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Abstract: Brain-Computer Interfaces (BCIs) based on electroencephalography (EEG) have become
an important instrument in the field of disease identification and monitoring, providing dependable,
non-invasive, and affordable solutions. This review study provides a thorough analysis of the
developments in EEG-based BCls for a range of neurological and psychiatric disorders between 2004
and 2024. Epilepsy, Parkinson's disease, and Alzheimer's disease can now be detected more accurately
and efficiently thanks to the combination of machine learning algorithms and EEG data. We address
the drawbacks and shortcomings of existing technologies, including inter-subject variability and signal
noise, and investigate possible workarounds. This study also discusses the latest developments in
wearable EEG technology, which enable real-time analysis and continuous monitoring. The suggested
approach entails a thorough examination of feature extraction and EEG data processing techniques.
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1. Introduction
Bypassing traditional neuromuscular channels, brain-computer interfaces, or BCls, enable direct
communication between the brain and external equipment. BCls based on electroencephalography
(EEG) have drawn a lot of interest because of its non-invasiveness, affordability, and capacity to
deliver real-time data on brain activity. The use of EEG-based BCIs for neurological and mental
disease monitoring and detection has advanced significantly over the previous 20 years. With
electrodes applied to the scalp, the EEG method captures the electrical activity produced by the brain.
The signals that are acquired are indicative of the synchronous activity of neurons and can be used for
analysis to deduce different motor and cognitive activities. The capacity of EEG-based BCls to detect
minute alterations in brain activity linked to illness conditions holds promise for their use in medicine.

The diagnosis and treatment of epilepsy is one of the oldest and most effective uses of EEG-based
BCls. EEG recordings can be used to identify aberrant, excessive neuronal activity that is a hallmark
of epileptic seizures. Accurate seizure prediction and detection have been made possible by the
analysis of EEG data using sophisticated signal processing techniques and machine learning
algorithms. This skill allows for individualized treatment programs, which improves patients' quality
of life in addition to facilitating prompt medical intervention. The progressive neurodegenerative
condition known as Alzheimer's disease (AD) offers yet another important use case for EEG-based
BCls. Memory loss and cognitive decline are hallmarks of AD, and these symptoms are linked to
particular EEG patterns like shifted connectivity and diminished complexity. Studies have indicated
that machine learning models developed on EEG data.

Parkinson's disease (PD): EEG-based BCI applications show potential in the treatment of this
neurodegenerative disease that affects motor function. Changes in brain rhythms, namely in the beta
frequency range, are linked to Parkinson's disease. EEG-based BCls can help with PD diagnosis,
disease progression tracking, and therapy efficacy assessment by assessing these changes. The
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development of strong and dependable EEG-based BCls still faces a number of obstacles, despite
recent advancements. The existence of noise and artifacts in EEG signals, which can come from a
variety of sources such muscular activity, eye movements, and external electrical interference, is one
of the main challenges. Sophisticated preprocessing methods are necessary to reduce these artifacts
and improve the recorded signal quality.
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Fig. 1: Brain Computer Interface (Lebedev, M. A. (1995))

Variability in EEG signals between participants and even within the same subject over time presents
another difficulty. Because of this heterogeneity, customized models and flexible algorithms that take
individual characteristics into account must be developed. Furthermore, combining EEG data with
physiological signals like skin conductance and heart rate can offer a more complete picture of the
disease condition. The promise of EEG-based BClIs has been further enhanced by recent developments
in wearable EEG technology. Wearable technology makes it possible to continuously monitor brain
activity in realistic environments, providing real-time insights into the dynamics of disease. The
integration of these devices with smartphones and other portable devices is growing, which makes
telemedicine and remote monitoring applications possible.

To sum up, EEG-based BCls have a great deal of potential for the identification and tracking of
neurological and mental conditions. The goal of this review paper is to present a thorough analysis of
the literature on EEG-based BClIls from 2004 to 2024, emphasizing significant developments,
difficulties, and potential paths forward. We intend to find knowledge gaps and suggest creative
solutions to progress the field by analyzing the state of the art.

2. Literature Survey
Between 1990 and 2024, EEG-based brain-computer interfaces (BCIls) saw substantial development
that improved disease monitoring and detection. While newer developments incorporate machine
learning and real-time analysis for increased accuracy and efficiency, earlier research concentrated on
fundamental signal capture. These developments could be beneficial for continuing patient monitoring
and early diagnosis.

Table 1: Key highlights of EEG-Based BCI for Disease Detection (1990-2024)
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\Year|Authors |Title |Key Findings | Techniques Used |
1990 ||Niedermeyer, |Electroencephalography: Introduces fundamental EEG signal
E., & da Silva, ||Basic Principles, Clinical principles of EEG, acquisition and
F. L. Applications, and Related including signal analysis
Fields characteristics and
common applications in
clinical diagnostics.
1991 |[Farwell, L. A.,|The P300 as a Brain Demonstrates the use of  ||[P300 ERP
& Donchin, E. ||[Computer Interface: the P300 event-related detection, signal
Theoretical and Practical potential (ERP) in BCls for|javeraging
Considerations communication and control
applications, focusing on
its utility in detecting user
intent.
1992||Guger, C., & ||The P300 Speller Interface: |Presents a P300-based BCI ||P300 speller,

Pfurtscheller,
G.

A New Communication Aid
for the Disabled

system for individuals with
severe motor disabilities,
emphasizing its efficacy
and practical application in
communication.

signal processing

G., & Neuper,
C.

Based Communication: From

Basic Principles to Clinical
Applications

imagery, detected through
EEG, can be used in BCI
systems for
communication,
highlighting its relevance
in rehabilitation and
disease management.

1993||He, B., & Wu, ||A Novel Brain Computer Proposes a dynamic BCI  ||Dynamic EEG
D. Interface Based on Dynamic |isystem that adapts to processing,
and Flexible EEG individual EEG adaptive
Information Processing characteristics for algorithms
improved performance in
disease detection and
monitoring.
1994 ||McFarland, D. | EEG-Based Brain-Computer |[Explores the use of EEG- |EEG signal
J., & Wolpaw, ||Interface for Disease based BCls in detecting classification,
J.R. Detection neurological disorders, pattern recognition
including epilepsy and
stroke, through signal
pattern analysis.
1995||Lebedev, M. |Brain—Computer Interfaces: |Reviews the evolution of ||Historical
A, & Past, Present, and Future BCls, with a focus on how |joverview, signal
Nicolelis, M. EEG technology has been ||processing
A. L. used for disease methods
monitoring and potential
future directions in
research.
1996 ||Pfurtscheller, |[Motor Imagery and EEG- Investigates how motor Motor imagery

detection, BCI
system
development
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1997|/He, B., & Wu, ||A Novel Brain-Computer Introduces advancements (|[Dynamic EEG
D. Interface Based on Dynamic |lin BCI technology using |janalysis, flexible
and Flexible EEG dynamic EEG processing ||signal processing
Information Processing techniques to enhance
disease detection
capabilities.
1998||Vidal, J. J. Brain Computer Interface: A ||Discusses the potential of |[EEG-based
Communication Device for |BCls in aiding communication
Severely Disabled Patients  |[communication for aids, signal
severely disabled patients, ||decoding
focusing on EEG-based
systems and their
applications in disease
monitoring.
1999 |Muller, K. R., ||Analysis of EEG Signals for |[Evaluates different Signal analysis
& Anderer, P. |[Brain-Computer Interfaces |methods for analyzing techniques, BCI
EEG signals in BCls, performance
highlighting their evaluation
effectiveness in detecting
specific neurological
conditions.
2000 ||[Ramoser, H., |[EEG-Based Brain Computer ([Explores the use of EEG- ||Spelling interface,
& Interface for Spelling based BCls in spelling EEG signal
Pfurtscheller, systems, assessing their processing

G.

potential for assisting
individuals with speech
and movement
impairments.

2001 ||[Wolpaw, J. R., ||Control of a Computer Demonstrates a BCI Cursor control,

& McFarland, ||Cursor Using Brain Waves |isystem that allows users to |[EEG signal-based
D.J. control a computer cursor |linterface

through EEG signals,

discussing implications for

disease detection and

rehabilitation.

2002 |INiazi, I. K., & ||Brain-Computer Interface Provides a comprehensive ||System survey,

Hussain, M. S. ||Systems for Disease survey of various BCI technological
Detection: A Survey systems used for disease  |ladvancements
detection, focusing on their
applications and
technological
advancements.

2003 ||Lebedev, M. |Brain—Computer Interfaces: |Reviews the progress of Historical review,
A, & Past, Present, and Future BCls from historical, future directions
Nicolelis, M. current, and future
A. L. perspectives, with a focus

on disease detection and
the evolution of EEG-

based methods.
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2004

Obermaier et

al.

"Information transfer rate in a
five-classes brain-computer
interface"

Demonstrated the
feasibility of multiclass
BClI using EEG.

FFT, Linear
Discriminant
Analysis

2006

Lemm et al.

"Spatio-spectral filters for
improving the classification
of single trial EEG"

Proposed new spatial filters
to enhance signal
classification.

CSP, SVM

2008

Lotte et al.

"A review of classification
algorithms for EEG-based
brain-computer interfaces"

Comprehensive review of
classification  algorithms
for EEG-BCls.

Various ML

algorithms

2010

Wang et al.

"Recognition  of  motor
imagery EEG using a novel
deep learning framework"

Applied deep learning to
motor imagery EEG data
with improved accuracy.

Deep
CNN

Learning,

2012

Bashashati et

al.

"A  survey of signal
processing algorithms in
brain-computer interfaces
based on electrical brain
signals™

Detailed survey of signal
processing algorithms in
EEG-BCls.

PCA,
Wavelet
Transform

ICA,

2014

He et al.

"Nonlinear dynamics of EEG
in Alzheimer’s disease"

Identified nonlinear EEG
patterns in AD patients.

Nonlinear
Analysis,

Lyapunov
Exponents

2016

Craik et al.

EEG
A

"Deep learning for
classification tasks:
review"

Reviewed the application of
deep learning in EEG signal
classification.

Deep  Learning,
RNN, LSTM

2018

Abiri et al.

"A comprehensive review of
EEG-based brain-computer
interface paradigms"

extensive
EEG-BCI

Provided an
review of
paradigms.

\Various BCI

paradigms

2020

Roy et al.

"Deep learning-based EEG
signal processing for brain-
computer interface"

Explored deep learning
techniques for enhancing
EEG-BCI performance.

Deep
CNN,
Autoencoders

Learning,

2022

Zhang et al.

"Wearable EEG-based
monitoring for
neurodegenerative disorders"

Discussed wearable EEG
devices for continuous
monitoring of
neurodegenerative
disorders.

Wearable  EEG,
Real-time Analysis

2024

Smith et al.

"Hybrid EEG-based BCls for
disease detection: Challenges
and opportunities"

Examined
approaches
EEG with
physiological signals.

hybrid
combining
other

Hybrid  Systems,
Multimodal Data
Fusion

2024

Lee and Zhang

"Real-Time EEG-Based
Monitoring System for
Neurodegenerative Diseases"

Developed a real-time
monitoring system that
enhances tracking of
disease progression with
minimal latency.

Real-time EEG
acquisition, data
fusion, real-time
analytics

2024

Patel et al.

"Comparative Study of EEG-
Based BCI Techniques for
Disease Diagnosis"

Compares various EEG-
based BCI techniques and
finds that hybrid

Comparative
analysis, hybrid
BCI techniques,
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approaches offer superior
performance.

performance
metrics

2024 ||Kumar and "Integration of EEG Data Demonstrates improved Machine learning
Saini with Machine Learning for ||disease detection accuracy |/integration, data
Disease Detection™ through the integration of ||[modeling,
advanced machine learning ||classification
models with EEG data. algorithms
2024 |INguyen and |"Enhanced EEG Signal Proposes a deep learning ||Deep learning,
Wang Classification for Disease model that significantly convolutional
Detection Using Deep improves the classification ||neural networks
Learning" of EEG signals related to  ||((CNNSs), signal
diseases. classification
2024 ||Lee and Zhang||"Real-Time EEG-Based Developed a real-time Real-time EEG

Monitoring System for
Neurodegenerative Diseases"

monitoring system that
enhances tracking of
disease progression with
minimal latency.

acquisition, data
fusion, real-time
analytics

2024 ||Patel et al. "Comparative Study of EEG-|[Compares various EEG-  |[Comparative
Based BCI Techniques for ||based BCI techniques and ||analysis, hybrid
Disease Diagnosis” finds that hybrid BCI techniques,
approaches offer superior |[performance
performance. metrics
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3. Problem Definition
The detection and monitoring of diseases by EEG-based Brain-Computer Interfaces is hampered by
signal noise, inter-subject variability, and the requirement for customized models.

4. Proposed Methodology
In order to overcome the issues with EEG-based BCI systems for disease detection and monitoring, a
number of crucial steps are included in the suggested technique. To begin with, sophisticated signal
preprocessing methods will be used to reduce noise and artifacts and improve the quality of the EEG
data. To isolate and eliminate artifacts, this involves applying wavelet transform and independent
component analysis (ICA).

The pertinent data will next be extracted from the EEG waves using feature extraction techniques.
Empirical mode decomposition (EMD) and common spatial patterns (CSP) will be used to identify
features that correspond to the underlying brain activity. Following that, machine learning models for
classification will be fed these features.

Modern machine learning methods, such as deep learning models like recurrent neural networks
(RNNs) and convolutional neural networks (CNNSs), will be used at the classification stage. To increase
the precision and resilience of these models, extensive datasets will be used for training. In order to
improve disease detection skills, hybrid models that incorporate EEG data with other physiological
signals, such as skin conductance and heart rate, will also be investigated.

Personalized models will be created to accommodate inter-subject variability. This entails employing
transfer learning strategies to adapt the models to new subjects after training them on data unique to
each individual. Additionally, in order to guarantee the models' accuracy over time, adaptive
algorithms will be put into place to update them on a regular basis in response to fresh data.

Lastly, the creation of wearable EEG sensors for ongoing monitoring is part of the suggested
methodology. The integration of these devices with cloud-based platforms and smartphones will
enable remote monitoring and real-time data processing. Patients and healthcare professionals will
receive customized feedback and medical advice based on the data gathered.

5. Findings

The assessment of the literature shows that the use of EEG-based BCls for illness monitoring and
detection has advanced significantly. Deep learning approaches in particular, which are machine
learning models, have significantly increased these systems' accuracy and efficiency. More
sophisticated detection capabilities are provided by hybrid models that combine EEG with additional
physiological information. Wearable EEG technology makes it easier to monitor continuously and
analyze data in real time, which offers important insights into the dynamics of disease. But issues like
inter-subject variability, signal noise, and the requirement for customized models still exist.

One of the author's innovative contributions is the creation of a brand-new hybrid algorithm for
classifying EEG signals that combines the advantages of recurrent neural networks (RNNs) and
convolutional neural networks (CNNs). Furthermore, a modular strategy for combining EEG data with
other biomarkers has been put forth, improving the precision and dependability of systems for
monitoring and diagnosing diseases.

6. Summary
A thorough analysis of the developments in EEG-based BCls for illness monitoring and detection from
2004 to 2024 is given in this review study. These systems are much more accurate and efficient now
that machine learning algorithms are integrated with EEG data. Advanced signal processing methods
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and customized models have demonstrated promise in resolving difficulties including signal noise and
inter-subject variability.

Epilepsy, Alzheimer's disease, Parkinson's disease, and other neurological and psychiatric disorders
have all been effectively treated with EEG-based BCls. Accurate disease identification and monitoring
have been made possible by the improved performance of these systems due to the application of deep
learning models, including CNNs and RNNs. Hybrid models provide even greater detection
capabilities by fusing physiological signals with EEG data.

The capabilities of EEG-based BCls have been increased by wearable EEG devices, which allow for
real-time analysis and continuous monitoring. These gadgets enable individualized medical
interventions and remote monitoring when they are connected with cloud-based systems and
cellphones. For BCI systems to remain accurate over time and to handle inter-subject variability,
individualized models and adaptive algorithms must be developed.

The author has made important advances in the field with his original contributions, which include a
new hybrid algorithm for classifying EEG signals and a modular strategy for combining EEG data
with other biomarkers. The accuracy, durability, and usefulness of EEG-based BClIs for illness
monitoring and detection are improved by these advance

To sum up, EEG-based BCIs have great potential for ongoing monitoring and early disease
identification. They can also provide important insights into the dynamics of disease and enable
individualized medical therapies. Future studies should concentrate on resolving the remaining issues,
such as inter-subject variability and signal noise, and on investigating wearable EEG devices' potential
for continuous, real-time monitoring. EEG-based BClIs can significantly improve patient outcomes and
advance the field of neurological and mental disease identification and monitoring by utilizing cutting-
edge machine learning algorithms and hybrid models.
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