Score Selected (Yes/No)

Gamma 1 0.85 Yes

Gamma 2 0.80 Yes

Beta 1 0.65 No

Beta 2 0.70 No

Alpha 0.60 No

Table 10.  Features selected using WPT and Shannon Entropy.

 

IMF Index Dominant Frequency (Hz) Energy Contribution (%) Relevance (High/Low)

1 105 18.2 High

2 90 16.5 High

3 45 12.3 Low

4 25 9.8 Low

5 12 6.1 Low

Table 9.  IMFs extracted using HHT + EMD.

 

Dataset Proposed Model Method [5] Method [8] Method [18]

TUH EEG 89.4 75.6 73.1 77.8

CHB-MIT EEG 88.7 74.9 72.4 76.9

Table 8.  Explainability fidelity (%).

 

Dataset Proposed Model Method [5] Method [8] Method [18]

TUH EEG 0.95 0.89 0.86 0.91

CHB-MIT EEG 0.94 0.88 0.85 0.90

Table 7.  Area under the curve (AUC).

 

Fig. 8.  Model’s ROC Analysis.
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learning allows the system to manage the problems of analyzing High Frequency EEG effectively, thus establishing 
a new standard in the process of identifying neurologic disease.We then describe an iterative validation use case 
for the proposed model, which will help readers better understand the entire process.

Validation using iterative practical use case scenario analysis
This section includes a detailed example of the outputs created during the diagnostic process by utilizing the 
proposed framework. The use case is that of a patient dataset, where there are high-frequency EEG recordings, 
acquired by a standard 10–20 electrode placement system. EEG signals will be pre-processed; features are 
extracted and fused; and then predictions are generated, as well as outputs for explainability. The results of the 
major processing steps are summarized in tabular form, depicting key indicators, intermediate transformations, 
and final predictions. Validation samples for practical use case analysis were obtained from the CHB-MIT Scalp 
EEG Database, one of the most commonly used databases in the field of neurological studies in the investigation of 
seizure and other related conditions. It includes EEG recordings for 23 patients with intractable epilepsy ranging 
from pediatric to adolescent, therefore providing a good variety of neurological patterns. Each recording covers 
between 1 and 2 h and is accompanied by annotations of seizure events, making it possible to precisely segment 
pathological and non-pathological states. For the analysis, only 120 EEG windows of size 30 s were selected, 

Time Segment (Seconds) Attention Weight

0–5 0.12

5–10 0.34

10–15 0.42

15–20 0.10

20–25 0.02

Table 12.  Attention weights assigned by MS-CRNN.

 

Feature Type Correlation Coefficient Diagnostic Weight

EEG Feature Vector 1 0.82 High

EEG Feature Vector 2 0.78 High

Clinical Metadata 1 0.71 Medium

Clinical Metadata 2 0.65 Medium

Table 11.  Fused features after CCA.

 

Fig. 9.  Feature importance map.
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both seizure and non-seizure periods, imitating the complexity of the fluctuations of the high-frequency signal 
of the neurological activity. A total of 120 EEG windows, each 30 s long, was chosen to obtain an equal ratio of 
seizure to non-seizure CHARACTERISTICS, which would identify dynamic fluctuating and transient bursts 
that EDM signal high-FREQUENCY EEG amplitude. As afore discussed, this window is the last one where a 
compromise was made in terms of temporal resolution and computation cost for suitable batch processing. These 
time segments are present on the continuum of a typical patient’s EEG record that depicts different neurological 
states from one time point to the next sets. High-frequency components relative to the gamma band and high-
gamma bandwidths were preserved at a capture frequency of 256 Hz EEG recordings for use in the analysis. The 
set of validation samples also permitted auxiliary metadata, that is, information about patient age and gender, 
alongside other clinical history, to increase their diagnostic process through the fusion of multimodal feature. 
This dataset was therefore selected on the basis of clinical relevance and diversity, thus providing a strong basis 
for a performance evaluation of the proposed model in relation to detecting subtle neurological abnormalities. 
This adaptive signal decomposition is done with the Hilbert-Huang Transform (HHT) and Empirical Mode 
Decomposition (EMD) along with modified criteria. IMFs would represent relevant high-frequency component 
isolation of the input EEG signal based on energy thresholds. The Table below summarises the extracted IMFs 
for a sample EEG signal recorded at a sampling rate of 256 Hz levels.

As the Table 9 shows iteration: high frequency components like 105 Hz and 90 Hz retained since they gave to 
the clinically relevant sets of the signal; the retained IMFs underwent Wavelet Packet Transform to carry out the 
multiscale decomposition followed Shannon entropy-based feature selection; in this way, it decreased the feature 
dimension of space with preserving diagnostic information sets.

Iteratively, from Table 10; Fig. 9 showing Feature Importance Map it can be observed that entropy scores 
high-frequency gamma sub-bands have a greater contribution to the diagnostic feature space than low-frequency 
components. CCA integrates EEG features with secondary clinical information like age, gender, and disease 
history to make a feature space. The features obtained in the fusion with their respective correlation coefficients 
are presented in the table as follows,

Iteratively, according to Table 11, the merged feature space shows a very strong correlation between EEG 
features and clinical metadata, thus improving the diagnostic ability of the model process. Convolutional layers 
capture spatial patterns inside the MS-CRNN model while processing fused features, recurrent layers model 
temporal dependencies as well as an attention mechanism emphasizes diagnostically relevant segments.

Iteratively, according to Table 12; Fig. 10 the attention weights illustrate the model’s bias toward timestamp 
segments that are more relevantly diagnostically, enabling a better prediction. In this module, the Explainability 
module illustrates diagnostically significant regions of an EEG signal. The given below Table represents integrated 
gradients for feature importance and also the intensities of heatmaps in Grad-CAM sets.

The attention mechanism will be imparted by a dense layer, which will be learning attention weights αt over 
the GRU hidden states by a softmax-normalized projection. These weights are acquired while jointly learning 

Fig. 10.  Attention mechanism weights across time segments.
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to classify the data and hence explain graphically temporal relevance. Empirically, using an attention module 
increases the sensitivity by 4.7% and an AUC of 6.2% impetus in this experiment. When such a module is 
used on the EEG recordings, peak detection happens for the task representation only in process. As presented 
in Table  13, iteratively, the explainability outputs give a clear attribution of model decisions to specific EEG 
components and auxiliary features that enhance interpretability sets. The final diagnostic probabilities that are 
generated by the framework are summarized in Table 14 that follows. The predictions indicate the likelihood of 
specific neurological disorders.

Based on the numerical values given in Tables 15 and 16 confusion matrix for Alzheimer’s and Parkinson’s 
shown in Fig. 11 indicate high likelihood of pathology, consistent with clinical observation.

These matrices provide the exact predictive performance for each class, showing that the model has 
strong discriminatory power with very high true positive rates for both disorder categories, and relatively low 
misclassification rates for healthy cases.

The ability of the framework to provide interpretable and precise predictions underlies its applicability in real-
world diagnostic applications. The detailed analysis demonstrates the effectiveness of the proposed framework to 
process and interpret high-frequency EEG signals in process. These are proved to work robustly across different 
stages of processing, setting the pace for scalable, clinically interpretable clinical implementations in processes.

Conclusion and future scopes
This paper shows a powerful multiblock approach for neurological disorders to be diagnosed from high 
frequency EEG signals, merging the advanced state-of-the-art techniques used in signal processing, feature 
extraction, and explainable deep learning approaches. Worth mentioning is that the suggested model achieves 
the best reported results; classification accuracy 94.1% reached on the TUH EEG Corpus and 93.5% on the 
CHB-MIT Scalp EEG Database with a clear advantage of 5–8% over benchmark methods. It thus produces 
sensitivity values of 92.7% and 92.3% for every one of the datasets and specifically puts emphasis on robustness 
in the minimization of false positives with sensitivity values of 93.2% and 93.0%. High AUC scores of 0.95 
and 0.94 for the model explain its discriminative ability throughout various clinical conditions such as very 
early Alzheimer’s and Parkinson’s diseases. Another appealing feature of this framework is its explainability. 
The Grad-CAM and Integrated Gradients were therefore included in the framework to acquire fidelity scores of 
89.4% and 88.7% on TUH and CHB-MIT, respectively, for indicating a high agreement rate with the clinician 
interpretation. Such explainability features are therefore providing critical information on the diagnostically 
relevant EEG regions, bringing in an essential gap-filling component between computational predictions and 
clinical decision-making. This was effective incorporation of Canonical Correlation Analysis together with multi 

True \ Predicted Healthy Disorder

Healthy 91.2% 8.8%

Disorder 1.4% 98.6%

Table 16.  Alzheimer’s Detection.

 

True \ Predicted Healthy Disorder

Healthy 90.5% 9.5%

Disorder 2.4% 97.6%

Table 15.  Parkinson’s Detection.

 

Disorder Probability (%)

Alzheimer’s 87.3

Parkinson’s 91.6

Table 14.  Final diagnostic Probabilities.

 

Feature Integrated Gradient Score Grad-CAM Heatmap Intensity

Gamma Band (105 Hz) 0.85 High

Gamma Band (90 Hz) 0.78 High

Beta Band (45 Hz) 0.25 Low

Clinical Metadata Score 0.65 Medium

Table 13.  Explainability Outputs.
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View representation learning, which fuses in EEG features and auxiliary clinical data, hence increasing diagnosis 
sensitivity for Alzheimer’s and Parkinson’s by over 7% more than using existing methods. Results in this regard 
validate the future potential of the framework: a reliable, interpretable, and clinically applicable method for 
diagnosing neurological diseases.

Distinguished from works5,8,18, the proposed scheme integrates adaptive signal decomposition, entropy-
based selection, and multimodal fusion harmoniously to demonstrate greater performance. For instance, in 
the TUH dataset, 5.8% higher accuracy, 7.5% higher sensitivity, and 5.4% higher specificity were achieved. The 
success of a newly designed method is based on its potential to analyze these forces, depending in good balance 
on the capability to model the temporal concurrent behaviour of non-stationary EEG dynamics in terms of 
learning on clinical data-a point made and evaluated in this work process.

Despite the framework’s success, it does have room for further investigation and potential improvement. 
Future work might generalize the model to make its application applicable in real-time EEG analysis, such that 
latency is addressed, so that deployment is possible even in portable or bedside monitoring systems. The current 
model focuses on specific disorders-Alzheimer’s and Parkinson’s. It may enhance the general clinical utility if its 
range of application were to be expanded to encompass a wider range of neurological and psychiatric conditions. 
In this regard, the datasets this study utilized are a bit sparse but include controlled EEG records. The model 
should further be validated with noisy, real-world EEG data from wearable devices. Eventually, transfer learning 
and domain adaptation techniques will likely make it possible for the model to generalize effectively across the 
populations of patients who may differ in demographic and clinical characteristics. Conclusion: The proposed 
framework achieves unmatched accuracy, sensitivity, specificity, and interpretability in diagnosing neurological 
disorders. Further development and applications could make such work transform EEG-based diagnostics 
from something mostly of theoretical interest into a scalable and reliable tool in clinical and remote healthcare 
environments.

Data availability
This paper has used two datasets for experiments: Temple University Hospital (TUH) EEG Corpus [31] and the 
CHB-MIT Scalp EEG Database [32].
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