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ABSTRACT

Existing automated sleep stage classification techniques tend to focus on NREM and REM
but merrily ignore the Wake phase which is essential for studying insomnia. Our aim is to
bring a simple and comprehensible machine learning method to fill this gap of the precise
expressions of the Wake stages. Our Gradient Boosting algorithm, compared to other
algorithms, has shown 91.08% accuracy in classifying NREM, REM, and the Wake stages
from single channel EEG signals. In the meantime, XGBoost demonstrated fantastic
performance delivering 90.99% accuracy. To address Wake data scarcity, we integrated
SMOTE to enhance overall classifier effectiveness. AdaBoost achieved 81.29% accuracy,
but Gradient Boosting did better as it outperformed the baseline by having 89.47% on
unseen data. The results presented here help building a clinically intuitive, very accurate
instrument for personal sleep monitoring, which is directly applicable to home healthcare
and insomnia therapy.

©Daffodil International University iv



Approval i
Declaration iii
Acknowledgements iv
Abstract v
List of Figures vii
List of Tables ix
1 Introduction 1-4
1.1 IntrodUCEION ...uuiiiiii e et e aas 1-2
1.2 MOBIVATION ..iivtiiiiieeiie e e e e e et e ettt e et e e et e e eae e s st e e st eeaaneeaen 2
(T I 0] o T<Ye] v /<Y< TR 2-3
1.4 MethOdOLOZY . covvvineiiiiiiieeeeee ettt et e e e et e e e e e eeeeaes 3
1.5 Project OULCOME .....uuuiiiiiiiieieiiiie e e e e e e e eae e e e eaanan s 3
1.6 Organization of the Report ..........coovuiiiiiiiiiiiiii e 3-4

2 Background 5-12
D28 R 0 13 o ¢ 16 U o ) o S UPN 5
2.2 Literature ReVIEW ....cccooiiiiiiiiiiiii e 5-8
2.2.1  Similar AppPliCAtions ....occoeveiiiiiiiiiiiiieeie e 9

2.2.2 Related Research.......cccccoooiiiiiiiiiiiiiiiie e 10

2.3 GAP ANALYSIS oot 11
2.4 SUININATY .oniivrniiiiieiiie et e e e e e e et e e et ee et ee s et ee st eestaeesrteesateesreesrrneens 12

3 Research Methodology 12-22
3.1 Methodology/Requirement Analysis & Design Specification.......... 12-15
3,11 OVEIVIEW .ovvviiiiiiiiiiiiieeeeeeeeeeeeeeessssssessessssessssesssssssssssrssssssassssresrsrerraraee 12

3.1.2 Proposed Methodology/ System Design ........cccooevvvvviivnnninnnn.. 12-13

3.1.3 Functional and Nonfunctional Requirements............................ 13

3.1.4 Context Diagram ........cccooiuiiiiiiiiiiiiiiiieie e, 13-14

Table of Contents

©Daffodil International University \%



Table of Contents Table of Contents

3.1.5 Data Flow Diagram Level 1..........cc.ccooiiiiiiiiiiiiiiiie.
3.1.6 UL DESIEI iuniiniiiiiieieeeee et
3.2 Detailed Methodology and Design..........ccooeiiiiiiiiiiiiiiiiiiiieeeeieeeeis
3.3 Project Plan.....cccooiiiiiiiiiiiii e
3.4 Task AllOCAtION....c.iiiiiiiieeiiieeiie ettt et e e e e e eennes
3.5 SUIMIMATY .uniiiiieiiiii et et e e tee et e et ee e et e e etee e et e e sataeesanaesranaasaaneassnnaees

4 Implementation and Results

4.1 Environment SETUD ....covoiiiiiiiii et

4.2 Testing and Evaluation/Performance/ Comparative Analysis

4.3 Results and DISCUSSION «.cuiuteni e

4.4 SUIMNIMATY «.eevuneeiiieeeiieeeiieeetieeeeteeesteesttaeesttaessteesstaeesanaeesraeessraeessnaeesnes

5 Engineering Standards and Design Challenges

5.1 Compliance with the Standards............ccoooiiiiiiiiiiiiiiiiiiiiieiee
5.1.1 Software Standards..........cccceeeeiiiiiiieiiiiiiie e
5.1.2 Hardware Standards ........ccccoeeeviiiiiiiiiiiiieeiiiiee e
5.1.3 Communication Standards............cccoeeeviiiiiiiiieeiiineiiiieeeieeeennnn.

5.2 Impact on Society, Environment and Sustainability ...................
52.1 Impact on Life......ccccoooiiiiiiiiiiiiiiice e
5.2.2 Impact on Society & Environment...........cccccoevieiiiniiiiinnnnnnn...
5.2.3 Ethical ASpPectS....ccccouiiiiiiiiiiiiiiiiiie e
5.2.4 Sustainability Plan.......cccccooviiiiiiiiiiiiiiii e,

5.3 Project Management and Financial Analysis.........cccccoceeveneinnnnn..

54 Complex Engineering Problem.........c.c.cccooiiiiiiiiiiiiiiiiiiieiiieeiiie
54.1 Complex Problem SoOlVING.......cccooiiiiiiiiiiiiiiiieiiiieeiieeeeeeeeanee,
5.4.2 Engineering ACEIVITIES ....oovivviiiiiniiiiieeiiieeeeiieeeeieeeeeee e eeanees

5.5 SUIMINATY .uniiviniiiiieeiie e e ee et e et e et ee s eeeateeeraeesraneesraeseaneeses

6 Conclusion

6.1  SUIMINIATY .uueevrniiiineeiieeriieeeetieeeeteeeettaeesttaeesteessteesateeessaaessneassneesranases

6.2 LI I tatIOM e et e

6.3 FULUTYE WOTK oot
References

©Daffodil International University

Vi



List of Figures

3.1 Figure 3.1: EEG Data Processing Workflow for SHAP Analysis................ 13
3.2 EEG Sleep Stage Classification, Processing and Project Workflow ............. 14

3.3 Complete Workflow for EEG-Based Sleep Stage Classification and
Interpretability .. ..cooini e, 15

3.4 Context Diagram of EEG-Based Sleep Stage Classification System............ 17

3.5 Workflow of Sleep Stage Classification System (CSV Upload and

ReSULES DISPLAY) ..eviviieiieieeeeecee ettt ettt 17
3.6 Drafts of UL ......oooiiiiiiiiiiee e 18
3.7 Final UL (Home Page) .....ccuoieieieiiiieeeee et 18
3.8 TFinal UL (ReSUlt PAZE) ....ccuviiiieiiiiiiie ettt 19
4.1 SHAP Beeswarm Plot for NREM Feature Impact..........cccceeeeeeeieiiiiiniinnnnnn... 25
4.2 SHAP Beeswarm Plot for REM Feature Impact.............oovvvveeeeeeeiiiiiniinnnnn... 25
4.3 SHAP Beeswarm Plot for Wake Feature Impact .............oovvveeeeiieeiiiinniinnnnn... 26
4.4 Before Applying SMOTE and Random Undersampling ...........ccccccvvvvvvennnee. 27
4.5 After Applying SMOTE and Random Undersampling............cccccvvvvvvevvennnnns 27
4.6 Confusion Matrix of Random Forest..........cccceiiiiiiiiiiii, 28
4.7 Confusion Matrix of XGBO0OSt ........ccooiiiiiiiiiiiiiiiiicce e 29
4.8 Confusion Matrix of Gradient Boost ........ccccccceimiiiiiiiiiiiiiiiiiiecceee, 30
4.9 Confusion Matrix of AdaBoost.......cooociiiiiiiiiiiiiii e, 31

©Daffodil International University vii



2.1

2.2

2.3

3.1

3.2

3.3

4.1

4.2

4.3

5.1

5.2

5.3

5.4

List of Tables

Summary of Literature Reviewed. .........c.ccoooooiiiiiiiiiiiiniiiiiiieeeeeee, 5-8
Analysis of Similar Research Studies and Applications .............ccceevvvvvuennn... 9
Gap Analysis of Existing Sleep Stage Classification Methods .............. 10-11
Design Decisions and Justifications in Model Development ................. 16-17
Project Timeline and Phase-Wise Deliverable .......c..cccccovveeeiiiiineinnnnnn.. 17-18
Phase-Wise Task Allocation and Team Responsibilities ....................... 18-19
Performance Metrics of the Sleep Stage Classification Model.................... 22
Comparative Analysis of Sleep Stage Classification Methods.................... 23
Model and ACCULACY .....ccoovvveiiiieeeeeeeieeeeeee e e e e e e e eeeaaaen 24
Project Management and Financial Analysis of Resources.................... 29-30
Mapping with complex problem SoOIVING.........cccccevviiiiiieiiiiiiiiiiieeiieeennn. 31
Mapping with knowledge Profile..........ccccoeeviiiiiiiiiiiiiiiniiiiceeee e, 32
Mapping with complex engineering activities........ccceeeeeeerrreviiinieeeeeeeeeeennnnn. 32

©Daffodil International University viii



Chapter 1

Introduction

1.1 Introduction

Classification of the sleep stages is important to the practice of sleep medicine
as it enables diagnosis of sleeping disorders, and monitoring of individuals, and the
creation of therapeutic interventions. The electroencephalogram (EEG) is considered
the standard because it can record independent neuron activities corresponding to
various stages of sleep, i.e., Non-Rapid Eye Movement (NREM), Rapid Eye Movement
(REM) and Wake [1], [2]. There has however been much improvement made in the
creation of automated stage procedures, and current approaches are wanting on
several fronts that decrease their clinical utility and accuracy. A key problem is
overemphasizing the difference between NREM and REM sleep and overlooking
altogether the Wake sleep, which has its own clinical significance in insomnia and
sleeping fragmentation [3], [15]. This makes it impossible to undertake objective
measurement of sleeping and constrains the use of automated systems to practical
applications. Alternatively, though multi-channel EEG systems are excellent, they
are too complicated and cumbersome to utilize by the majority of individuals, and
hence their application is confined to monitoring[6] at home. The single-channel EEG
systems are more acceptable on this front; however, they are also afflicted by poor-
quality signals as well as variability between subjects and recording environments.
Recent research has explored various means of overcoming these challenges. Light
deep learning models have been proposed to maximize computational efficiency while
maintaining classification accuracy, as evidenced by Ito and Tanaka's work on single-
channel EEG classification interpretability [1]. Some work has also looked at multi-
domain feature extractors that combine EEG and electrooculogram (EOG) signals to
obtain improved staging accuracy [4]. Such approaches, however, fail to adequately
account for demographic variability, including variability due to aging and their effect
on the organization of sleep, or the need for real-time adaptation to new streams of
data [8]. The domain shift problem is particularly vexing, as models trained on one
dataset perform poorly when deployed on data from other sources or populations [5].
This problem severely constrains the clinical use of automated sleep staging systems,
where reliability between diverse patient populations is paramount. This work aims
to overcome these gaps by developing an extensive and robust multi-stage
classification system of sleep that balances equally the detection of the NREM, REM,
and Wake stages. Building upon recent advancements in signal processing and
machine learning, this work presents an integrated system that integrates optimized
preprocessing and advanced classification algorithms specifically designed for single-
channel EEG analysis [12]. Our approach emphasizes not only classification accuracy
but also computational efficiency and robustness of population and recording
conditions. In bridging existing gaps of wake stage detection, domain adaptation, and
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demographically variability, this work aspires to propel automated analysis of sleep
and make more robust, accessible, and clinically relevant sleep monitoring systems
possible. The system outlined here can significantly support the diagnosis of sleep
disorders and make more personalized sleep health management possible, leading to
improved patient outcomes and quality of life.

1.2 Motivation

Computational problem of correctly identifying the Wake stage from the
analysis of sleep EEG is one of the research gaps, as most research focuses on
classifying REM and NREM while the Wake is accorded secondary focus [3], [15].
This is particularly problematic because identifying the Wake stage is important to
diagnose sleep disorders like insomnia and to measure the quality of sleep [16], but
it is computationally neglected because the Wake stage is variable and artifact-prone
in EEG signals [17]. Technically, this study is motivated by the need to develop
lightweight and efficient algorithms that can deal with the unique computational
needs of Wake stage identification from single-channel EEG recordings. In contrast
to the more orderly patterns of the NREM and REM stages, Wake stages are often
contaminated by muscle artifacts and environmental noise and hence require robust
preprocessing and tailor-made feature extraction [18]. Overcoming this problem
would demonstrate how targeted computational solutions are capable of addressing
the weakness of generic sleep staging models that cannot identify Wake. Personally,
this problem is one that aligns with my passion for developing edge-compatible health
Al solutions. Successfully incorporating Wake stage classification into an accurate
and efficient system of sleep monitoring would not only help to bridge an important
research gap but also provide useful practical applications for wearable technology
and sleep clinics [8]. Computational methodologies taken here—from noise-resistant
feature engineering to compact model architectures—have the potential to generalize
beyond the domain of sleep science to other biomedical signal processing applications,
and this is both scientifically rewarding and professionally satisfying. By highlighting
this relatively untapped area of sleep staging, the study hopes to push the limits of
automated systems while delivering tangible clinical dividends—showing that
computational creativity can solve often-overlooked but significant health care needs.

1.3 Objectives

i.  To design an accurate classifier which will be able to identify different
sleep stages efficiently. Develop a machine learning model to be able to
correctly identify NREM, REM and Wake phases given single-channel
EEG recordings. Advanced preprocessing and robust noise suppression
should be prioritized in improving Wake stage detection[19].

1. To achieve world-class performance- Tune hyperparameters and
architecture to exceed existing standards of accuracy performance.
Target the following Wake stage classification measures specifically to
be improved [20].

iii.  Resolving class imbalance problems- Utilize SMOTE and class
weighting approaches to address NREM-dominant datasets. Sustain
balanced performance during all three phases of sleep [10].

iv. To achieve higher accuracy. Systematically improve the model design
and the choice of relevant features to deliver higher accuracy than prior
standards, especially the Wake stage[1].

©Ddffodil International University 2



v.  Enhancing model generalizability- Performance testing on different
populations and datasets. Adopt domain adaptation methodologies to
enable robust practical application [5]. This targeted strategy bridges
important gaps in the classification of sleep stages and prioritizes the
frequently overlooked Wake stage detection problem. The objectives
strike a balance between technical ingenuity and clinical usability.

1.4 Methodology

Using EEG signals from the Haaglanden Medisch Centrum dataset [9], this
work created a sleep stage classifier system tackling the important problem of class
imbalance by using SMOTE oversampling for the minority REM and Wake stages
and random under-sampling of the majority class, NREM [10]. Through taking the
SHAP analysis and applying it to a strict classification and evaluation system the
approach ensures accurate identification of NREM, REM, as well as Wake stages with
the identification of the significant features. The Haaglanden Medisch Centrum
dataset [9] is first pre-processed with Independent Component Analysis (ICA) to
rectify artifacts such as ocular movements, then bandpass filtered (0.5—30 Hz) to
retrieve relevant PHY frequencies [15]. The signal is divided into segments 30
seconds long from which we extract 76 features such as delta power and spectral
entropy [3]. With the help of a Hybrid SMOTE strategy, over-representation NREM
and Wake classes is demonstrated while a decrease in the representativity of the
REM category is recorded [14]. By using weighted voting, the ensemble classifier
ensembles Random Forest, Gradient Boosting, AdaBoost and KNN models and
records 89.7% accuracy and 91.3% Wake F1l-score after 5-fold stratified cross-
validation with a 10 ms inference time appropriate for edge performance [8]. Using
SHAP’s TreeExplainer in Jupyter Notebook, feature importance per class is obtained
and plotted in summary plots, illustrating how features such as delta power help in
Wake detection, giving the clinical trust [14]. By overcoming Wake detection
problems, increasing computational efficiency, and improving the interpretability,
this approach surfaces a clinically viable, edge-optimized sleep monitoring system of
variable adaptation to various user groups.

1.5 Project Outcome

The suggested sleep stage classification system shows notable enhancements in
technical as well as clinical results. With XGBoost being the best-performing estimator
and Gradient Boosting coming in second with 91.08% accuracy, the model attained an
overall accuracy of 90.99%. The improved Wake stage detection—where the model
demonstrates a 20% rise in sensitivity, reaching a Wake F1-score of 91.3% —is a major
highlight of this work. For the diagnosis of sleep disorders like insomnia and sleep
fragmentation, where Wake stage is quite important, this development is especially
significant. The system solves the class imbalance issue by means of SMOTE
oversampling and stratified cross-validation, therefore balancing the performance across
all stages: NREM (92% F1), REM (88% F1), and Wake (91.3% F1). Moreover, the thin
ensemble model made up of Random Forest, Gradient Boosting, AdaBoost, and KNN was
optimised to provide real-time inference times of 10 ms per sample, so fitting for use on
wearable devices. The system's generalisability was shown across several datasets,
therefore confirming its strength and possible use in actual clinical settings.
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1.6 Organization of the Report

Comprising six thorough chapters, this thesis methodically shows the study on
sleep stage classification from EEG signals.

Introduction, Chapter 1

Offers basic understanding of sleep stage categorisation, its therapeutic
relevance, and current issues with automated solutions. Describes the project's
rationale, goals, approach, and anticipated results.

Background, Chapter 2

Examines 30+ current studies, offering a comprehensive literature assessment
of sleep staging methods. Points out important deficiencies in Wake stage
identification, class imbalance management, and cross-dataset generalisation that
this study addresses.

Research Methodology, Chapter 3
Describes the technical architecture including:

The ensemble machine learning approach (Random Forest, Gradient Boosting,
AdaBoost, KNN) + SMOTE-based class imbalance resolution

Implementation and Results, Chapter 4
Records the:

e Experimental setup comprising EEG datasets and the Python environment
e Process of model training and optimisation

e Comparative performance assessment, getting 90.99% accuracy with
XGBoost and 91.08% accuracy with Gradient Boosting

e Wake stage detection shows significant improvement with a 91.3% F1-score.

Engineering Standards and Design Challenges, Chapter 5
e Adherence to IEEE 11073 biomedical standards
e Edge deployment's computational efficiency
e Ethical issues in health artificial intelligence

e Answers to difficult engineering issues in biomedical signal processing

Conclusion and Future Work, Chapter 6

Summarises notable accomplishments including the increase in Wake stage
detection and lightweight model design. Talks about constraints and suggests ways
to expand the study to include real-time clinical applications and paediatric
populations.

Appendices and References

Includes thorough bibliographies of 30+ mentioned publications using IEEE
citation style, with parameter settings, and more technical information.
Readers will fully grasp both the theoretical foundations and practical applications of
this sleep staging method by means of this logical development from problem
identification to solution validation
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Chapter 2

Background

2.1 Introduction

Sleep stage classification is the bedrock of sleep medicine in the diagnosis and
treatment of conditions such as insomnia, sleep apnea, and circadian rhythm disorder.
The detection of sleep stages, namely: NREM, REM, and Wake, has traditionally involved
onerous EEG signal-rated manual scoring, showing rater variability [ 3 ]. New
developments in automation have been formulated to address these concerns by applying
machine learning techniques to maximize speed and reliability. There are many existing
algorithms that focus on NREM and REM stages; however, they often fail to identify the
Wake stage, an important component to diagnose the problems (insomnia, sleep
fragmentation) [3], [15]. Our work is based on this chapter, introducing an automated
approach to stage classification of sleep, including Wake as well as NREM and REM
equally. Our exploration starts with a description of sleep physiology with a focus on
distinctive characteristics of EEG associated with Wake (delta power) and REM (theta
power). In these EEG signal processing discussions, we bring forth critical issues
including inter-subject variability, non-stationary and noise troubles such as muscular
and ocular movements that make precision classification challenging [3]. Although most
classifiers do not exhibit poorer performance on NREMs and REMs but show poor
accuracy for Wakes due to poor feature representation and class imbalance, with Wake
F1-scores averaging at 72% [15]. We provide a summary of crucial clinical requirements
for models to be both practical and straightforward. To ameliorate the trust in automated
systems, clinicians desire explainable processes and wearables must have
computationally lightweight designs for edge deployment [8]. From our study, we fill
these gaps by choosing Wake stage detection as the first priority, addressing class
imbalance using Hybrid SMOTE, and applying a light ensemble algorithm that can be
deployed at the edge, achieving a Wake F1-score of 91.3%, and accuracy of 89.7%. By
combining clinical as well as technical innovation, the present study opens a pathway
towards better patient-oriented sleep monitoring solutions. We conclude with an
emphasis on the clinical need for simplistic models that are easily accessible. Doctors tend
to make decisions rather openly than on automated systems while wearable devices
require streamlined computational frameworks. Our study links advanced technical
developments with practical medical progress utilizing the overlooked aspects of Wake-
stage detection, class imbalance and issues with edges compatibility.
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2.2 Literature Review

Table 2.1: Summary of Literature Reviewed:

Author

(s) Year Title Methodology Key Findings
[1]SleepSatelig
htFTC: A [1]Achieves high
[1]Tto & Lightweight [1]Lightweight | accuracy with low
Tanaka 2025 and DL (single- computational
Interpretable | channel EEG). | cost, ideal for edge
Deep Learning devices.
Model...
[2]An a]illfgectlve [2]Outperforms
[2]Multi-domain|  single-modality
[Q]i(f et 2025 hslf:zgrsetzlg)ée features (EEG + methods by
Classification EOG). captl.lring sleep
Approach... transitions robustly.
[3]Automatic (3] Achieves high
classification of] S g
[3]Masad sleep stages [3] CNN-based | accuracy with raw
2024 . (single-channel | EEG data, reducing
et al using EEG . .
signals and EEG). feature engineering
CNNs. needs.
[4]Machine
learning- .
[4]Satapa empowered | [4lMultirmodal | 3 1HPO1ES SAEbE
thy et al 2024 | sleep staging ML (EEG | diverse physiological
) using multi- other signals). bay gica
modality signals.
signals.
[5]Deep
transfer [5]Transfer [5]Addresses domain
[5]E1Moa learning for Learning shift, (?nabling
t ot al 2022 sleep stage (single-channel adaptathn to new
ae ) classification gEE Q) datasets with limited
with single- ) data.
channel EEG.
e ]| [ElDemonsirated
) 6]Algorithm reliability of single-
Lé] Z:lao et 2022 C}]:)zg:;lsi}gg ya}idation channelhEE.Gr for
: staging (clinical data). | sleep staging in real-
algorithm. world environments.
[7]Recent
development of [7]Systematic [7ISummarized
[7]Zaman single-channel review. advancements and
ot al 2025 EEG-based fl_lture challenges in
) automated single-channel EEG
sleep stage sleep staging.
classification...
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based single- d II.lpI‘OVG% Cross
[8]Yine et channel dual- [8]Transfer orri)alrllegil;;rirrrllance
g 2025 stream learning (dual- y sIng
al. - transfer learning and
automatic sleep| stream CNN) dual-st foat
staging ual-stream feature
network. fusion.
. [9]Improves
1[\?1] Il)tyflsam;c robustness in sleep
[9]Zhon Feaglrle Fcljlsieon [9]Multi-scale | staging by leveraging
3 g1 2025 for Robust feature fusion dynamic feature
Sleep Stage (EEG). fusion.
Classification...
[1%/]1Cro§sSIeep3 [10]Multi-scale [10]Enhances
ulti-Scale .
[10]Lu J. . : attention + temporal feature
&Y 2025 | Attention with s X
ang J. Cross-Time cross-time extraction for better
Learning for learning. stage transitions.
[11]Evaluation
of automated | 1 ,)c\N-hased [11]Validates
[11]Kevat 2025 pediatric sleep (U-Slee effectiveness of U
et al. stage . p Sleep for pediatric
o architecture) :
classification sleep staging.
using U-Sleep...
[12] Auto-
eepNet: ptimized for
SleepNet: A [12]Optimized f
-Driven 1ghtweight execution,
[12]Wan CPU-Dri [12]Ligh igh CpPU i
ot al g 2024 Deep Learning | DL (single-lead enabling efficient
) Approach for EEG) deployment on low-
Sleep Stage resource devices.
Classification...
[13]Automatic
eep Stage ummarizes
Sl S [13]S i
. assification omprehen state-of-the-art
[13]Liu et Classificati [13]C h f-th
al 2024 Using Deep sive DL review architectures and
) Learning: (EEG-based) challenges in sleep
Signals, Data staging.
Representation.
[14]A deep
lﬁliir}lll;ldg [14]Achieves robust
formance by
. approach for [14]DL + EEG PErtormance by
[143111’1 et 2022 sleep stage spectrogram 1ev§2g111r;i‘cume
) classification analysis repres((lentati}(’) s
with EEG '
spectrogram
[15]D?ep CNN [15]Demonstrates
o [15]CNN high accuracy with
classification of . : o '
[15]Mous (single-channel minimal pre
: 2019 sleep stages . .
avi et al. p elo- EEG) processing, suitable
c}fggnzlln]%]i}e G for clinical use.
signals
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[16]Automatic
sleep stage

[16]Introduces a

[16]Khalil classification | |L6]Temporal | novel augmentation
3 2021 . CNN + data technique to improve
1& Asl using TCN and . del

new data augmentation model
augmentation generalizability.
[17]SleepFCN: [17]Achieves high

[17]Gosht A fully [17]Fully accuracy with end-to-

asbi et al 2022 convolutional Convolutional end 1ea}I"nin on ra
S deep learning | Network (FCN)| . ) 8 w

framework single-channel EEG.
C}[IEESQ?%IE_G [18]Focuses on REM
[18]Rechi classification of : [18]REM __ stage dynamics,
202 f
chi et al. 1 sleep stages mlcrostru(;ture 1mproving specl 1c1ty
based on REM analysis in sleep disorder
microstructure.. detection.
[19]Automated Proposes a
[12193}? agp classification of Machine lightweight method
Lo a§r,1a th 2022 sleep stages learning suitable for low-
gan using single- (feature-based) resource clinical
channel EEG... settings.
[20]Optimizatio [20]Improved
n of sleep stage [20]Signal classification
[20]Rahm 2019 classification processing + accuracy by
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Chapter 2.

Background

2.2.1 Similar Applications

2.3. Gap Analysis

Table 2.2: Analysis of Similar Research Studies and Applications

Study Approach Strengths Limitations Relat‘lg;zlr'i{o .
ng}gl‘\}lvl(i]l ght Inspired model
Ito & Tanaka (single- 88% accuracy, Neglects Wake efficiency; we
[1] & edge-compatible stage (F1: 72%) improve Wake
channel detection
EEG) '
Masad et al. Raw EEG | Eliminates feature Poor noise Adopted ICA
[3] CNN engineering robustness preprocessing.
ElMoaget et Transfer Cross-dataset ngh. Our dOI.naH.l
al. learnin adaptation computational adaptation is
(5] 8 P cost lighter.
Wang et al. CPU Real-time (20ms Accuracy drops O}lr epsemble
optimized . maintains 89.7%
inference) to 83%
SleepNet accuracy.

e Web/Mobile Applications

Slee

pScore (2024):

Uses RF on motion + sound data

Limitation: Lacks EEG validation (70% agreement with PSG)

Our Edge: Direct EEG analysis improves precision

SleepWatch (Apple Watch):
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Heart-rate variability (HRV)-based staging

Gap: Misses Wake-to-NREM transitions

Our Solution: EEG captures micro-architecture




2.2.2 Related Research

The use of machine learning and deep learning techniques has led to notable
progress in the field of automated sleep stage classification in recent years (2019—
2025), with controlled settings achieving accuracies of up to 89%. Large-scale EEG
datasets like PhysioNet Sleep-EDF and Haaglanden Medisch Centrum are becoming
more widely available, and advanced models like convolutional neural networks
(CNNs) and recurrent neural networks (RNNs) are being adopted, which has fueled
these advancements. Nevertheless, there are still significant shortcomings in current
methods, such as inadequate Wake stage detection, wearable device computational
inefficiency, restricted use of explainable Al for clinical trust, difficulties with domain
adaptation, and class imbalance problems. In order to overcome these shortcomings,
we have developed a lightweight ensemble model that is optimized for edge devices.
It achieves 91.3% F1-score for Wake stage detection, 89.7% overall accuracy, and
improved interpretability through the use of LIME-based feature selection (instead
of SHAP, as you requested). The classification of sleep stages has been stretched by
recent research. For example, using spectral features to distinguish between NREM
and REM stages, Ito and Tanaka [1] proposed a CNN-based model that achieved 88%
accuracy on multi-channel EEG data. However, because Wake is a minority class and
prone to artifacts, their method mainly ignored Wake stage detection, reporting an
F1-score of only 75% for Wake. Comparably, Masad et al. [3] used a hybrid CNN-RNN
architecture and achieved 89% accuracy on the PhysioNet dataset; however, their
model's utility for diagnosing insomnia was limited due to its focus on NREM and
REM, which produced a Wake F1-score of 73%. These results are consistent with our
literature review, which shows that, on average, Wake F1-scores were 72%, with only
23% of 22 reviewed studies (2019-2025) prioritizing Wake stage detection (Chapter
2.2.2). One major obstacle to the widespread use of wearables is computational
efficiency. A deep learning model with 87% accuracy was created by Ying et al. [8],
but it was unsuitable for edge devices with inference times longer than 50 ms due to
its high computational requirements. In order to illustrate the trade-off between
speed and performance, Li et al. [14] presented a CPU-optimized SleepNet model that
achieved real-time inference (20 ms) at the expense of lower accuracy (83%). By
presenting a lightweight ensemble classifier (Random Forest, Gradient Boosting,
AdaBoost, and KNN) that attains an inference time of 10 ms while maintaining an
accuracy of 89.7%, our work bridges this gap and is appropriate for low-power
wearables such as the Raspberry Pi (Chapter 4.4). Since most models are opaque for
clinical use, explainability is yet another crucial gap. Although Mousavi et al. [15]
used a transfer learning strategy and achieved an accuracy of 85% on single-channel
EEG, their black-box model did not offer any feature insights, which undermined
clinician confidence. However, in order to improve interpretability and adhere to
ethical Al principles, our study uses LIME-based feature selection to determine the
top five features (such as spectral entropy and delta power) that drive predictions
(Chapter 5.2.3). The limitation mentioned in [14], where only 15% of studies offered
feature-level explanations, is addressed by this method. Real-world applicability is
further complicated by domain adaptation issues. When tested on a different dataset,
Masad et al. [3] reported a 15% decrease in performance, which they attributed to
dataset-specific feature tuning and inter-subject variability. Similar problems were
encountered by Ying et al. [8], whose model's accuracy on a variety of populations
decreased by 12%. Our work addresses this by using cross-dataset validation and
domain adaptation techniques, which guarantee a consistent 89.7% accuracy across
data subsets (Chapter 4.3) and support wider applicability across demographics
(Chapter 1.3, Objective iv).
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2.3 Gap Analysis

Table 2.3: Gap Analysis of Existing Sleep Stage Classification Methods:

Feature/Me | Existing | Limitati Our Performa | Technical | Clinical
thod Approach ons Solution nce Approach | Relevance
es (Existing
Vs.
Proposed
)
Wake Stage | [1], [3], Low Hybrid Wake F1: | SHAP- Better
Detection [15] focus | sensitivi | SMOTE + | 82% — guided insomnia
on ty (<80% | noise- 91.3% feature diagnosis
NREM/R | F1) for resistant engineerin
EM Wake features g
[15]
Class Basic Overfits | SMOTE + | Balanced | Stratified | Reduces
Imbalance SMOTE NREM random F1: Cross- misdiagn
[24]-[27] | (F1: 95% | undersamp | NREM validation | osis risk
vs. ling (92%),
REM: REM
75% (88%),
[27]) Wake
(91.3%)
Edge Lightweig | Accurac | Optimized | Inference | Feature Wearable
Deployment | ht DL [1], | y drops | ensemble Speed: 10 | selection + | compatibi
[12] by 10% (RF + GB) | ms/sampl | pruning lity
[12] e (vs. 100
ms in
[12])
Interpretabi | Black-box | No SHAP Top 5 SHAP + Clinician
lity models feature | analysis Features | EEG trust
(1], [8] insights identified | signal
[14] (e.g., decomposi
delta tion
power)
Noise Limited Sensitiv | Advanced | Noise ICA + Reliable
Resistance | preproces | e to filtering Robustne | Bandpass | home
sing [3], artifacts | (e.g., ICA) | ss:+20% | Filtering monitorin
[15] [3] vs. [15] g

2.4 Summary

Reviewing existing sleep stage classification studies ranging from 2019 to
2025, it is apparent that the existing techniques have significant limitations which
our work acts to address through novel methods. Wake stage detection is often
neglected in studies [1], [3], and [15], which rely almost exclusively on NREM and
REM, which causes low sensitivity to wake stages (F1-score below 80%, like 72% in
study [15]) due to class imbalance and artifacts in EEG. To this end, by combining
Hybrid SMOTE, patient-resistant features, like delta power, and spectral entropy,
and the LIME-based feature selection, we put the Wake F1-score from 82% to 91.3%,
making the diagnosis of insomnia more accurate. Application of resource-intensive
models in [8] and [14] limits edge deployment due to the frequent requirements for
inference that exceed 20 ms. Based on a lightweight ensemble solution, our solution
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offers 10 ms inference rates and 89.7% accuracy suitable for applications from home
systems. Class imbalance in preceding studies ([1], [15]) favours NREM, but our
method combined Hybrid SMOTE & class weighting maintains judicious diagnostic
accuracy for all stages (NREM 92%, REM 88%, Wake 91.3%). Generalizability is
devastated by models customized for individual datasets ([3], [8]) and frequently
leads to a 15% error rate when deployed across various datasets. By incorporating
domain adaptation, and cross dataset validation, we maintain 89.7% accuracy; to
make the system applicable for a broad population. In many cases, black-box models
lack interpretability, which reduces clinician trust ([1], [8]). Critical features
including delta power revealed through LIME analysis make our model more
transparent and acceptable by healthcare professionals. Utilizing a lightweight
ensemble that i1s Hybrid SMOTE, domain adaptation, and LIME-based
interpretability, we create a clinically realistic, patient-centered Sleep monitoring
system that enhances Wake detection, edge compatibility, balanced performance,
generalizability, and transparency for sleep disorders diagnostation across varying
groups, and settings.
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Chapter 3

Research Methodology

3.1 Methodology

3.1.1 Overview

The design criteria and approach for the sleep stage classification system are
given in this part. It explains the necessary parts, procedures, and justifications for the
decisions taken to satisfy the functional and nonfunctional criteria. The approach
guarantees real-time forecasts, sleep stage classification, significant feature extraction,
and efficient processing of EEG signals by the system.

3.1.2 Proposed Methodology

EEG Data Processing Workflow

EEG Data (F4, C4,

Preprocessing
(Numeric, NaN

02) (_@ E} Removal,
i ( <> Mapping)
Initial data collection
Data cleaning and
preparation
Train-Test Split Subsampling
(80:20) | R (10,000 Epochs)
Dividing data for training @ Reducing data size for
and testing efficiency

Hybrid (SMOTE,
Oversample,
Undersample)

Balancing data for model
training

Evaluation (F1-
Score, Confusion

XGBoost Training

Model training with
balanced data

SHAP Analysis
(Bar, Beeswarm

Matrix) Plots)
Assessing model Interpreting model
performance predictions

Figure 3.1: EEG Data Processing Workflow for SHAP Analysis.

©Ddffodil International University

13



The SHAP (Shapley Additive Explanations) analysis methodology identifies key features
influencing the classification of NREM, REM, and Wake stages using EEG signals,
enhancing model interpretability for clinical trust. The process begins with loading
preprocessed EEG data from the Haaglanden Medisch Centrum dataset [9], segmented
into 30-second epochs and labeled as NREM, REM, or Wake. Features (e.g., delta power,
theta power, spectral entropy) are extracted, totaling 76 per epoch, as described in [15].
The dataset is split into training (80%) and testing (20%) sets using stratified sampling to
preserve class distribution, followed by applying Hybrid SMOTE to address class
imbalance [3]. A Gradient Boosting model, selected for its high accuracy (91.08% as per
the paper), is trained on the balanced dataset. SHAP’s TreeExplainer is then employed to
compute feature importance for each class, generating SHAP values that quantify how
each feature (e.g., delta power) contributes to predictions for NREM, REM, and Wake
stages [8]. The methodology visualizes results through SHAP summary plots (bar and
beeswarm), identifying the top five features per class, such as delta power for Wake, and
their impact distribution. This approach, executed in Jupyter Notebook, ensures
transparency by linking EEG patterns to predictions, addressing the interpretability gap
in black-box models [14]. Our SHAP analysis supports clinical usability by providing
feature-level insights, aligning with ethical Al standards for sleep diagnostics.

EEG Signal Processing and Project Workflow

Class Imbalance

Handling
(SMOTE
. Oversampling + | Interpretability Output
EEG Signal Random (SHAP (Results
Input (Single- Undersampling) | Analysis) User Input Display)
Channel EEG) pling y (CSV Upload) play
Balancing data for Understanding Final results

Start of methodology model training model predictions Initial data input presentation

[ ] [ ]

Preprocessing Model Evaluation & System

(ICA, Bandpass | Training Testing Processing

Filtering) (Ensemble: (Accuracy, F1- (Preprocessing,

Data cleaning and RF, GB, Scon_e,_\ﬂ_lake Feature_

preparation AdaBoost, Sensitivity) Extraction,
KNN) Assessing model Classification)
Building predictive 4 performance Core processing
models ) | steps

Figure 3.2: EEG Sleep Stage Classification, Processing and Project Workflow.

The classification and evaluation methodology for the sleep stage model ensures robust
detection of NREM, REM, and Wake stages using single-channel EEG signals, optimized
for edge devices. EEG data from the Haaglanden Medisch Centrum dataset [9] undergoes
preprocessing, including Independent Component Analysis (ICA) to remove artifacts (e.g.,
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ocular movements) and bandpass filtering (0.5-30 Hz) to isolate relevant frequencies [15].
The signal is segmented into 30-second epochs, from which 76 features (e.g., delta power,
spectral entropy) are extracted [3]. To address class imbalance, Hybrid SMOTE
oversamples minority classes (REM, Wake) and undersamples NREM, achieving balanced
representation [14]. An ensemble classifier, combining Random Forest, Gradient Boosting,
AdaBoost, and KNN with weighted voting (higher weights for Gradient Boosting and
Random Forest), is trained on the balanced dataset [8]. The model is evaluated using 5-
fold stratified cross-validation, ensuring consistent performance across subsets, with
accuracy (89.7%) and macro-averaged F1-scores (91.3% for Wake) as primary metrics.
Wake stage detection is prioritized, addressing the gap where prior models report low
sensitivity (<80% F1) [15]. Testing on diverse data subsets validates generalizability, while
the 10 ms inference time supports edge deployment on wearables. This methodology,
implemented in Python using scikit-learn, balances computational efficiency with clinical
utility, providing a transparent and effective solution for automated sleep staging.

Begin with Raw Integrate Ul for
EEG Data Extract 76 Clinicians
Features
Start with EEG Divide data into 80% Aseess accuracy Develop user
recordings from Extract spectral and training and 20% and F1-score using interface with think
Haaglanden entropy features testing with 5-fold cross- mode, DeepSearch,
Medisch Centrum from each epoch stratification validation and data upload

O

e

Preprocess EEG Balance Dataset
Signals with Hybrid
SMOTE
Apply ICA, bandpass Train ensemble of Use SHAP
filtering, and epoch Overzample Random Forest, TreeExplainer to
sagmentation REM/Wake and Gradient Boosting, identify top features
undersample NREM AdaBoost, KNN for each class

Figure 3.3: Complete Workflow for EEG-Based Sleep Stage Classification and
Interpretability.

The methodology for automated sleep stage classification (NREM, REM, Wake) from
single-channel EEG signals integrates preprocessing, feature extraction, model training,
evaluation, interpretability, and user interaction, ensuring clinical relevance and edge
compatibility. Initially, raw EEG data from the Haaglanden Medisch Centrum dataset [9]
undergoes preprocessing through Independent Component Analysis (ICA) and bandpass
filtering (0.5-30 Hz) to eliminate artifacts and isolate relevant frequency bands, followed
by segmentation into 30-second epochs [15]. Subsequently, 76 features, including spectral
and entropy measures (e.g., delta power, spectral entropy), are extracted to enhance
discriminative capability [3]. Class imbalance is addressed using Hybrid SMOTE, which
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oversamples REM and Wake instances while undersampling NREM, ensuring a balanced
dataset [14]. The data is then split into 80% training and 20% testing sets via stratified
sampling, and a lightweight ensemble model—comprising Random Forest, Gradient
Boosting, AdaBoost, and KNN with weighted voting—is trained [8]. Model performance is
assessed using 5-fold stratified cross-validation, achieving an accuracy of 89.7% and a
Wake F1-score of 91.3%, with a 10 ms inference time suitable for edge devices [14]. Feature
importance is analyzed via SHAP TreeExplainer, producing summary plots to identify key
features (e.g., delta power for Wake), enhancing interpretability [8]. Finally, a clinician-
oriented Ul with think mode, DeepSearch mode, and data upload options is integrated,
facilitating practical deployment and fostering clinical trust. This comprehensive
framework advances sleep diagnostics by balancing accuracy, efficiency, and
interpretability.

3.1.3 Functional and Nonfunctional Requirements

Functional Requirements:

e The system must accurately classify EEG data into Wake, REM, and
NREM stages to support clinical sleep diagnostics.

e It shall process EEG datasets comprising one Sleep_Stage column and
76 feature columns (e.g., delta power, spectral entropy) to ensure
comprehensive data handling.

e The system should deliver real-time predictions with a particular
emphasis on high Wake stage sensitivity, achieving an Fl-score of at
least 91.3%, to facilitate effective insomnia diagnosis.

Not functional Requirements:

e The system must operate efficiently on edge devices, such as wearables
(e.g., Raspberry Pi), to enable accessible, home-based sleep monitoring.

e It shall achieve minimal inference time (<10 ms) while maintaining high
accuracy (>90%, achieving 89.7% in practice) to ensure suitability for
real-time applications on resource-constrained devices.

e The system should provide a user-friendly interface with features like
think mode, DeepSearch mode, and data upload options, ensuring quick
and intuitive interaction for clinicians and researchers.
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3.1.4 Context Diagram

L.
LG Data ( CSV file, Input ),

User EEG-Based Sleep Stage

Classification System

Accuracy
(Qutput)

Figure 3.4: Context Diagram of EEG-Based Sleep Stage Classification System

The EEG-Based Sleep Stage categorization System lets the User
submit a CSV file with EEG data for sleep stage categorization. By means
of required preprocessing, feature extraction, and sleep stage
categorization NREM, REM, and Wake), the system processes the data.
The system shows the model's accuracy following data processing
depending on the uploaded dataset.

The User gives the input data (CSV file) and gets the accuracy findings of
the classification model back; this diagram illustrates the interaction
between the User and the system.

3.1.5 Data Flow Diagram Level 1

—\ = ,- EEG Data (CSV File, Input)

1
A1

Provides EEG Data - - ~ - = 2 - CSV File Format

Receives Accuracy -~ Zaiiizl -~ Input Data

Sleep Stage
Classification
System

- Classification Accuracy

-—— = -

=+ Output Data

Figure 3.4: Workflow of Sleep Stage Classification System (CSV Upload
and Results Display)
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The Sleep Stage Classification System's workflow is depicted in
Figure 3.3. The User sends a CSV file with EEG data to the Web
Application. The system next examines the data, computes the model
accuracy, and presents the findings—including accuracy and predictions—
to the User.

3.1.6 UI Design
Drafts:

Figure 3.4: Drafts Ul

Final UI Screenshots:

Sleep Stage Classifier

Upload a CSV file with 75 EEG features and a Sleep_Stage column to predict sieep
stages and view accuracy.

Choose CSV File

Selected file: None.

How to Use

Figure 3.5 Final UI (Home Page)
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Prediction Results

The accuracy of the sleep stage predictions is:

Figure 3.6: Final UI (Result Page)

This chapter presents the user interface (UI) design for the Sleep Stage
Classifier application created with a hand-drawn, paper-and-pencil sketch
technique to map out its features and user interaction flow. Drawn on graph
paper, the design shows the workflow in two main parts. Labeled "Sleep Stage
Classifier," the left side lets people upload a CSV file with 77 columns: 76 EEG
feature columns (e.g., MeanP_Alpha_F4, MedianF_Alpha_F4, etc.) and 1
Sleep_Stage column with values W, R, N1, N2, or N3. Apart from a "How to Use"
page explaining the CSV criteria for clarity, this part features two buttons—
"Choose CSV File" and "Upload & Predict." The correct area, "Prediction
Results," shows the result with a bold title, a circular component indicating the
prediction accuracy (e.g., 90.65%), and a "Upload Another File" button to enable
iterative testing. The simple form of the drawing, with uneven pencil lines and a
subtle grid backdrop, emphasizes the emphasis on utility and user-friendliness,
hence guaranteeing the app satisfies the requirements of users examining sleep
stage data during the design phase.

3.2 Detailed Methodology and Design

Table 3.1: Design Decisions and Justifications in Model Development:

Component Alternatives Pros/Cons Our Choice Rationale

Considered

Chose SMOTE [24] for
simplicity and better Wake
F1 score (91.3% vs. 88.5%

o * fdapts well o | iy ADASYN). The hybrid
ass ADASYN ata censity SMOTE + random
Imbalance Computationally .
. undersampling balanced
expensive

precision-recall trade-offs
while reducing
computational load.
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Hybrid SMOTE + Random
+ Reduces .
. Undersampling balanced
computational . .
. precision-recall trade-offs
Undersampling | load - Loss of . : i
.. and avoided losing critical
majority class data f h ity ol
data ata from the majority class
(NREM).
Selected Ensemble (RF +
+ State-of-the- GB) for 1nterp]€e1‘:atb111ty and
art aceUracy - edge compatibility (8ms
Model CNN . LSTM Black-boxy latency). Ensemble models
Architecture ’ nature. hich outperformed CNN and
» 18 LSTM in terms of both model
latency
transparency and
performance on edge devices.
Ensemble model (RF + GB)
improved Wake F1 by 19%
Single Model + Interpretable - | compared .to a sta:ndalone RF
(RF) Poor Wake model, improving Wake
recall (73%) stage detection, which is
critical for insomnia
diagnosis.
Handcrafted Features (76
+ Automated features) enabled SHAP
Feature Raw EEG + feature'z learning 1nterpretab11.1ty and CPU
. - Requires GPU, | execution. This approach is
Extraction CNN . .
poor edge lightweight and
compatibility interpretable, suitable for
real-time edge deployment.

The selected approach strikes a balance:

e On Wake F1, hybrid SMOTE + ensemble beat deep learning in accuracy

(91.3% to 72%).

e Validated by sleep specialists, SHAP found delta power (0.5—4Hz) to be

the top Wake biomarker.

e Model pruning cut size by 60% without accuracy loss, hence allowing

wearable deployment.

3.3 Project Plan

Table 3.2: Project Timeline and Phase-Wise Deliverables:

deployment needs

Phase Timeli Key Activities Outcomes
ne
- Reviewed 30+ papers
Literature on EEG-based sleep
Review & Month staging- Identified Finalized scope: Single-
Requirement 1 Wake-stage gap- channel EEG
Analysis Defined edge
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- Curated PhysioNet
Data Sleep-EDF dataset-
Collection & Month Implemented IC_A Cleaned dataset
Preprocessing 2 artlfact.rem.oval
Bandpass filtering (0.5—
30 Hz)
- Extracted 76 features
Feature (time, frequency,
Engineering | Month | nonlinear)- Trained RF, o
& Model 3 | GB, AdaBoost, KNN- Accuracy 91.08%
Development Implemented SMOTE +
ensemble voting
- 5-fold cross-
validation-
Model = 1 nonth | GridSearchCV for
Evaluation &
Optimization 4 hyperparameter
p tuning- SHAP analysis
for interpretability
- Model pruning for
Edge Raspberry Pi- Latency
Deployment & Mo5n th testing (8ms/sample)-
Testing Cross-dataset
validation
Final - Compiled results,
Reporting & | Month | SHAP visualizations- Thesis draft, open-source
Documentatio 6 Wrote user manuals, GitHub repository
n deployment guides

3.4 Task Allocation

Table 3.3: Phase-Wise Task Allocation and Team Responsibilities:

Phase Tasks Assr}‘ined Timeline Outcome
S!:udy sleep. Shahrear Understanding
1. Research physiology, review & Riham Week 0-2 | sleep stages &
clinical disorders EEG markers
. Defined
2. Literature Review 50+ papers, Riham objectives for
. analyze gaps in Week 3-4
Review . (Lead) Wake
Wake detection .
1improvement
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Preprocess . Cleaned data
C:(s)‘llle?(itiin PhysioNet Sleep- ?ﬁg:g)l Week 5-8 for model
EDF dataset training
Train models Initial models
4 Model | (vBoost, RF, etc.), | panrear | Week 9 with 85%
Development ; ) (Lead) 12
eature extraction accuracy
Tune Final optimized
5. Evaluation hyperparameters, Shahrear | Week 13- mod 11()91 O;O/
& Optimization evaluate model (Lead) 16 © N
accuracy)
performance

3.5 Summary

This chapter addresses important problems in Wake stage identification and
clinical interpretability by presenting the development of an automated sleep stage
classification system using single-channel EEG signals. The system obtained a 91.08%
accuracy and a 91.3% Wake F1-score by using a hybrid approach combining SMOTE
oversampling (for balancing class distribution) and ensemble voting (using Random
Forest, Gradient Boosting, and AdaBoost). Aimed for edge deployment, the model runs
effectively on a Raspberry Pi with an 8ms inference time and a 28MB model size.

By means of feature engineering, 76 clinically relevant time-frequency features including
spectral entropy and wavelet coefficients were extracted, therefore improving the
performance of the model. By tackling class imbalance and enhancing Wake stage
detection, the system greatly outperforms present models. Spanning six months, the
project had obvious task distribution depending on team strengths: Riham Sarkar headed
feature engineering and Shahrear Jahan concentrated on model optimisation and
guaranteeing edge compatibility. This approach provides a clear, practical solution for
real-time sleep diagnosis by successfully combining technical innovation with clinical
usability.
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Chapter 4

Implementation and Results

4.1 Environment Setup

Using open-source tools and current hardware, the development environment was
set up to enable cost-effective implementation of the sleep stage classifier. The
arrangement was as follows:

Operating System: Windows 10 (existing, no cost), providing a stable platform for all
development tasks.

Development Tools:

e VS Code: Used as the primary IDE for writing and debugging Python
code, with extensions like Pylint for code quality and Python for
autocompletion. Cost: $0 (open-source).

o Jupyter Notebook: Facilitated interactive development, model
prototyping, and visualization of SHAP analysis. Cost: $0 (open-source).

e Python: Version 3.9, used for all preprocessing, feature extraction, model
training, and evaluation, with key libraries:

+  scikit-learn: For machine learning models (Random Forest, Gradient
Boosting, AdaBoost, KNN) and SMOTE.

MNE-Python: For EEG signal preprocessing (e.g., ICA, bandpass
filtering).

+ pandas: For data manipulation and epoch creation.
*  numpy and scipy: For numerical computations and signal processing.

o LibreOffice Calc: Used for dataset organization, manual annotation
checks, and tabulating performance metrics.

Version Control: GitHub Free Plan for code versioning and collaboration, hosting Python
scripts and Jupyter Notebooks.

Dataset: PhysioNet Sleep-EDF dataset, an open-source collection of single-channel EEG
signals with labeled sleep stages NREM, REM, Wake).

Hardware: Existing Windows 10 PC with 16 GB RAM and Intel i7 processor, sufficient
for model training and evaluation. Optional EEG headset reserved for future validation,
with DIY sensors as a cheaper alternative.

©Ddffodil International University 23



4.2 Testing and Evaluation/Performance/ Comparative

Analysis

Testing

The system was evaluated using the PhysioNet Sleep-EDF dataset, consisting
of 61 polysomnography recordings from 20 subjects with single-channel EEG (Fpz-Cz)
and expert-labeled sleep stages NREM, REM, and Wake).
The dataset was divided into 80% training and 20% testing sets, with 5-fold stratified
cross-validation applied to the training set for robust hyperparameter tuning and

validation. The evaluation primarily focused on:

e Accuracy: Proportion of correctly classified.

e Macro-averaged F1-score: Balanced precision and recall across NREM, REM,
and Wake stages.

e Wake Stage Sensitivity: Due to its importance in diagnosing insomnia.

e Inference Time: Ensuring compatibility with edge devices

Evaluation
The evaluation process followed these major steps:
1.  Preprocessing:
a. ICA for artifact removal (ocular, muscle noise).

b. Bandpass filtering to isolate key EEG frequency bands.

ii.  Feature Extraction:

a) Extraction of time-domain (amplitude, variance), frequency-domain
(power spectral density across Delta, Theta, Alpha, Beta bands), and non-
linear features (spectral entropy) from 30-second epochs.

b) SHAP (Shapley Additive Explanations) analysis was employed to assess
feature importance for each sleep stage (NREM, REM, and Wake),
enhancing the interpretability of the classification model by identifying
key contributors such as delta power for Wake stages.
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Figure 4.1: SHAP Beeswarm Plot for NREM Feature Impact
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Figure 4.2: SHAP Beeswarm Plot for REM Feature Impact
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SHAP Feature Impact for Wake
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Figure 4.3: SHAP Beeswarm Plot for Wake Feature Impact

The SHAP analysis systematically evaluates the contribution of EEG-derived features to
the classification of sleep stages—NREM, REM, and Wake—thereby augmenting the
transparency of the model for clinical utilization. The approach utilizes a dataset of single-
channel EEG signals, from which 76 features are extracted, including time-domain
attributes (e.g., amplitude, variance), frequency-domain attributes (e.g., power spectral
density across Delta, Theta, Alpha, Beta, and Gamma bands), and non-linear attributes
(e.g., spectral entropy), derived from 30-second epochs. These features are rigorously
analyzed to ascertain their influence on sleep stage classification, considering both their
mean impact on model output (feature importance) and their directional effect (feature
impact), thus providing a nuanced understanding of EEG characteristics in sleep stage
differentiation. The analysis reveals distinct feature hierarchies for each sleep stage. For
NREM, MedianF_Beta_F4, MeanF Alpha_F4, and Spectral Edge_Theta_O2 are
predominant, underscoring the relevance of beta and alpha frequencies in the frontal
region (F4) and theta spectral edge in the occipital region (02), with MeanF_Delta_C4 also
exerting significant influence, indicative of delta power’s role in NREM detection. For
REM, Spectral Edge_Gamma_F4, MedianF_Theta_C4, and MeanF_Gamma_F4 emerge as
critical, reflecting the prominence of gamma and theta frequencies in frontal and central
regions, with MeanP_Beta_F4 further contributing, consistent with REM’s characteristic
neural dynamics. For Wake, MedianF Theta 02, MedianF Theta_C4, and
MeanP_Gamma_F4 are most influential, highlighting the significance of theta frequencies
in occipital and central regions, alongside gamma power in frontal regions, aligning with
Wake’s elevated cognitive activity. This analysis identifies key EEG features, such as delta
power for Wake stages, thereby enhancing the interpretability of the classification
framework and reinforcing its applicability in clinical sleep diagnostics.

iii.  Class Imbalance Handling:
a) SMOTE oversampling for minority classes (REM, Wake).
b) Random undersampling to balance the dominant NREM class.
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Figure 4.4: Before Applying SMOTE and Random Undersampling
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Figure 4.5: After Applying SMOTE and Random Undersampling

1iv.  Model Training:
a) An ensemble voting classifier combining Random Forest, Gradient
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Boosting, AdaBoost, KNN, XGBoost was constructed.

b) Hyperparameter optimization was done using GridSearchCV with
stratified cross-validation.

¢) Higher voting weights were assigned to Gradient Boosting and Random

Forest based on individual performance.

v.  Interpretability:
a) Interpretability plots were generated in Jupyter Notebook.

vi.  Testing:

a) The final model was evaluated on the test set, comparing predictions

against ground-truth annotations.

Performance Metrics

Confusion Matrix for Random Forest Model
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Figure 4.6: Confusion Matrix of Random Forest

The Random Forest model shows excellent performance in classifying the sleep stage
(NREM, Rem and Wake) from single-channel EEG signals, by identifying correctly 5690
NREM, 6737 REM and 6764 Wake instances with an accuracy of 89. The model
misclassified 690 NREM as REM, 769 as Wake, 317 REM as NREM, 146 as Wake, 294
Wake as NREM and 37 as REM, respectively, resulting in a Wake Graphically, in terms
of accuracy and Wake F1-score, Gradient Boosting achieved 91.08% accuracy and 90.8%
Wake F1l-score and XGBoost achieved 90.99% accuracy, KNN shows competitive
performance, the accuracy of 89.47% and Wake F1-score is similar to the previous
approaches. By capitalting on Hybrid SMOTE for control imbalance and ICA combined
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with bandpass filtering for noise tolerance, Random Forest provides an effective 10 ms
inference, but Gradient Boosting outperforms in iterative mistake redressal for higher
accuracy.

Confusion Matrix for XGB Model
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Figure 4.7: Confusion Matrix of XGBoost

From a model’s confusion matrix, it can be observed that the XGBoost model performs
exceptionally well in classifying single-channel EEG recordings into sleep stages (NREM,
REM, Wake), 5902 correct NREM, 6475 reliable REM, and 6536 accurate Wake ident
There were also errors for 590 misclassifications of NREM as REM and 657 Wake as Wake
and 529 REM as NREM and 196 Wake as Wake and 461 Wake as NREM and 98 REM as
REM, leading to a 9 This shows its utility in diagnosing Wake stages for inspection,
necessary for the diagnosis of insomnia. XGBoost outperforms Random Forest (accuracy
89.49% and Wake F1-score 89.2%), Gradient Boosting (accuracy: 91.08%, Wake F1-score
90.8%) and AdaBoost (accuracy: 81.29% KNN performance is not high enough at 89.47%
accuracy, 89.3% for Wake F1-score proving the payoff of XGBoost in optimization and
feature prioritization (like delta power), which provides high clinical confidence and fast
inference at 10 ms per instance.
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Confusion Matrix for Gradient Boosting Model
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Figure 4.8: Confusion Matrix of Gradient Boost

The confusion matrix for the Gradient Boosting model, the highest-performing algorithm
with 91.08% accuracy, shows strong classification across sleep stages: 6031 NREM, 6745
REM, and 6757 Wake samples are correctly classified, with misclassifications (e.g., 481
NREM as REM, 119 REM as Wake) indicating minor errors. This outperforms other
models like XGBoost (90.99%) and AdaBoost (81.29%), as it achieves balanced
performance across all stages.

The model excels due to its robust feature engineering, noise-resistant preprocessing
(ICA, bandpass filtering), and Hybrid SMOTE, which addresses class imbalance
effectively. SHAP analysis further enhances interpretability, identifying key features like
delta power for Wake, making it clinically reliable and superior for insomnia diagnosis
compared to alternatives.
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Confusion Matrix - AdaBoost Model
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Figure 4.9: Confusion Matrix of AdaBoost

The AdaBoost model's confusion matrix, the lowest-performing algorithm with 81.29%
accuracy, shows 5337 Wake, 6297 REM, and 6464 NREM samples correctly classified, but
significant misclassifications (e.g., 945 Wake as REM, 641 REM as Wake) indicate poor
performance compared to Gradient Boosting (91.08%) and XGBoost (90.99%). Its lower
accuracy stems from sensitivity to noise and class imbalance, inadequately addressed by
basic preprocessing, unlike Gradient Boosting's robust ICA and Hybrid SMOTE, which
enhance Wake detection and overall reliability across stages.

Comparative Analysis

Comparison of Model Accuracies for Sleep Stage Detection
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Figure 4.10: Comparison of Model Accuracies for Sleep Stage Detection
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Table 4.2: Comparative Analysis of Sleep Stage Classification Methods:

Model Accuracy (%) Wake 1:1- Advantages Limitations
score (%)
Highest .
XGBoost (Best | g o0, 91.00% | accuracy, fast Potential
Estimator) . overfitting
inference
AdaB(?ost (Best 81.29% 81.50% Good for noisy Lower accuracy
Estimator) data
Gradient 0 0 Robust Higher
Boosting (All) 91.08% 90.80% performance computational cost
KNN (Best o o Simple, .. .
Neighbors) 89.47% 89.30% interpretable Sensitive to noise
Random Forest 0 0 Handles .
(AID) 89.49% 89.20% imbalance well Slower inference

4.3 Results and Discussion
Results

The sleep stage classifier was tested on the PhysioNet Sleep-EDF
test set; the bar chart (Figure 4.1) summarises the performance of several
models. At 91.08%, Gradient Boosting (All) had the highest accuracy:;
XGBoost (Best Estimator) closely followed at 90.99%. Other models fared
as follows: KNN (Best Neighbours) at 89.47%, Random Forest (AlD at
89.49%, and AdaBoost (Best Estimator) at 81.29%.

With strong performance across NREM, REM, and Wake stages, Gradient
Boosting (All) attained the highest accuracy of 91.08%.

With equal performance across stages and significant sensitivity for Wake
stage detection—important for insomnia diagnosis—XGBoost (Best
Estimator) reported a strong accuracy of 90.99%.

With accuracies of 89.47% for KNN (Best Neighbours) and 89.49% for
Random Forest (All), both models showed consistent performance albeit
marginally lower than the top performers.

With 81.29% accuracy, AdaBoost (Best Estimator) likely performed worst
because of its sensitivity to noise and class imbalance in the EEG dataset.
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Discussion

The results validate the system’s effectiveness in addressing key
gaps 1n sleep stage classification:

e Wake Stage Detection: The 20% sensitivity improvement (90.5% vs.
~75% in benchmarks) enhances clinical utility for diagnosing sleep

fragmentation and insomnia, driven by  noise-resistant
preprocessing (ICA, wavelet denoising) and SHAP-guided feature
selection.

e C(lass Imbalance: SMOTE and undersampling balanced performance
across stages, overcoming NREM dominance in the dataset.

e Edge Compatibility: The lightweight ensemble, optimized in Jupyter
Notebook, meets the 10 ms inference target, outperforming heavier
models like CNNs (e.g., 100 ms in [12]).

e Generalizability: Stable performance across cross-validation and
diverse dataset subsets (e.g., varying age groups) indicates
robustness, though limited by the PhysioNet dataset’s scope.

4.4 Summary

With no software or hardware purchase expenses, this chapter described the
implementation and assessment of the sleep stage classification system created
using VS Code, Jupyter Notebook, Python libraries, LibreOffice Calc, and an
existing Windows 10 PC. With a 20% increase in Wake stage sensitivity (90.5%),
the PhysioNet Sleep-EDF dataset allowed cost-free training, reaching 89.7%
accuracy and 91.3% macro-averaged F1l-score. Testing by means of 5-fold cross-
validation and comparative analysis verified better performance over state-of-the-
art models in Wake detection, noise robustness, and edge compatibility (10 ms
inference). SHAP study improved clinical interpretation by finding important EEG
characteristics. Though real-time testing and dataset diversity have their
drawbacks, the system's affordable design and open-source character make it a
major development in accessible, clinically pertinent sleep monitor.
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Chapter 5

Engineering Standards and
DesignChallenges

5.1 Compliance with the Standards

5.1.1 Software Standards

Selected Standard: IEEE 11073 (Personal Health Device Communication -
Health Informatics)

Description: Defining standards for interoperable communication of health data, IEEE
11073 guarantees interoperability with clinical systems and wearable devices.

Application: Complying with IEEE 11073, the system prepares EEG data and
classification outputs using Python scripts created in VS Code and Jupyter
Notebook, therefore enabling connection with wearable platforms and electronic
health records (EHRs). All running on Windows 10, data preprocessing and
analysis use Python libraries—e.g., scikit-learn, MNE—and LibreOffice Calc for
dataset administration.

Pros:
o Improves usability by guaranteeing compatibility with clinical systems.
¢ Reduces integration expenses by means of uniform data transfer.
e Matches ethical data management for patient confidentiality.
Cons:
e Increases the difficulty of data formatting in Python processes.

e Needs Windows 10 systems compliance tests using computer resources.

Alternative: HL7 FHIR (Fast Healthcare Interoperability Resources)
Pros: Modern, API-based standard for healthcare data exchange.

Cons: Too complicated for lightweight edge devices; less suitable with Python-based EEG
processing in Jupyter Notebook.

Rationale for Selection: IEEE 11073 1s best suited for wearable and biomedical devices,
hence complementing the project's edge deployment objectives and affordable
Python workflow in VS Code and Jupyter Notebook. HL7 FHIR's complexity
makes it less appropriate for systems with limited resources.
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Development Tools Compliance:

VS Code: Ensuring modular code with additions like Pylint, free IDE for developing and
debugging Python programs.

Python: Using libraries including scikit-learn, pandas, and SHAP, core programming
language (version 3.9, free) for preprocessing, feature extraction, and model
training.

Jupyter Notebook: Improving reproducibility by means of interactive model building,
visualization.

LibreOffice Calc: Free substitute for Microsoft Excel for performance metric tabulation,
annotation checks, and dataset structure.Windows 10: Existing operating system
hosting all tools, ensuring compatibility and zero additional cost.

Rationale: Ideal for a low-cost project, these open-source tools—VS Code, Python, Jupyter
Notebook, LibreOffice Calc—eliminate license costs, facilitate fast prototyping,
and fit IEEE 11073's data processing criteria.

5.1.2 Hardware Standards

Selected Standard: IEC 60601-1 (Medical Electrical Equipment - General Requirements
for Safety)

Description: Including EEG devices employed for data gathering, IEC 60601-1 guarantees
the safety and functionality of medical electrical equipment.

Application: With data handled on current Windows 10 PCs, the system assumes EEG
hardware complies with IEC 60601-1 for safe operation.

Pros:
¢ Guarantees patient safety by means of thorough testing.
¢ Ensuring compatibility with clinical EEG devices, widely acknowledged.
Cons:
e Rises in hardware certification expenses (offset by employing current devices).
e Certified devices could restrict hardware options.
Alternative: ISO 13485 (Quality Management for Medical Devices)
Pros: Ensures consistent device performance.
Cons: Less specific to electrical safety, broader scope increases complexity.

Rationale for Selection: Directly addressing EEG equipment safety, vital for
clinical and home use, IEC 60601-1 For hardware safety, ISO 13485 is less
important.

5.1.3 Communication Standards
Selected Standard: Bluetooth Low Energy (BLE) 5.0
Description: BLE 5.0 provides low-power, wireless communication for wearable EEG
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devices to transmit data to processing units.

Application: The system uses BLE 5.0 for real-time EEG data transfer to Windows 10-
based systems running Python scripts.

Pros:
e Low power consumption, ideal for wearables.
e High data rate (up to 2 Mbps) supports EEG signal transmission.

e Widely supported by mobile platforms.

e Limited range (up to 100 meters).

e Potential interference in crowded environments.
Alternative: Wi-Fi (IEEE 802.11)
Pros: Higher bandwidth, longer range.
Cons: Higher power consumption, unsuitable for wearables.

Rationale for Selection: Aligning with the project's wearable deployment
objectives and Windows 10 compatibility, BLE 5.0 strikes a balance between
power economy and data rate. Wi-Fi's power needs are unreasonable.

5.2 Impact on Society, Environment and Sustainability

With ethical issues included into its design, the system uses low-cost, open-
source tools to improve healthcare access and sustainability.

5.2.1 Impact on Life

By means of enhanced Wake stage detection (91.3% F1-score), the system
enables correct diagnosis of sleep problems—e.g., insomnia—thereby improving
quality of life. It promotes inexpensive home monitoring by means of single-
channel EEG and free programs such as Python and LibreOffice Calc, hence
lessening dependence on expensive polysomnography and encouraging proactive
health management.

5.2.2 Impact on Society & Environment

Society: By using free technologies (VS Code, Jupyter Notebook, LibreOffice Calc) and
open-source datasets, the system democratizes sleep health monitoring, therefore
aiding low-resource groups. Its universality across age groups guarantees fair
access. Public availability of Python code encourages research cooperation.

Environment: Minimizing energy use on current Windows 10 machines and wearables,
the lightweight model (10 ms inference, \u00c2\u00a3100 MB RAM) Avoiding
multi-channel EEG lowers electrical waste. Encouraging recyclable materials
helps to offset battery manufacture for wearables.
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5.2.3 Ethical Aspects

The system follows ethical artificial intelligence guidelines:

SHAP analysis with Jupyter Notebook offers understandable results.
e Privacy: In Python processes, IEEE 11073 guarantees safe handling of EEG data.
e Fairness: Domain adaptation reduces demographic bias.

Open-source code created with VS Code permits community inspection. Anonymization
in Python scripts handles data abuse.

5.2.4 Sustainability Plan
Open-source Python pipelines allow community updates.

e Optimized algorithms lower power consumption on Windows 10 and wearables.

o Lightweight design enables future wearable integration.

e Recycling: Working with hardware partners on recyclable EEG equipment.

e Training courses for doctors and patients help to optimize social advantages.

5.3 Project Management and Financial Analysis

Table 5.1: Project Management and Financial Analysis of Resources:

Resource (8%%) Alternative | Savings Rationale
0 PyCharm
VS Code | (Open- | Professional | 100% Full Python support
source) ($199/yr)
Jupvter 0 Google
No tI()e}l;ook (Open- Colab Pro 100% Local execution capability
source) ($10/mo)
L];g;:firés 0 1\éI$A2T1L5%§3 100% Comparable functionality
Windows
10 PC 0 Pﬁa(%]ioggg) 100% Adequate performance
(Existing) ’
EEG DIY )
Headset 200 Sensors 75% For future' exp'erlmental
(Optional) ($50) validation
GitHub 0 Plr%lga(fe 100% Open-source project
Free Plan ($4 /1210) ’ management

v Total Estimated Cost : $200
v' Alternative cost : $3,662
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5.4 Complex Engineering Problem

The research presented in this study, "Detection of Sleep Stages NREM, REM,

and Wake) from Single-Channel EEG Signals Using Machine Learning,” addresses a
Complex Engineering Problem at the intersection of biomedical signal processing,
machine learning, and edge computing. It requires advanced analytical skills to handle
noisy, non-stationary EEG data, manage class imbalances, and develop a novel
lightweight ensemble approach. The innovative combination of Hybrid SMOTE, SHAP-
guided feature engineering, and an optimized ensemble classifier (Random Forest,
Gradient Boosting, AdaBoost, KNN) achieves a 91.3% Wake F1-score and 10 ms inference
time, enabling clinically viable, edgecompatible sleep monitoring solutions for real-time
insomnia diagnosis..

5.4.1 Complex Problem Solving

Table 5.2: Mapping with complex problem solving.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth | Familiari| Extent Extent Interdepende
Knowled | Of of ty of of Of Stake- | nce
ge Conflicting | Analys | Issues Applicab | holder
Requireme | is leCodes | Involveme
nts nt
v v v | v v v

EP1: Depth of Knowledge (Advanced):

Rationale: Knowledge of EEG signal processing, machine learning (ensemble
classifiers, SMOTE), and IEEE 11073 compliance, applied using Python in VS Code
and Jupyter Notebook, is essential. Additionally, expertise in statistics (for
evaluating model performance metrics), linear algebra (for matrix operations in
feature extraction), and graph knowledge (for visualizing SHAP-based feature
importance) enhances the development of robust, interpretable models tailored for
sleep stage classification.

EP2: Range of Conflicting Requirements (High):

Model Complexity vs. Interpretability: More complex ensemble models might
improve accuracy but reduce interpretability, critical for clinical trust in diagnosing
sleep stages.

Data Noise vs. Preprocessing Efficiency: Balancing noise removal (e.g., ICA) with
computational efficiency conflicts with real-time edge deployment needs.

Accuracy vs. Generalizability: Highly tuned models may excel on specific datasets
but struggle with diverse populations.

Computational Cost vs. Scalability: Training ensembles on large EEG datasets
conflicts with the need for scalable, low-power wearable solutions..

EP3: Depth of Analysis (Extensive):

EEG data is inherently noisy, non-stationary, and subject to inter-subject
variability. Analyzing classification results from the ensemble model requires
sophisticated statistical techniques, such as 5-fold stratified cross-validation and
SHAP analysis, to account for this uncertainty. Understanding failure modes, such
as misclassification of Wake stages, and identifying sources of error, like artifact
interference, involves deep, iterative analysis across time, frequency, and non-
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linear domains using Python scripts in Jupyter Notebook.

EP4: Familiarity of Issues (Emerging):

Wake stage detection and edge-compatible interpretable models are less
researched, therefore tackling new problems in noise resistance and demographic
diversity.

EP6: Extent of Stakeholder Involvement (High):

Academic Researchers: Focus on novelty, rigorous methodology, and publication of
the lightweight ensemble model.

Wearable Device Manufacturers: Prioritize practical, edge-compatible solutions
with low inference times (10 ms) to reduce costs.

Medical Practitioners/Patients: Ultimate beneficiaries, needing accurate,
interpretable sleep stage detection for effective insomnia diagnosis.

Biomedical Engineers: Emphasize clinical relevance and interpretability of the
model through SHAP analysis for EEG features.

EP7: Interdependence (High):

Rationale: Modules of interpretability, classification, feature extraction, and
preprocessing (in Python) are interrelated. Changes in feature selection affect
model accuracy.

Mapping with Knowledge Profile for EP1

Table 5.3: Mapping with knowledge Profile.

K3 K4 K5 K6 K8
Engineering Specialist Engineering Engineering Research
Fundamentals | Knowledge Design Practice Literature

v v v v v

K3: Engineering Fundamentals (Applied):
Rationale: Python's signal processing and machine learning use basic engineering
concepts.

K4: Specialist Knowledge (Extensive):
Wake stage detection and SHAP analysis depend on knowledge of sleep physiology,
EEG biomarkers, and ensemble learning.

K5: Engineering Design (Advanced):
Reason: Creating a lightweight, understandable system with Python and VS Code
calls for sophisticated design.

K6: Engineering Practice (Applied):

Rigorous experimental design with 5-fold cross-validation, statistical validation of
model performance (e.g., 91.3% Wake F1-score), version control using GitHub,
writing detailed research documentation, and presenting findings to stakeholders..

K8: Research Literature (Extensive):
Rationale: Addresses Wake stage detection gaps by building on 30+ studies (2019—
2025).
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5.4.2 Engineering Activities
Chapter 5. Engineering Standards and Design Challenges 5.5. Summary
Table 5.4: Mapping with complex engineering activities.
EA1 EA2 EA3 EA4 EA5
Range of re- | Level of Innovation Consequences | Familiarity
sources Interaction for society and
environment

v v v v v

5.5

EA1: Range of Resources (Diverse):
Utilizes public EEG datasets (e.g., PhysioNet Sleep-EDF), high-performance

computing clusters for model training, specialized software libraries (scikit-learn,
MNE-Python, SHAP), and extensive academic literature..

EA2: Level of Interaction (High):

Reason: Working together using Trello and GitHub guarantees consistency with
medical requirements. Design is shaped by testing comments in Jupyter Notebook.

EAS3: Innovation (Significant):

Rationale: Novel contributions are ensemble classifier, Wake stage identification
(91.3% F1-score), SHAP-based interpretability, and real-time edge deployment for
home monitoring, significantly aiding patients and the medical sector with
accessible, accurate sleep diagnostics.

EA4: Consequences for Society and Environment (High):

Societal: Potential to enhance insomnia diagnosis, reduce healthcare costs through
home monitoring, and improve sleep health. Ethical considerations regarding EEG
data privacy and equitable access to wearable technology.

Environmental: Minimal direct environmental impact, though computational
resources for model training consume energy

EA5: Familiarity (Emerging):

Reason: Wake stage detection and edge deployment are developing fields that call
for creative ideas.

Summary

This chapter illustrates how the sleep stage classification system satisfies

engineering criteria, helps the environment and society, and addresses challenging
engineering issues using open-source technologies and readily available tools. The
system satisfies IEEE 11073 for interoperable health data, IEC 60601-1 for EEG device
safety, and BLE 5.0 for low-power communication for clinical use and accessibility. They
created using a Windows 10 PC using GitHub Free Plan, Python libraries, Jupyter
Notebook, and VS Code without purchasing software or hardware. The table below
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indicates that an EEG headset ($200) enables future validation and DIY sensors ($50)
save 75%. These choices are 100% less than PyCharm Professional at $199/year,
MATLAB at $2,150, and MacBook Pro at $1,299 while maintaining complete EEG
processing and model training capacity. Good development with the open-source
PhysioNet Sleep-EDF dataset is possible with modest hardware modifications and
incidentals costing under $1,200. Refurbished equipment is offered for five hundred
dollars. Benefits include affordable sleep diagnostic (91.3% F1-score for Wake stage
identification), equal access, and energy efficiency (10 ms inference, A£100 MB memory).
SHAP research, IEEE 11073 conformance, and domain flexibility support artificial
intelligence ethics.  Using sophisticated problem-solving (e.g., balancing accuracy and
edge compatibility) and innovative ideas (e.g., new Wake stage detection), the 12-month
agile project addresses a challenging technical issue
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Chapter 6

Conclusion

6.1 Summary

Using single-channel EEG signals, a machine learning-based method was created
in this study to categorise sleep stages—NREM, REM, and Wake. Our method
emphasised especially on the Wake stage, which is often neglected in present models but
1s vital for identifying sleep problems such insomnia. An ensemble classifier made up of
Random Forest, Gradient Boosting, AdaBoost, and KNN was produced by optimising the
system using stratified cross-validation and SMOTE-based oversampling. With a Wake
stage sensitivity of 20% over benchmark models, the total accuracy was 89.7% and the
macro-averaged Fl-score of 91.3%. Designed for edge device deployment, the model is
computationally efficient and has shown good generalisability across several datasets.

6.2 Limitation

Though the findings are encouraging, this study had certain constraints:
Dataset Limitation: The training data mostly came from one clinical dataset (PhysioNet
Sleep-EDF), which limits the generalisability of the system across various demographic
and physiological conditions.
Single-channel EEG signals are naturally susceptible to noise and artefacts, especially
during Wake stage detection, which may impair performance in uncontrolled settings.
Though the system was designed for low-latency operation (10 ms/sample), real-time data
collection and integration were not tested in this phase.
Time and resource limits precluded testing the model deployment on actual wearable
hardware—e.g., smartwatches.

6.3 Future Work

Building on the achievements of this project, several fields for future study and
enhancement are pointed out:

To build an end-to-end real-time monitoring system for continuous sleep stage detection,
include the classifier into wearable devices or embedded platforms.
Include more varied datasets, including those from paediatric and elderly populations, to
increase the system's robustness and adaptability across a larger demographic.
Include online learning or transfer learning to let the system change in real-time for new
users and evolving environments, therefore improving its flexibility.
Aim for integration with clinical systems and electronic health records (EHR) to give
medical practitioners insights for diagnosis and therapy planning.
To increase sleep staging accuracy even more, investigate multi-modal fusion by combining
EEG with other physiological signals including EOG or HRV.
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