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ABSTRACT

Mental fatigue is a brain state that causes energy levels to decline due to engagement in a
prolonged period of cognitive tasks, such as online learning. It results attention deficits and
poor academic performance by reducing focus and engagement during online learning
sessions. It is essential to address mental fatigue early because it leads to permanent
cognitive deficits and emotional impairments. Existing subjective assessments like surveys,
interviews and self-report questionnaires are time-consuming and often reported as bias,
since humans cannot accurately measure their cognitive performance. Although there are
numerous machine learning (ML) approaches for mental fatigue detection using
electroencephalogram (EEG) signals, there is a lack of study on mental fatigue detection
among online learners. Therefore, this study aims to use EEG-derived emotional states
metrics for mental fatigue detection by identifying existing EEG-based emotional metrics
and mental fatigue detection techniques through literature review, then developing and
evaluating machine learning models. Thus, this study employs Emotiv Performance
Metrics (EPM) including engagement, excitement, interest, stress and relaxation. The
mental fatigue detection consists of EPM metrics collection using an Emotiv Insight
headset, and ML model development including Logistic Regression (LR), Support Vector
Machine (SVM), Multilayer Perceptron (MLP) and Ensemble Learning model. A total of
10 students participated in the data collection session. However, data from only 8
participants were included in the mental fatigue detection. The two participants were
excluded based on the Chalder fatigue Scale (CFS). One participant pre-CFS score is 4,
which defines that he is already in a fatigue state. Other participants pre-CFS and post-CFS
score was less than 4, that indicates the participants did not fatigue during the learning
session. The findings of descriptive analysis, correlation analysis and statical analysis show
the significance of EPM between the fatigue and non-fatigue sessions. The mental fatigue
detection models show reliable and consistent performance. Notably, the Ensemble model
exhibits the most consistency and reliability in the subject-dependent analysis with average
accuracy 0.91, Fl-score 0.91, ROC AUC score 0.96 and cross validation 0.87, where
subject-independent analysis with accuracy 0.75, F1-score 0.76, ROC AUC 0.83 and cross-
validation mean 0.75. This evident that the subject-dependent models are more consistent
than the subject-independent model. The findings are also evident that EPM emotional
states are crucial features in the mental fatigue detection for online learners. Furthermore,
the findings of this research lead to proposes a real-time mental fatigue intervention
framework for online learners, where mental fatigue detection is achieved using EPM
emotional metrics and Ensemble learning. Future studies need to investigate the influence
factors of emotional states and mental fatigue to evaluate the mental fatigue intervention
framework. A comprehensive investigation is required for subject-independent and subject-
dependent based mental fatigue detection and intervention techniques.



. DU s Butlas A il GlayY)
W olad) o ASTY) ALl e dlysh 0 3 LUV oy Bl Slgis SUE) o a8les Wl s i)
SRR e el e A5 10) ; i o Y1 o151y oVl (3 i 3 s
}; idlen (59, W) pe ad) Sl LT aSLally S5 Al A alSY Yy ol 3 u: |
Bay Yl Adlan (59000l ay LY e s
N Y y:Ls.L\ ez oo (aJUH 20 Sledl L auible Sbllaly W15 SThsl e ) o 6Y S "’5‘33“:
SblaaaVly edllalls @ N - . - |z e Wy s By G ans il
et gy o o o By (S ool o e Se Y 2l OF S s £ 30Y) g L W Sk & LY

el g o Y el RUCTS I3 | EW
e 01 V) ¢ (EEG)pla 248 Lalad L) plaseznly Jaall slexY) e s (ML) (1Y (4&5: < | u;x\ & Uak
s\ ¢ | = 5 i ) . e SIL kel :
Y eglie ezt ) auhull ods Oud (WA i@l e raladl G Jaal Y1 e EEG .L,:.,Lw 1ablall
y 2280 sy BEG () saed) addbt ablall Goalil) ad I3l o0 il Y e a2 EBG
o SN ) ) NI VI JTER T (P R PN
BV oo o331 sl o iyl o s (A1 A5 23U sy pslad ¢ ol . (EPM
Emotiv o o531 ey oS0 s 055 ol el rlass¥ly 531y Sl a5 S )
EPM slie g o Jial) GlaYl e (S adas 0555 sl gl 5 < e f i
o RSt £ B o R : 3 t ], de EESHYE
(SVM)clemdl wo3 Ty ¢ (LR) grgll [0V Jots (T ol 23U 55y Emotiv Insighe \ T \
‘ T - . " SR PEPERE WS S LA
3 Y 10 o0 3sse2 esjla . (Ensemble Learning) sesdl Jadl 3489 « (MLP)olil)i 55 L
N :;\M il £ Lo Jaall Gl e atST ks 3 o (oSt B Dby il ¢ Sy UL o i
B 081 sl S o : ry = S)slemtl les s
g Ll 3 0T ) et o4 syl 2l 13 CFS s oSitell sl gl e . (CES)slexi L;'qu
Jadl sl Bl i i clall an) ALl 5 CFS wnys ils Loy
J:!ﬂu ru\u};ui;@»wwf%év‘gwiﬁ*—u‘4““}"&}5“‘%}%MJJ?; ' )'55\ 4
L . g ‘ fo, Ny ¢ L3I ol ¢ ol
< S 3 oebly il ey dadll SLdb o EPM wlie 281 slasY Lldly ¢ bl e oy
o5 it Y Sy 4 > g - . . b cas Gt ;‘J‘M‘d)‘
= G SN 23550 Sl (Ensemble) oot (el 358 ebl cBgmls (Kay Gsay Bipa 311
esell e ‘L}}; e ) i 91 cols F1 amy30 (0.91 w5 Ja,,«ﬂ t}*’)’u &ELC
0.87 Lwvsin ablis 3324 <0.96 5ls ROC AUC 2,35 0.91 sy % gy
S A S “ 5 FL iy (075 gl @ pased) si cgsosll oo Jandl Lol
0.83 5ls ROC AUC 235 <0.76 (st F1 as sy 0.75 abtid giosh ey
o i . . W o 5o J 1dag 0. Al 3d>d
S gl o8 el e o Bl ST ) e sl il O e 52 z jui,w YU of ilad o glof
. ) N uLLz_; —_— ) c’
W G o Sl dwlal ol 0 EPM el Gy 2,
BLAYL L mY) pe Cpedadl o Jad) SV e a2 5 : - ot s calls U
S Ve Cpalanal) Liall B Jad) w3l (3 55 ) H1 ) el eds s 505 (2l )
. 'g“i\ﬂ&:—""uﬂxﬁ;‘ = s o Uis aliseinl  Jaadl sty
J;yu_\ e i el (3 gl ) adadl ol c‘*‘" 6‘“"“” V‘L‘ﬂ" sl EPM ot ) f:j bl
N A . Ja Bl e aaSWU Juls gid ) ar > Slany i) o) o] k) i) Slals 3,
J:‘L’Lﬂ‘ Jl °M\J> aas/ - t}-\ﬁ}l‘u’" e btyﬁl‘k;;wu |

ASST. PROF. DR. ZAINAB SENAN ATTAR BASHI
Assistant Professor
Department of Computer Science
Kulliyyah of Information and Communication Tecnnoiogy
International Islamic University Malaysia
3

%‘R



APPROVAL PAGE

I certify that I have supervised and read this study and that in my opinion, it conforms to
acceptable standards of scholarly presentation and is fully adequate, in scope and quality,
as a dissertation for the degree of Master of Computing (Computer Science and Information

Technology).

Assoc. Prof. Ts. Dr. Hamwira Sakti
Bin Yaacob
Supervisor

Prof. Dr. Faizah Binti Idrus
Co-Supervisor

I certify that I have read this study and that in my opinion it conforms to acceptable
standards of scholarly presentation and is fully adequate, in scope and quality, as a
dissertation for the degree of Master of Computing (Computer Science and Information

Technology).

v

Ts. Dr. Dini Oktarina Dwi
Handayani
Internal Examiner

Assoc. Prof. Ts. Dr. Mohd Ibrahim
Bin Shapiai
External Examiner



This dissertation was submitted to the Department of Computer Science and is accepted as
a fulfilment of the requirement for the degree of Master of Computing (Computer Science
and Information Technology).

Head, Department of Computer
Science

This dissertation was submitted to the Kulliyyah of Information and Communication
Technology and is accepted as a fulfillment of the requirement for the degree of Master of
Computing (Computer Science and Information Technology).

Kulliyyah of Information and
Communication Technology



DECLARATION

I hereby declare that this dissertation is the result of my own investigations, except where
otherwise stated. I also declare that it has not been previously or concurrently submitted as

a whole for any other degrees at IIUM or other institutions.

Md Farhad Hossain

f i ; K 23/12/2024

Signature............cooeiiiiiiiiinnan.. Date...........covvvvnnnn.

Vi



INTERNATIONAL ISLAMIC UNIVERSITY MALAYSIA

DECLARATION OF COPYRIGHT AND AFFIRMATION OF
FAIR USE OF UNPUBLISHED RESEARCH

DETECTING MENTAL FATIGUE IN ONLINE LEARNERS
USING EEG-BASED EMOTIONAL METRICS AND ENSEMBLE
LEARNING

I declare that the copyright holder of this thesis/dissertation are jointly owned by the
student and ITUM.

Copyright © 2014 Student Name and International Islamic University Malaysia. All rights reserved.

No part of this unpublished research may be reproduced, stored in a retrieval system,
or transmitted, in any form or by any means, electronic, mechanical, photocopying,
recording or otherwise without prior written permission of the copyright holder except
as provided below

1. Any material contained in or derived from this unpublished research may only
be used by others in their writing with due acknowledgement.

2. IIUM or its library will have the right to make and transmit copies (print or
electronic) for institutional and academic purpose.

3. The IIUM library will have the right to make, store in a retrieval system and

supply copies of this unpublished research if requested by other universities
and research libraries.

By signing this form, I acknowledged that I have read and understand the [ITUM
Intellectual Property Right and Commercialization policy.

Affirmed by Md Farhad Hossain

f i g ] 23/12/2024

Signature Date

vii




INTERNATIONAL ISLAMIC UNIVERSITY MALAYSIA

DECLARATION OF COPYRIGHT AND AFFIRMATION OF
FAIR USE OF UNPUBLISHED RESEARCH

DETECTING MENTAL FATIGUE IN ONLINE LEARNERS
USING EEG-BASED EMOTIONAL METRICS AND
ENSEMBLE LEARNING

I declare that the copyright holder of this thesis/dissertation is International
Islamic University Malaysia.

Copyright © 2014 International Islamic University Malaysia. All rights reserved.

No part of this unpublished research may be reproduced, stored in a retrieval system,
or transmitted, in any form or by any means, electronic, mechanical, photocopying,
recording or otherwise without prior written permission of the copyright holder
except as provided below

1. Any material contained in or derived from this unpublished research may
only be used by others in their writing with due acknowledgement.

2. IIUM or its library will have the right to make and transmit copies (print or
electronic) for institutional and academic purpose.

3. The IIUM library will have the right to make, store in a retrieval system and
supply copies of this unpublished research if requested by other universities
and research libraries.

By signing this form, I acknowledged that I have read and understand the [TUM
Intellectual Property Right and Commercialization policy.

Affirmed by Md Farhad Hossain

f i g I 23/12/2024

Signature Date

viii




INTERNATIONAL ISLAMIC UNIVERSITY MALAYSIA

DECLARATION OF COPYRIGHT AND AFFIRMATION OF
FAIR USE OF UNPUBLISHED RESEARCH

DETECTING MENTAL FATIGUE IN ONLINE LEARNERS
USING EEG-BASED EMOTIONAL METRICS AND
ENSEMBLE LEARNING

I declare that the copyright holder of this thesis/dissertation is Name of the
Student.

Copyright © 2014 Student Name. All rights reserved.

No part of this unpublished research may be reproduced, stored in a retrieval system,
or transmitted, in any form or by any means, electronic, mechanical, photocopying,
recording or otherwise without prior written permission of the copyright holder
except as provided below

1. Any material contained in or derived from this unpublished research may
only be used by others in their writing with due acknowledgement.

2. IIUM or its library will have the right to make and transmit copies (print or
electronic) for institutional and academic purpose.

3. The IIUM library will have the right to make, store in a retrieval system and
supply copies of this unpublished research if requested by other universities
and research libraries.

By signing this form, I acknowledged that I have read and understand the [TUM
Intellectual Property Right and Commercialization policy.

Affirmed by Md Farhad Hossain

ﬁ, 23/12/2024

Signature Date

X




This thesis is dedicated to my respected parents, beloved wife, caring younger sisters,

my professors and schools teachers for laying the foundation of what I turned out to be



ACKNOWLEDGEMENTS

All glory is due to Allah, the Almighty, whose Grace and Mercies have been with me
throughout the duration of my program. Although, it has been tasking, His Mercies and
Blessings on me ease the herculean task of completing this thesis.

I am most indebted to by supervisor, Assoc. Prof. Ts. Dr. Hamwira Sakti Bin
Yaacob, whose enduring disposition, kindness, promptitude, thoroughness and friendship
have facilitated the successful completion of my work. I put on record and appreciate his
detailed comments, useful suggestions and inspiring queries which have considerably
improvedthis thesis. His brilliant grasp of the aim and content of this work led to his
insightful comments, suggestions and queries which helped me a great deal. Despite his
commitments, he took time to listen and attend to me whenever requested. The moral
support he extended to me is in no doubt a boost that helped in building and writing the
draft of this research work. I am also grateful to my co-supervisor, Prof. Dr. Faizah Idrus,
whose support and cooperation contributed to the outcome of this work.

Lastly, my gratitude goes to my respected parents, my beloved wife, lovely children
and caring younger sisters; for their prayers, understanding and endurance while away.

Once again, we glorify Allah for His endless mercy on us one of which is
enabling us to successfully round off the efforts of writing this thesis. Alhamdulillah

Xi



TABLE OF CONTENTS

N 1] 3 o1 il
ADSIIACt TN ATADIC. ... ettt e e il
APPIOVAL Page. ... .t v
DECIaratioN. . ... cue et e vi
L0707 0 0 14 1| T vii
DEAICAION. .. ..t e X
ACKNOWIEA@EMENLS. .. ...t xi
| T A0 ) 1 1 PP RP XV
LSt Of FigUICS ..o e XVi
List Of ADDIEVIAtIONS. ... . utuettt ittt e xviii
LSt Of APPENAICES. ... nvt ittt e e e e e e XXi
CHAPTER ONE: INTRODUCTION...cccciiuiiiuiierniiarersmeesssasessnssasssnssssssssss 1
1.1 Background of Study...........oooiiiiiiii 1

1.2 Problem Statement............oiuiiniit i e 3

1.3 ReSearch ObBJECtIVES ....enntietettie e e e e e 4

1.4 Research QUESTIONS ......ueiieeit ittt ettt et e et e e e e eaaeaeaas 4

1.5 Research Framework ..o e 5

1.6 Research SignifiCance ........o.oovuiiiiiiiiiii i e 6
CHAPTER TWO: LITERATURE REVIEW......cciiiiiiiiiiiieiiiiniieiniieciicninecnennes 8
2.1 INtrOdUCTION .o .ueee e 8

2.2 Self-Report Mental Fatigue ASsesSment...........oouvvveiiiiiiiiiiiiiniienneennennn 8

2.3 Mental Fatigue Detection Through BCI.................oooiiiiiiiii i, 12

2.3.1 Signal ACqUISTHION. ....uinet ittt e 14

2.3.2 Signal Pre-Processing.........ouvviiiiiiiiiiiiiiiii e 18

2.3.3 Feature EXtraction............cooviiiiiiiiiiiiiiii e 21

2.3.4 Classification / Pattern Recognition................cooeviiiiiiiiinnannn.. 22

2.4 Emotiv Performance Metrics (EPM) for Mental State Detection................. 25

2.5 SUMMATY . ..ttt et et et et e 29
CHAPTER THREE: METHODOLOGY ....cccuiiuiiiiiiiiiiniieiiniinicsessssassnssnsons 32
3.1 INtrodUCTION. L. .u e e 32

3.2 Systematic Literature ReVIEW..........cooeiiiiiiiiiiii e, 32

3.3 Experimental Protocol...............oooiiiiiiiiiii e 33

34 Experimental Setup........ooviiiiii e 34

3.5 Data ColleCtion........euuineie e 35

3.5.1 Ethical Consideration..............ooeviiiiiiiiiiiiiiiiii e 35

3.5. 2 PartiCIPants .....eueeeeeit e 36

3.5.3 Neuroheadset.........c.viniiiiee e 37



3.5.4 Video fOr StMULL....ooovun e 38

3.6 Mental Fatigue Detection Model Development.................oovvviiiiiannnn. 39
3.6.1 Emotiv Performance Metrics (EPM).............cooiiiiiiii i 40

3.6.2 Mental Fatigue Detection.............ovviiiiiiiiiiii e, 41

3.6.2.1 Logistic Regression (LR)............coooiiiiiiiiii, 42

3.6.2.2 Support Vector Machine (SVM)...........coooiiiiiiiiiin. 43

3.6.2.3 Multilayer Perceptron (MLP)..............cooiiiiiiiiin. 44

3.6.2.4 Ensemble Learning Model....................oooiiiiiinn. 46

3.7 EValuation. . .coo.u oo 47
3.7.1 Self-Report Mental Fatigue Assessment..............oouvveveenneennnnnn. 48

3.7.2 DeScriptive STatiStICS . .uuvieneeete et eet et eieeeeeeaeeaneens 49

3.7.3 Correlation ANalysiS.........oouuiniiiniiiiiii i 50

3.7.4 Statical TeStING.......oovvuiitit i 51

3.7.5 Mental Fatigue Detection Model Evaluation............................. 51

3.7.5.1 Machine Learning Model Performance Metrics .............. 51

3.7.5.2 Cross-Validation..............ccoviiiiiiiiiiiiiii e, 54

B DA, . e 55
3.8.1 Participants Details...........oooiiiiiiiiii e 56

3.8.2 Screening Based on Chalder Fatigue Scale (CFS).............cccoo...... 58

3.8.3 Dataset Details. ..o 60
3.8.4Datalabelling........ccoveiiiiiiiiiii 61
CHAPTER FOUR: RESULT ANALYSIS..cuiuiiiiiiiiiiiiiieiiiiiiiiiimninesiesesanees 62
I 1L ¢ L1 Uo7 0 ) o DO 62
4.2 Subject-Dependent Analysis.........o.vvuiiniiiiiiiiiiiiiieie i 62
4.2.1 Descriptive ANalysiS........oouiiiiiiiiiiiii i 63

4.2.2 Correlation ANalysSiS.......o.eeiuiiiniiitiii i eeeeaeees 72

4.2.3 Statical TeStING......cviitii it 78

4.2.4 Mental Fatigue Detection.............ccoovuiiiiiiiiiiiiii i 80

4.2.4.1 Logistic Regression...........ccoovieiiiiiiiiiiiiiiiaiiianeannnn. 81

4.2.4.2 Support Vector Machine................oooovviiiiiiiiiiiin... 83

4.2.4.3 Multilayer Perceptron............cocevviiiiiiiiiiiiiniinnnnn... 85

4.2.4.4 Ensemble Learning Model....................oooiiiiiin 87

4.3 Subject-Independent ANalysiS........couvvuiiiiiiiiiiiiiiii e, 89
4.3.1 Descriptive ANalySiS. ......oueiuiniitiit i 90

4.3.2 Correlation ANalysSiS.......o.evvuiirniiieiiitii i eeeeeeaenss 91

4.3.3 Statical TeStNgG.......cuviriit i 92

4.3.4 Mental Fatigue Detection.............ccovviiiiiiiiiiiiiii e 93

4.3.4.1 Logistic Regression............ooevvviiiiiiiiiiiiiiiiiiinen.n. 93

4.3.4.2 Support Vector Machine...............coooeveiiiiiiiininnn.n. 93

4.3.4.3 Multilayer Perceptron............ccooviiiiiiiiiiiiiiien.n. 94

4.3.4.4 Ensemble Learning Model.....................oooiiiiin 94

R D T 0 1) (o) s D PP 96
440 Data. .. e e sneee e D0

4.4.2 Mental Fatigue Detection............ccvvviiiiiiiiiiiiiie e, 97

xiii



4.4.2.1 Subject-Dependent Mental Fatigue Detection Model........98
4.4.2.2 Subject-Independent Mental Fatigue Detection Model...101

4.4.3 Mental Fatigue Detection Model Evaluation........................... 102

4.43.1 Mental Fatigue Detection Model: Subject-Dependent vs
Subject-Independent..............ooiiiiiiiiiii i 106

4.4.3.2 Ensemble Learning Model vs Base Model.................. 107

CHAPTER FIVE: CONCLUSION....cctitiitiiiitiiitiitiiiiiitiiiettieciesatsessesasnes 109
S L SUIMMATY . ..ttt e ettt et e e e e et e e e 109

5.2 LIMItAtIONS . ..ot ettt 112
S3Future Work. ... 114

5.4 Research ContribUtionS .........o.oiuiuiiiiiii e 126

5.5 PUDIICAtIONS . ..ttt e 127
REFERENCES.....ciuitiiitiiiiiiiiiiiiiiiiiiiiiiititietietiietttassesatsscessssnsssssne 128
APPENDICES. ... cuuitiiuiiiiiiiiiiiiiiiiiiiiiitiitiiietetustsatecsassasessassssassnsassnss 157
Appendix A: Permission to Conduct a SUrvey...........coovviiiiiiiiiiiiiiiiinninnn 157
Appendix B: ITUM Research Ethics Committee (IREC) Approval.................. 158
Appendix C: Consent FOrm............oooiiiiiiiiiiii e 160
Appendix D: Demographic Information Form......................o 165
Appendix E: Pre-Chalder Fatigue Questionnaires.............c..c.oceeeviiiiinnen... 172
Appendix F: Post-Chalder Fatigue Questionnaires...............c.ovveeevienneennnn. 176
Appendix G: Subject-Dependent Detection Model Performance................... 180

X1V



Table 1
Table 2
Table 3
Table 4
Table 5
Table 6
Table 7
Table 8
Table 9
Table 10
Table 11

Table 12
Table 13
Table 14
Table 15
Table 16

Table 17

Table 18

Table 19

Table 20

Table 21
Table 22

LIST OF TABLES

Research Framework

Mental Fatigue Assessment Tools

Mental Fatigue Detection

Emotiv Performance Metrics (EPM) in Mental State Detection
Chalder Fatigue Scale (CFS)

Confusion Matrix

Demographic Information

Participants CFS Score

Sample of EPM Data

Number of Observations in a Dataset

Subject-Dependent Center Tendency Fatigue (FAT) vs Non-
Fatigue (Non-FAT)

Subject-Dependent Welch’s T-Test for Fatigue vs Non-Fatigue
Subject-Dependent LR Model Performance Evaluation
Subject-Dependent SVM Model Performance Evaluation
Subject-Dependent MLP Model Performance Evaluation
Subject-Dependent Ensemble Learning Model Performance
Evaluation

Subject-Independent Center Tendency Fatigue (FAT) vs Non-
Fatigue (Non-FAT)

Subject-Independent Welch’s T-Test for Fatigue vs Non-
Fatigue

Subject-Independent Mental Fatigue Detection Model
Performance Evaluation

Mental Condition Detection

Neurofeedback Signal Generation

Light and Temperature Effect on Mental Fatigue

XV

14
27
48
52
57
59
60
61

63
79
81
84
86

88

90

92

95

116

119
121



Figure 1
Figure 2
Figure 3
Figure 4
Figure 5
Figure 6
Figure 7
Figure 8
Figure 9
Figure 10
Figure 11

Figure 12
Figure 13

Figure 14
Figure 15
Figure 16
Figure 17
Figure 18
Figure 19
Figure 20
Figure 21
Figure 22
Figure 23
Figure 24
Figure 25

LIST OF FIGURES

PRISMA Framework for Mental Fatigue Detection Review
Popular Neuroheadset Headsets for EEG Signal Acquisition
EEG Pre-Processing Techniques

Feature Extraction Techniques

EEG Based Mental Fatigue Detection Model

Research Methodology

Experimental Protocol

Experimental Setup

Emotiv Insight 2.0 Neuroheadset

Emotiv Insight’s Electrode Position

EEG-Derived Emotional Metrics-Based Mental Fatigue
Detection Pipeline

Logistic Function Curve

Support Vector Machine with Polynomial Kernel Decision
Boundary & Margin

Multilayer Perceptron with a Hidden Layer

Ensemble Learning Model with Soft-Voting Classifier
ROC AUC Curve of a Classification Model

A Participant in the Data Collection Session

Subject 1002 Non-Fatigue vs Fatigue

Subject 1003 Non-Fatigue vs Fatigue

Subject 1004 non-Fatigue vs Fatigue

Subject 1005 Non-Fatigue vs Fatigue

Subject 1007 Non-Fatigue vs Fatigue

Subject 1008 Non-Fatigue vs Fatigue

Subject 1009 Non-Fatigue vs Fatigue

Subject 1010 Non-Fatigue vs Fatigue

Xvi

13
18
19
21
23
32
33
34
37
38

41
42

44
45
47
54
56
65
66
67
68
69
70
71
72



Figure 26  Subject 1002 Comparative Correlation Analysis 73

Figure 27  Subject 1003 Comparative Correlation Analysis 74
Figure 28  Subject 1004 Comparative Correlation Analysis 74
Figure 29  Subject 1005 Comparative Correlation Analysis 75
Figure 30  Subject 1007 Comparative Correlation Analysis 76
Figure 31  Subject 1008 Comparative Correlation Analysis 76
Figure 32 Subject 1009 Comparative Correlation Analysis 77
Figure 33 Subject 1010 Comparative Correlation Analysis 78
Figure 34  Subject-Dependent LR Models ROC AUC 82
Figure 35  Subject-Dependent SVM Models ROC AUC 85
Figure 36 Subject-Dependent MLP Models ROC AUC 87
Figure 37  Subject-Dependent Ensemble Models ROC AUC 89
Figure 38  Subject-Independent Comparative Correlation Analysis 91

Figure 39  Subject-Independent Mental Fatigue Detection Models ROC

AUC 95
Figure 40  Pre-CFS Score vs Post-CFS Score 97
Figure 41  Subject-Dependent ML Models Performance Comparison 103

Figure 42  Subject-Dependent ML Models Cross-Validation Scores

Comparison 104
Figure 43  Subject-Independent ML Models Performance Metrics

Comparison 105
Figure 44  Subject-Independent ML Models Cross-Validation Scores

Comparison 106
Figure 45  Neurofeedback Pipeline 123
Figure 46 ~ EEG-Derived Emotional Metrics Based Mental Fatigue

Intervention Pipeline 124
Figure 47 EEG-Derived Emotional Metrics Based Real-Time Mental

Fatigue Intervention using Brain-Computer Interface 125

xvil



LIST OF ABBREVIATIONS

AAR Automatic Artifact Removal

ADHD Attention-Deficit/Hyperactivity Disorder
ANN Artificial Neural Network

BCI Brain-Computer Interface (BCI)

CFQ Chalder Fatigue Questionnaire

CFS Chalder Fatigue Scale

CNN Convolutional Neural Network

COVID 19 Coronavirus Disease 2019

CSp Common Spatial Pattern

DE Differential Entropy

DFT Discrete Fourier Transformation
DNN Deep Neural Network

DQN Deep Q-Network

EC Eyes Closed

ECG Electrocardiogram

EEG Electroencephalogram

EMA Exponential Moving Average
EMD Empirical Mode Decomposition
EMG Electromyography

EO Eyes Open

EOG Electrooculogram

EPM Emotiv Performance Metrics

ESTCNN EEG-Based Spatial-Temporal Convolutional Neural Network

FAA Frontal Alpha Asymmetry
FAT Fatigue
FFT Fast Fourier Transform

XViii



FIR
FLDA

FL-RSEFNN

fMRI
fNIRS
FWNN
GD

GP

ICA

IIR
IIUM
IRA
IREC
KNN
KPLS
LDA
LE
LightFD
LORETA
LR
LSTM
MF
MFB-CNN
ML
MLP
MLR
NB

NF
NIRS

Finite Impulse Response

Fisher Linear Discriminant Analysis
Functional-Link Recurrent Self-Evolving Fuzzy Neural Network
Functional Magnetic Resonance Imaging

Functional near-infrared spectroscopy

Fuzzy Wavelet Neural Network

Gradient Descent

Gaussian Process

Independent Component Analysis

Infinite Impulse Response

International Islamic University Malaysia
Independent Residual Analysis

[IUM Research Ethics Committee

K-Nearest Neighbor

Kernel Partial Least Squares Regression

Linear Discriminant Analysis

Logarithmic Energy

Lightweight Flow Detection

Low-Resolution Brain Electromagnetic Tomography
Logistic Regression

Long Short-Term Memory

Mental Fatigue

Multiple-Feature-Branch Convolutional Neural Network
Machine Learning

Multilayer Perceptron

Multiple Linear Regression

Naive Bayes

Neurofeedback

Near Infrared Spectroscopy

Xix



Non-FAT
NU
ONFIN
PET

PP

PPO

PSD
PSO-HELM
QDA
ROC AUC
RSEFNN
SCP

SDG

SG

SMR
SOBI
SONFIN
SPECT
SSP

STFT
SURE
SVM
SVM-P
SVM-RBF
SVR

TBR
TRFN

Non-Fatigue

Negative-Unlabeled

Online Neural Fuzzy Inference Network

Positron Emission Tomography

Power Percentage

Proximal Policy Optimization

Power Spectral Density

Particle Swarm Optimization-Holomorphic Embedding Load-flow Method
Quadratic Discriminant Analysis

Receiver Operating Characteristic Area Under The Curve
Recurrent Self-Evolving Fuzzy Neural Network

Slow Cortical Potentials

Sustainable Development Goal

Savitzky Golay

Sensory Motor Rhythm

Second-Order Blind Identification

Online Self-Constructing Neural Fuzzy Inference Network
Single Photon Emission Computed Tomography
Signal-Space Projection

Short-Time Fourier Transform

Stein's Unbiased Risk Estimate

Support Vector Machines

Support Vector Machines Probabilistic

Support Vector Machines Radial Basis Function

Support Vector Regression

Theta/Beta Ratio

TSK-Type Recurrent Fuzzy Network

XX



APPENDIX A
APPENDIX B
APPENDIX C
APPENDIX D
APPENDIX E
APPENDIX F
APPENDIX G

LIST OF APPENDICES

Permission to Conduct a Survey

[TUM Research Ethics Committee (IREC) Approval
Consent Form

Demographic Information Form

Pre-Chalder Fatigue Questionnaires

Post-Chalder Fatigue Questionnaires

Subject-Dependent Detection Model Performance

xxi

157
158
160
165
172
176
180



CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND OF STUDY

The use of technology become a central feature of education prior to the COVID-19
epidemic. The increasing acceptance of online learning platforms has resulted in a
fundamental shift of the educational landscape. Despite this, there are several particular
challenges associated with online learning. According to the self-directed nature of online
learning, it might be especially difficult for an individual to demonstrate high levels of
motivation, time management abilities, and self-discipline (Moralista et al., 2022; Ngien &
Hogan, 2022). Lengthy online learning sessions generally require extended screen time,
which can result in reduced attention spans and mental fatigue (Salim et al., 2022). Several
research works (Y. Chen & Qin, 2023; Maloney et al., 2023) have explored the complex
field of mental fatigue in an effort to pinpoint its symptoms as well as comprehend the

numerous risk factors that are connected to it.

Mental Fatigue occurs when a person is involved in an activity for an extended
amount of time. It’s similar to physical tiredness, but it affects your mind rather than your
body and brain’s energy levels drop (Rudroff et al., 2020; Van Der Linden & Eling, 2006).
It is tough to pay attention to a task when someone is mentally fatigue. Mental fatigue can
result in significant concerns such as worry, tension, and physical ailments (Maciej Serda
et al., 2000; Marcora et al., 2009; van der Linden et al., 2003). The impact of COVID-19
is huge on human mental conditions. Long term of work from home, study from home, and
quarantine makes everyone very easily stressful (Jin et al., 2022; Rudroff et al., 2020).
Researchers (Y. Chen & Qin, 2023) found a negative relationship between academic
performance and fatigue level, indicating that higher levels of fatigue were linked to worse

academic achievement. Mental fatigue Addressing is one of the most important issues to
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improve cognitive performance. Mental fatigue can lead to cognitive impairments (Van

Der Linden & Eling, 2006).

Over the last few decades, there has been a huge growth in brain signal analysis to
understand the affective state of various cognitive and mental states due to improvements
in high-throughput technology. A Brain-Computer Interface (BCI) is a cutting-edge
technology in which researchers conducted a series of experiments to demonstrate that
direct human-machine communication is possible. The electroencephalogram (EEG) is a
common, non-invasive approach for monitoring and evaluating the brain’s condition
(Thakor & Sherman, 2013). EEG recording systems become more widely available as low-

cost wearable gadgets, a wide range of non-therapeutic uses has arisen.

EEG signals, a non-invasive brain wave, are used by BCI. The EEG power is
dynamically and non-linearly linked to human cognition. BCI is a hardware and software
framework for monitoring machines and other communication devices for a specific job.
As an example, recent research has used wireless EEG devices for brain-computer
interfaces and neurofeedback applications (Jap et al., 2009). Additionally, EEG has been
used by numerous research groups to improve road safety by detecting and quantifying
driver drowsiness (Kar et al., 2010). Beyond the evaluation of drowsiness and fatigue, the
recognition of various mental states based on EEG data, as well as the research of cognitive
performance, are important strides forward. The use of EEG-based BCI to identify and
measure mental fatigue has shown to be reliable (Gao et al., 2019; Lee et al., 2020a; Y. T.
Liu, Lin, Wu, Hsieh, et al., 2016; Myrden & Chau, 2017; Roy et al., 2014; H. Zeng et al.,
2019).

The human brain is extremely flexible to process and learn new information and
forming new neural pathways in the process. This is referred as neuroplasticity (Demarin
et al.,, 2014). Usually, EEG based BCI uses scalp-mounted sensors to record electrical
impulses from the brain and then uses for analyzing different mental states. Researchers
demonstrated that using different techniques including machine learning (ML) techniques
with EEG signals, emotional states can be detected (Hassan et al., 2023; Jafari et al., 2023;
Nandini et al., 2023; Sidharth et al., 2023). Machine learning algorithms can find complex
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pattern in EEG signal. However, mental fatigue has impact on different emotional states
evident in (Maloney et al., 2023; Schlichta et al., 2022; D. Wang et al., 2022). Emotional
regulation is impaired by mental fatigue, while emotional reactivity is unaffected (Grillon

et al., 2015). This suggests a strong relation between mental fatigue and emotional states.

A variety of emotions, such as attention, focus, engagement, excitement, interest,
relaxation, stress, sad, happy and many more. These emotions can have a major effect on
the learning outcomes. Emotional metrics are measurable metrics or indicators that are used
to evaluate or quantify particular features of emotional states. Emotiv performance metrics
are different emotional state metrics which are engagement, excitement, interest, stress and
relaxation (Emotiv, 2023). These metrics showed reliable in many research including for
different mental condition analysis (Asif et al., 2023; Faruk et al., 2021; Holman &
Adebesin, 2019; Paranthaman et al., 2021; Santoyo-Mora et al., 2022; Strmiska &
Koudelkova, 2018).

EEG signals are converted into useful commands by a BCI, which makes it possible
to determine emotional states and mental fatigue. The goal of this research is to analyze
different emotional metrics produced from EEG signals in order to construct a Machine
Learning-based model for mental fatigue detection. The approach aims to optimize online
learning settings by offering a mental fatigue detection model in online learners utilizing
emotional metrics. Additionally, this study offers future research by proposing a framework

for mental fatigue intervention for online learners.

1.2 PROBLEM STATEMENT

It is essential to early address mental fatigue because it causes cognitive deficits (Kamal et
al., 2021; Moralista et al., 2022; Ngien & Hogan, 2022; Salim et al., 2022; Van Cutsem et
al., 2022; Van Der Linden & Eling, 2006). Traditional self-report questionnaire techniques

are subjective measure of mental fatigue which are often reported as bias because people
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are not able to judge their cognitive ability (Kunasegaran et al., 2023; Schmidt et al., 2009;
Tempelaar et al., 2020), in this reason an objective measure is required with the subjective
measure (Tempelaar et al., 2020). Recent studies show complex relationship between
mental fatigue and emotion (Lewczuk et al., 2022). Although numerous methods exist for
detecting mental fatigue using EEG based BCI (Hossan et al., 2017; Myrden & Chau, 2017;
H. Zeng et al., 2019), but there is a lack of investigation on the detection of mental fatigue

using EEG based emotional metrics.

1.3 RESEARCH OBJECTIVES

This research purpose to detect mental fatigue using EEG based emotional metrics through

machine learning technique by following the objectives:
RO1: To explore existing EEG emotional metrics and mental fatigue detection techniques.

RO2: To develop machine learning model for mental fatigue detection using EEG-based

emotional metrics among online learners.

RO3: To evaluate the mental fatigue detection model.

1.4 RESEARCH QUESTIONS

This research works on the following questions:

RQ1: What is the existing EEG derived emotional metrics and mental fatigue detection

techniques?



RQ2: How to develop a robust ML model for mental fatigue detection using EEG-derived

emotional metrics?

RQ3: How to evaluate the mental fatigue detection model?

1.5 RESEARCH FRAMEWORK

The research framework shown in Table 1 is the result of combining the research objectives
and questions. There are both descriptive and quantitative aspects of this research work.
The comprehensive literature review is performed and described in chapter two, which
refers as descriptive research sections. The literature review helps to identify the existing
EEG based mental fatigue detection techniques, EEG-based emotional states metrics and
its available application programming interface (API) to use as feature for mental fatigue
detection. The literature review also used to investigate neurofeedback as mental fatigue
intervention and neurofeedback modality for mental fatigue intervention. The quantitative
study helps to design, develop and evaluate the mental fatigue detection model using EEG-
based emotional metrics those described in chapter three, four, and five. A data collection
process during an online learning session, then data preparation performed for descriptive
analysis, correlation analysis, statical testing and develop mental fatigue detection model.
The mental fatigue detection model evaluation includes the ML model evaluation metrics:
(1) accuracy, (i1) F1-score, (ii1) receiver operating characteristic area under the curve (ROC
AUC) score and (iv) cross-validation. A real-time mental fatigue intervention framework
is proposed as the future study focus in this research. In this purpose a comprehensive
literature review is performed to understand the neurofeedback for mental fatigue
intervention and neurofeedback modality that has relationship with mental fatigue for

online learners.



Table 1 Research Framework

Research Objectives

Research Questions

Methods

Outcomes

RO1: To explore

RQI1: What is the

Literature review

Identified existing

existing EEG emotional | existing EEG mental fatigue detection

metrics and mental derived emotional techniques, available

fatigue detection metrics and mental emotional metrics APIL

for mental fatigue
detection using EEG-

based emotional metrics

model for mental
fatigue detection

using EEG-derived

correlation analysis,
statical testing, ML

model development

techniques. fatigue detection Publication on literature
techniques? review (LR) (F. Hossain

& Yaacob, 2022; Yaacob
et al., 2023) and a
proposal (F. Hossain &
Yaacob, 2023b)

RO2: To develop RQ2: How to Data collection, A ML model for mental

machine learning model | develop a robust ML | descriptive analysis, fatigue detection using

EEG-based emotional

states metrics

emotional metrics?

RQ3: How to

among online learners.

RO3: To evaluate the ML model evaluation | Evaluated mental fatigue

mental fatigue detection | evaluate the mental | metrics including detection model.

model. fatigue detection accuracy, Fl-score,

model? ROC AUC score and

cross-validation

1.6 RESEARCH SIGNIFICANCE

The significance of this research is extensive, since it is in accordance with the Malaysian
Science, Technology, Innovation and Economy (MySTIE) Framework, Islamic ethical
standards, and the Sustainable Development Goal (SDG). To begin with, this research
supports the third SDG of supporting Good Health and Well-Being. In addition,

maintaining mental capabilities and encouraging intellectual health are fundamental
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principles in Islamic ethics. Furthermore, the findings of this study coincide with the

Neurotechnology-Education section of the 10-10 MySTIE framework for Malaysia.

This research shows that EEG based emotional metrics can be used as feature for
mental fatigue detection. This identifies association between emotions and mental fatigue.
This research also evident EPM are the reliable emotional metrics for mental fatigue
detection. The changes on emotional states are the measurement of mental fatigue. The
research finds 15 minutes as a crucial mental state changes for online learner. This suggests
a duration of getting fatigue for an online learner. This research will assist in empowering
mental health to guard against long-term cognitive deficiencies by enhancing mental
fatigue detection strategy. The early detection of mental fatigue may increase cognitive
power as well as improvement on emotional responses which is crucial for an individual.
This research also evident a significance on both subject-dependent and subject-
independent mental fatigue detection using emotional metrics. This research leads the way
for further research and development of real-time personalized or generalized mental
fatigue detection and intervention model. While there is a mental fatigue detection, an
intervention strategy may apply to reduce fatigue and improve academic performance for
online learners. Early detection of mental fatigue for online learners may assist in

improving cognitive performance.



CHAPTER TWO

LITERATURE REVIEW

2.1 INTRODUCTION

The purpose of the literature review is to comprehend the current research controversies
and approaches regarding mental fatigue detection. Therefore, this literature review
includes review on mental fatigue assessment, mental fatigue detection, Emotiv
Performance Metrics, neurofeedback signal generation, and effect of light and temperature

on mental fatigue.

2.2 SELF-REPORT MENTAL FATIGUE ASSESSMENT

There are many ways to measure mental fatigue states, including self-reporting and
observing other people’s behavior. The applied self-reporting tools outlined in Table 2 were
used to determine the target labels of mental fatigue in accordance with the participants’

feelings, attitudes, and/or opinions.

The Chalder Fatigue Questionnaire (CFQ) was introduced by (Chalder et al., 1993).
The severity of fatigue in 444 people with multiple sclerosis was evaluated using the CFQ
in (Chilcot et al., 2015). Then, (Cella & Chalder, 2010) used CFQ to assess the chronic
fatigue syndrome among 361 participants. A CFQ with by modal scoring is used to measure
fatigue among 1887 participants in (Jing et al., 2016). Mental fatigue was measured by
(Talukdar et al., 2020b) while participants were performing motor imagery BCI task. The

CFQ questionnaire has a scoring range of 0 to 3, and the total score is determined by



summing the ratings for each component. The total score can vary from 0-33. (Chilcot et
al., 2015) scoring using the following labels: less than normal (0), up to but not beyond
usual (1), above average (2), and significantly above average (3). High scores suggest
severe fatigue. To assess the validity of one, two, and bi-factor models of fatigue, the
researchers utilized confirmatory factor analysis (CFA) with weighted least-squares with
mean and variance adjustment estimates. In the (Cella & Chalder, 2010) study, the response
options "less than usual" and "no more than usual" were rated as 0, while "more than usual”
and "much more than usual" were rated as 1. To examine the outcomes, this study
performed statistical analyses such as distribution plots and skewness values, the Shapiro-
Wilk test, Cronbach’s alpha coefficient, principal component analysis (PCA), and receiver-
operating characteristic (ROC). Although, CFQ is one of the popular self-assessment tools
but there are some limitations reported. Since, it relies on self-reported data, it can be prone
to subjectivity. The scoring may be influenced by individual mood or cultural factors.
Besides this, the two-factor structure (physical and mental fatigue) is not consistently
supported, because the high correlations between factors suggesting limited distinctiveness
(Cella & Chalder, 2010). The two different scoring methods (bimodal and Likert) may vary
across different studies by complicating comparisons and potentially missing nuances in
severity. Therefore, CFQ is a widely used tool for assessing fatigue because of its

simplicity, and broad applicability across various populations and conditions

Table 2 Mental Fatigue Assessment Tools

Assessment Applications Number Subjects Scoring Evaluation | References
of Items
Chalder Chronic fatigue 11 361 A score Statistical (Cella &
Fatigue syndrome ranging 0-3 | Analysis Chalder,
(CFS) 2010)




Questionnaire | Motor imagery 11 11 Five-point Statistical (Talukdar
(CFQ) BCI Likert scale | Analysis et al.,
ranges from 2020b)
1to5
Healthy 11 1887 Bimodal Statistical (Jing et al.,
Participants score where | Analysis 2016)
fatigue 1=“Yes”,
and 0 =“No”
Severity in 11 444 A score Confirmatory | (Chilcot et
multiple ranging 0-3 | Factor al., 2015)
sclerosis Analysis
(CFA)
Extended Impact in 60 100 Five-point Statistical (Schiehser
Positive and Parkinson’s Likert scale Analysis et al.,
Negative disease ranges from 2013)
Affect 1to5
Schedule
(PANAS-X)
Positive and Effect on 20 41 Five-point Statistical (Simon et
Negative auditory Likert scale Analysis al., 2020)
Affect temporal order ranges from
Schedule judgments 1to5
(PANAS)
Karolinska Comparing two 1 12 Nine-point Statistical (Miley et
Sleepiness versions of the scale ranges | Analysis al., 2016)
Scale (KSS) KSS for from 1to 9
drowsiness
Driver’s 1 29 Nine-point Statistical (Foong et
Passive fatigue scale ranges | Analysis al., 2019)
from 1to 9
Visual Mental fatigue 18 11 Five-point Statistical (Talukdar
Analogue on task for Likert scale Analysis et al.,
Scale - motor imagery ranges from 2020b)
Fatigue BCI 1to5
(VAS-F)

10




While (Simon et al., 2020) looked into PANAS to test the short-term cognitive
fatigue effect on auditory temporal order judgments, (Schiehser et al., 2013) employed
PANAS-X to measure the impact of fatigue on people with Parkinson’s disease. A five-
point Likert scale with a range of 1 (very slightly or not at all) to five (extremely or very
much) was utilized for rating in both study questionnaires. The outcomes of the (Schiehser
et al., 2013) study was evaluated using mean, standard deviation, and P-value, whereas
(Simon et al., 2020) study employed PCA, mean, and P-value. Besides its widespread use
it has a significant drawback as it is relying on self-reported data similar to CFQ.
Additionally, it focuses on broad emotional states and may not capture the nuances of
specific emotions. In this reason, need to use extended version PANAS-X, but it can
increase the burden on participants. Although it is adaptable for different time frames, but
its reliability may vary depending on the context or population studied. These drawbacks
suggest that PANAS should be used cautiously and supplemented with other methods for

a comprehensive assessment.

The Karolinska Sleepiness Scale (KSS) is another technique that was used in (Miley
et al., 2016) to compare two KSS versions for drowsiness and in (Foong et al., 2019) to
measure passive fatigue. Nine points were assigned to each response on a scale from 1
(extremely alert), 2 (very alert), 3 (alert), 4 (rather alert), and 5 (neither alert nor sleepy), 6
(some signs of sleepiness), 7 (sleepy, but not making any effort to stay awake), 8 (sleepy,
making some effort to stay awake), and 9 (very sleepy, making a great effort to stay awake
and fighting sleep). (Miley et al., 2016) used statistical analyses such as the mean, standard
deviation, and P-value to evaluate the results, while (Foong et al., 2019) performed this by
employing the McNemar test, Cohen’s unweighted Kappa, mean, and P-value. Since KSS
is a self-reported assessment tool it has similar limitations of CFQ and PANAS. However,
KSS may not always align with objective measures of sleepiness (Gillberg et al., 1994;
Miley et al., 2016). KSS does not describe understanding long-term sleepiness patterns or
trends, only a snapshot of sleepiness at a specific moment. It relies on a single item that
reduces its sensitivity variations in sleeping levels. In this reason, KSS is often paired with

objective assessments for a comprehensive evaluation.
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Another study (Talukdar et al., 2020b) employed the Visual Analogue Scale -
fatigue (VAS-F) to assess mental fatigue and looked at the adaptive feature extraction in
EEG-based motor imagery BCI. The degree of fatigue is determined using a subjective
scale with a value from 1 to 5 that falls between two extremes: 1 being the least fatigued
and 5 being the most. To express their level of exhaustion, subjects made a selection along
a scale. The statistical analysis used in this study to assess the outcomes included mean,
correlation coefficient, standard deviation, and P-value. As a self-reported tool, it has
similar limitations like CFQ, PANAS and KSS, that can be influenced by factors like
individual’s mood, and personal interpretation of the scale. Additionally, VAS-F measures
overall fatigue without distinguishing physical or mental components. This limits ability

to capture the full complexity of fatigue.

2.3 MENTAL FATIGUE DETECTION THROUGH BCI

There is a systematic literature is conducted on the mental fatigue detection (Yaacob et al.,
2023). The literature review done by following PRISMA (Moher et al., 2009) framework
and data publications were collected from Scopus, Institute of Electrical and Electronics
Engineers (IEEE) Explore, PubMed and Web of Science (WOS). The selection of databases
was included because of their comprehensive coverage of interdisciplinary research. The
databases chosen to ensure high-quality and relevant studies. The data collection conducted
up to 13™ September 2022. The keyword for data extraction was Boolean search expression
including “electroencephalogram and BCI”, and “fatigue classification and Brain-
Computer Interface”. The literature search consisted of identification, screening and
inclusion that depicted in the PRISMA flowchart in Figure 1. The selection of 39 articles
from the identification step of 562 studies reflects the rigorous screening process. These

articles offering diverse perspectives on mental fatigue detection.
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Figure 1 PRISMA Framework for Mental Fatigue Detection Review

This review provides a guideline for the implementation of mental fatigue detection
through EEG based BCI. EEG signals are non-invasive brain waves. Five EEG signal
frequency bands are used for analysis: delta (0.3—4 Hz), theta (0.8—13 Hz), alpha (8-13
Hz), beta (13-30 Hz), and gamma (> 30 Hz) (Subha et al., 2008). Measuring mental fatigue
involves tracking changes in the EEG spectrum. The parietal and central areas of the brain
were seen to be more active when higher frequency activity decreased and alpha and theta
band activity increased (Craig et al., 2012; Klimesch, 1999; Lal & Craig, 2002; Paus et al.,
1997, Tanaka et al., 2012). The steps for mental fatigue detection have been addressed in
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this review: signal acquisition, pre-processing, feature extraction, and classification/pattern
recognition. These four steps are known as the Basic Functions of BCI that allows users to
interact without the involvement of muscles or peripheral nerves (Wolpaw et al., 2002).

Therefore, Table 3 summarizes the details of EEG-based mental fatigue detection.

2.3.1 Signal Acquisition

The analysis of brain activity can be done using a variety of invasive, non-invasive, and
semi-invasive signals (Mudgal et al., 2020). The technique of collecting and analyzing
brain signals (EEG, fMRI, fNIRS, PET, and other) is quite complicated because of their
high sensitivity nature (Fernandez Lucas et al., 2010; Lippé¢ et al., 2009; Schinkel et al.,
2009; Takahashi, 2013). However, it has been shown that using existing brain signals is a
reliable way to study brain activity. SPECT (BRUYANT, 2002; ELHENDY et al., 2002)
and fMRI (Perer A. Rinck, 2014) are used to track changes in blood flow, whereas PET
(Bailey et al., 2005) and NIRS (Cui et al., 2011; Ferrari & Quaresima, 2012) are used to
track changes in metabolic activity. The electrical activity of the brain is directly observed
by EEG (Lesser, 1986; Niedermeyer & da Silva, 2005) . Table 3 presents EEG devices used

in EEG signal collection for mental fatigue detection.

Table 3 Mental Fatigue Detection

Mental fatigue | Signal Acquisition Pre- Feature Classification / | References
Domain processing Extraction Pattern

Driver’s Subjects: 37 Bandpass Convolutional | Deep Q- (Ming et

drowsiness Device: Scan filter Neural Network al., 2021)

estimation SynAmps2 (DQN)
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Network

(CNN)
Student Subjects: 11 Notch filter FFT, SVM (Peng et al.,
Fatigue Device: g.USBamp Daubechies 2021)
Detection wavelet
Driver Fatigue | Subjects: 8 Bandpass Differential KNN, SVM, (Hwang et
State Device: Neuroscan | filter Entropy (DE) | DNN al., 2021)
Classification
Driver’s Subjects: 27 Bandpass Attention CNN (Paulo et
Drowsiness Device: Scan filter, Metric, PSD al.,2021)
Detection SynAmps2 Automatic
Artifact
Removal
(AAR)
Driver fatigue | Subjects: 11 FIR, AAR STFT, PSD LSTM (Kuang &
detection Device: NeuroScan Qu, 2021)
Driver fatigue | Subjects: 6 Wavelet, STFET, PSD, SVM, KNN, (C. Zeng et
detection Device: BrainAmp | Gaussian EMD PSO-HELM al., 2022)
Student’s Subjects: 8 Butterworth FFT, PSD, CNN (K. Chen et
fatigue Device: filter Hijorth al., 2021)
detection Six-electrodes
Driver fatigue | Subjects: 23 Butterworth Logarithmic Bayesian (Tabejamaa
detection Device: NeuroScan | filter Energy (LE) Linear t&
Regression, Mohammad
Gaussian zade, 2022)
Process (GP)
Driver Mental | Subjects: 10 Butterworth CSP LightFD (H. Zeng et
States Device: gUSBamp | bandpass al., 2019)
Classification filter, ICA
Detection of Subjects: 11 FIR Bandpass | FFT, PSD SVM, LDA, (Myrden &
Changes in Device: filter, ICA NB Chau,
Mental State B-Alert X24 2017)
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Assessment of | Subjects: 6 IIR Bandpass | FFT, PSD FL-RSEFNN, | (Y.T. Liu,
Mental Device: NeuroScan | filter SVR, SONFIN | Lin, Wu,
Fatigue NuAmps and TRFN Hsieh, et
al., 2016)
Predicting Subjects: 20 IIR Bandpass | FFT, PSD RSEFNN, (Y. T. Liu,
Driving Device: NeuroScan | filter SVR, ONFIN, | Lin, Wu,
Fatigue NuAmps FWNN, TRFN | Chuang, et
al., 2016)
Decoding of Subjects: 7 Butterworth FFT, PSD MFB-CNN (Lee et al.,
Pilots” Mental | Device: BrainAmp | bandpass 2020a)
States filter, ICA
Driver Subjects: 10 Wavelet FFT, PSD SVM (X. Zhang
Vigilance Device: Homemade et al., 2017)
wireless
Detection of Subjects: 20 Butterworth CSP FLDA (Roy et al.,
mental fatigue | Device: bandpass 2014)
BrainAmpTM filter, SOBI
Driving Subjects: 10 IIR Bandpass | FFT, PSD RSEFNN, GD | (Y. T. Liu,
fatigue Device: Ag/ AgCl | filter, ICA Wu, et al.,
prediction active 2016)
electrode
Driver Fatigue | Subjects: 8 Butterworth Spatio— ESTCNN (Gao et al.,
Evaluation Device: Neuroscan | bandpass temporal 2019)
filter feature
Mental Subjects: 7 SavitzkyGola | Power LDA, QDA, (Hendrawa
Fatigue Device: Neurosky y (SG) filter Percentage SVM-P, SVM- | netal.,
Detection Mindwave (PP) RBF 2018)
Mental Subjects: 18 FIR Bandpass | PSD, Welch’s | MLR (Tian et al.,
Fatigue Device: Neuroscan | filter periodogram 2018)
Estimation SymAmp2 method
Real-time Subjects: 15 Butterworth FFT, LR (Ko et al.,
fatigue level Device: U-Wake bandpass Hamming 2015)
detection filter window,
power

spectrum array
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Mental fatigue | Subjects: 11 EAWICA, CSP LDA (Talukdar
for motor- Device: Biosemi Low pass et al,,
imagery BCI 2020a)
Tracking Subjects: 11 EAWICA, ADCSP KPLS (Talukdar
mental fatigue | Device: Biosemi Low pass et al,,
2020b)
Quantifying Subjects: 29 Butterworth FFT, PSD Negative- (Foong et
passive fatigue | Device: Muse bandpass Unlabeled al., 2019)
filter, Notch (NU)
Driver’s Subjects: 109 Butterworth FFT, PSD Wave ratio (Hossan et
fatigue Device: BCI2000 bandpass (slow to fast) / | al., 2017)
detection filter threshold
Bus Drivers Subjects: 20 ThinkGear ThinkGear eSense (C. L. Chen
Fatigue Device: Neurosky et al., 2017)
Measurement | Mindwave
Detection of Subjects: 20 Butterworth Alpha, Theta Threshold (Pathak &
drowsiness Device: Ag/AgCl bandpass Jayanthy,
dry electrode 1120 | filter, Notch 2017)

The initial phase in BCI architecture is EEG signal acquisition. The placement of
the electrodes and the frequency bands are the two key factors that control the acquisition
of the EEG signal. Electrodes must be positioned over or inside the brain in order to record
brain impulses. Electrodes produce brain waves. The EEG data were collected using the
10-20 electrode placement method (Homan, 2015; Myrden & Chau, 2017; H. Zeng et al.,
2019). Different environmental variables were created for different studies on the
generation of feedback signals (Table 20 & Table 21) and the detection of mental fatigue
(Table 3). EEG signal acquisition involves different EEG headset. This headset has its own
efficiency and drawback. The popular EEG headset in mental fatigue detection is depicted
in Figure 2. The most commonly used device is NeuroScan, because of its reliability, signal
quality, and broad application in research. BrainAmp and gUSBamp are popular but cater

to slightly different needs like scalability and portability. Muse is favored in consumer and
17



neurofeedback research because of its accessibility and ease of use. Then, Biosemi and U-
Wake are also specialized but less commonly used, may be due to cost or the specific
research needs they address. Other devices, such Neurosky, Ag/AgCl active electrode,
homemade wireless, B-Alert X24, and six-electrodes, were used less frequently. The use
of different EEG devices in different studies may influenced by several factors including

cost, ease of use, portability, signal quality, and specific research needs.

BCI2000, 1
Muse, 1

Biosemi, 2

U-Wake, 1 NeuroScan, 9

Neurosky, 2

Ag /AgCl
active electrode,
2

Hoemade
wireless, 1

B-Alert X24, 1

gUSBamp, 2

BramAmp, 3

Figure 2 Popular Neuroheadset Headsets for EEG Signal Acquisition

2.3.2 Signal Pre-Processing

EEG signals are vulnerable to artefacts, which are noise. The sources of the artefacts are

the amplifier, power line, Electrocardiogram (ECG), Electrooculogram (EOG), and

Electromyography (EMG) as well as weak electrode contacts with the scalp (Biet al., 2013;
18



Lakshmi et al., 2014; Subha et al., 2008). Artefacts must be removed in order to move
forward since they make it difficult to identify mental states. The identified signal pre-
processing techniques are presented in Table 3. Figure 3 depicted the widely used pre-

processing technique identified by this research.

Bandpass filter, 2

SOBI, 1

Gaussian, |

Wavelet, 2

ICA. 4

Lowpass. 2

[IR Bandpass, 3

FIR bandpass, 2 FIR. 1

Figure 3 EEG Pre-Processing Techniques

The popularity of EEG processing techniques is often driven by the ability to
address specific challenges in EEG signal quality, artifact removal, and feature extraction.
The Butterworth filter is the most widely used due to its smooth frequency response and
non-oscillatory behavior. It is effective in removing noise while preserving signal integrity.
This makes it especially useful for bandpass filtering. Therefore, fixed frequency bands
may not well adapt in dynamic EEG signals which vary across individuals or states.
Butterworth filter can introduce phase shifts in the signal, and affecting time-sensitive

analysis. However, the passband frequency response is made as flat as possible with the
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help of this filter. Simple solutions for electrical grounding noise through digital filters
includes bandpass filters, low pass filters, and high pass filters (Suto & Oniga, 2018).
Lowpass filter is used to remove high-frequency noise from EEG signal data such as

electromagnetic interference.

Frequency-specific artefacts can be eliminated using a notch filter, finite impulse
response (FIR), or infinite impulse response (IIR). IIR filters are commonly used for
bandpass filtering because of efficiency in the computational resources. It is effective for
separating desired frequencies from noise or artifacts, which can introduce phase distortion.
Big data quantities are successfully handled using Independent Component Analysis (ICA)
to determine good calculation efficiency (Korats et al., 2013; Lakshmi et al., 2014). ICA is
powerful blind source separation technique. ICA is computationally expensive and can be
slow in real-time applications. It is very effective in removing artifacts from EEG signals
like eye blinks or muscle activity. It separates the observed mixed signals into statistically
independent components. This is crucial technique for cleaning EEG data for further

analysis.

The wavelet transformations can be used to decompose the time series into a
collection of components with various frequency bands (C. Zhang et al., 2014). The wavelet
coefficients are thresholder to decrease noise using Stein’s unbiased risk estimate (SURE)
threshold (Geetha & Geethalakshmi, 2011). The most precise approximation of states is
provided by the Kalman filter, which is used to combine data from multiple sensors while
noise is present (Aznan & Yang, 2013). To reject noise and suppress outside disturbances,
the Signal-Space Projection (SSP) technique can be applied (Uusitalo & Ilmoniemi, 1997).
A noisy signal with a broad frequency range is frequently smoothed using the Savitzky-
Golay algorithm. The eye blink and muscle activity artefacts can be eliminated with
EAWICA. EAWICA is more computationally intensive than standard ICA because of the
additional entropy-based weighting. The exponential moving average (EMA) filter is an
infinite impulse response (IIR) discrete low-pass filter that exponentially discounts past
data to give more weight to current data(Binti Mustaffa et al., 2018; Durantin et al., 2014).
IIR filters can be unstable especially when it implemented in a digital system. EEG signal

preprocessing involves trade-offs between artifact removal and signal preservation, that can
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impact downstream analysis. Effective EEG signal preprocessing requires expertise in

selecting and configuring suitable methods based on study objectives.

2.3.3 Feature Extraction

The pattern of brain activity is represented by features. The feature extraction process
requires the signals to be formatted in a way that classification algorithms can fully
characterize the hypothesis being represented. It is challenging to extract features from
EEG signals because they are dynamic, volatile, non-linear, and non-stationary. Table 3
provide an overview of the approaches used in this review. The popular feature extraction

techniques are visually presented in Figure 4.
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Figure 4 Feature Extraction Techniques
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The most used feature extraction technique is Fast Fourier Transform (FFT). The
signals are converted from the time domain to the frequency domain in order to retrieve
their features. FFT is often referred to as the Discrete Fourier Transformation (DFT). It
either does spectrum analysis or calculates the power spectral density (PSD) (Al-Fahoum
& Al-Fraihat, 2014; Kotodziej et al., 2012). Then, Alpha, Theta, and Alpha Ratio properties
can be derived as EEG bands using FFT (Ansari et al., 2019). PSD and FFT provide limited
temporal resolution, it is a challenge for studying dynamic brain processes that change
rapidly over time. EEG sensorimotor thythms (SMR, 12—15 Hz) are another EEG feature
that can be used in conjunction with neurofeedback to enhance cognitive performance,
particularly in the areas of memory and attention (Campos da Paz et al., 2018). The average
surprise of a random variable is represented by the differential entropy (DE) in continuous
probability distributions. Spatial and temporal properties can be obtained using
independent residual analysis (IRA) and common spatial patterns (CSP) (Q. Zhao & Zhang,
2007). CSP works well in a small dataset or in limited electrodes, so it might struggle in
scalability when handling a large dataset or a large number of electrodes. Then, beamformer
(Wittevrongel & Van Hulle, 2017), welch’s (L. Zhao & He, 2013), and wavelet transforms
(Akin, 2002) techniques are also used for feature extraction. STFT and Wavelet transforms
need significant computational power for real-time processing. This is a limit of their use
in resource-constrained environments or in an application that require low-latency

processing.

2.3.4 Classification / Pattern Recognition

The classification or pattern recognition or threshold analysis of EEG data helps to identify
the different mental conditions. Table 3 demonstrated that the state of the art in terms of
classification algorithms is extremely diverse because there is no classification approach
that dominates among the EEG-based mental fatigue detection. However, the appropriate

classification technique should be selected based on the particular features of the dataset.
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The are model from different domain like statistics, ML and deep learning. SVM is the
most popular model applied in mental fatigue detection with different kernels. SVM is
effective in handling high-dimensional data and capable of separating complex, non-linear
patterns by using different kernels. The deep learning algorithms like CNN, SONFIN, DNN
and other are used to detect mental fatigue fatigued. Besides these the statical models like
LR and threshold analysis also used to identify mental fatigued. The EEG based mental

fatigue model are depicted in Figure 5.
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Figure 5 EEG Based Mental Fatigue Detection Model

Two states of mental exhaustion are used in the majority of the works. In order to
illustrate the change from the normal condition to the fatigued state, several works take the

potential of intermediary stages into consideration (Lee et al., 2020b; H. Zeng et al., 2019).
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SVM classifiers with practical applications sort input items into several categories. It is
capable of performing various linear and non-linear classifications by simply changing its
kernel function. When used to address function approximation and regression estimation
issues, SVM is referred to as support vector regression (SVR) (Y. T. Liu, Lin, Wu, Chuang,
et al., 2016; Y. T. Liu, Lin, Wu, Hsieh, et al., 2016). In other words, it is useful for
continuous mental fatigue estimation rather than binary classification and handles non-
linear relationships between features and fatigue levels. SVM struggles in large datasets
because it requires high computational cost during training. Additionally, it requires careful
tuning of hyperparameters such as kernel and regularization. A convolutional neural
network (CNN) based deep learning system with temporal-spatial EEG filters utilized to
distinguish four mental states (Y. T. Liu, Lin, Wu, Chuang, et al., 2016). (Hossan et al.,
2017) utilized the ratio of slow waves to fast waves to identify drowsiness. CNN
automatically detects spatial patterns in EEG signals. CNN variants like MFB-CNN and
ESTCNN are designed to handle effectively EEG signal-specific features. However, it
requires high-performance GPU for training and large amount of labeled data to prevent

underfitting.

K-Nearest Neighbors (KNN) (Murphy et al., 2009) is easy to implement and does
not require extensive training. It works well for small datasets and quickly identifies
patterns based on proximity. KNN requires storing entire dataset and may be slow during
prediction in using large datasets. Performance depends on scaling and selection of
features. Deep Q-Network (DQN), (Ming et al., 2021) automatically learns complex
features from EEG signals without any manual feature engineering. It performs good with
large datasets and diverse feature spaces, but large dataset may not always available. In this
reason it is prone to overfitting with small or imbalanced datasets. Long Short-Term
Memory (LSTM) (Matic et al., 2019) specifically designed for sequential data model. It is
ideal for capturing temporal patterns in EEG signals. LSTM retains information over long
periods which is critical for fatigue detection. LSTM models need significant time to train

and the model can overfit on small EEG datasets.

Recursive Self-Evolving Fuzzy Neural Network (RSEFNN) (Y. T. Liu, Lin, W,

Chuang, et al., 2016) is suitable for identifying dynamic EEG patters because of its complex
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structure and parameters during training. It incorporates uncertainty handling that is crucial
for noisy EEG data. The self-evolving structure of RSEFNN requires significant
computational resources. Linear Discriminant Analysis (LDA) (Talukdar et al., 2020a)
simplifies high-dimensional EEG signals into a lower-dimensional space by maximizing
class separability. LDA is suitable for real-time applications because it is fast and
computationally light. However, LDA may significantly impacted by noise and outliers in
the EEG signals. Since LDA assumes linear boundaries between classes that might not

identify complex EEG patterns.

There are many more algorithms available based on needs for classification or
pattern recognition like Artificial Neural Network (ANN) (Grossi et al., 2017; Ventouras
et al., 2005), Naive Bayes (Katkar & Kulkarni, 2013; Mehmood et al., 2017), LightGBM
(H. Zeng et al., 2019), eSense (Srimaharaj et al., 2021), Multiple Linear Regression (MLR)
(Tian et al., 2018) and many more listed in Table 3 and Table 20. Literature review did not
identify any specific techniques that has a certain advantage, but the best classification
result can be achieved by applying the appropriate classification model for the given sample
of data and research goal. The widespread application of distinct classification algorithms

is the current development trend.

2.4 EMOTIV PERFORMANCE METRICS (EPM) FOR MENTAL STATE
DETECTION

There are many studies available for EEG based emotional state detection indexed by (Al-
Nafjan et al., 2017; Suhaimi et al., 2020; Zangeneh Soroush et al., 2017). There are many
EEG device (Soufineyestani et al., 2020) available for EEG signal acquisition for different
mental condition detection including emotional state. But No device provided API or
system to use emotional metrics except Emotiv. Numerous research employed the Emotiv
headset and its six-performance metrics: engagement, excitement, focus, stress, relaxation,

and interest. The Emotiv Performance Metrics (EPM) showed reliable results in the
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detection of mental disorders. Some of these investigations are summarized in Table 4.
Most research assessed all the 6 EPMs to determine the level of mental disorder. This
entails the decoding of spoken language from the human brain straight into a digital display
(Faruk et al., 2021). This research used Emotiv Epoc X for data collection from three
participants. The headset needs to maintain contact quality of 98% and it is necessary for
EPM readings. This research reported missing EPM data because of poor contact quality.
This research used statistical analysis included correlations between performance metrics
and histogram analysis of experimental datasets and external datasets. This study reported
69% and 62% improved accuracy respectively for the Naive Bayes and Linera Regression
classifiers than their first research attempt. These levels are not optimal for clinical

applications. The findings suggest room for improvement in EPM analysis methods.

There is a study (Santoyo-Mora et al., 2022) merely examines 3 EPMs (focus,
interest, & engagement) to identify a person’s mental state. This study utilized Emotiv Epoc
X to collect data from total of 147 participants. The simple reaction time (SRT) and
psychophysics tests of Two-Alternative Forced Choice (2AFC) used for the cognitive
process evaluation including visual attention, decision-making and information processing
speed. The statistical analysis includes mean, median, standard deviation, z-value, and p-
value calculations on response time and alternative-forced choice on recovered patients,
EPM is utilized to evaluate the long-term effects of COVID-19. This research suggested a
follow-up for COVID-19 patients because there is a significant reduction in the
performance cognitive process abilities. There is a report of 42.42 percent reduction in the
mild-moderate patients where 46.15 percent in the severe-critical patients for information
processing speed. There was a 46.15 percent less performance on visual sensitivity for
decision making task. The uneven distribution among groups limits the generalizability of
findings to broader populations. Participants were excluded if less than 80% signal quality,

else can cause bias results by removing data from the potentially affected individuals.

A study analyzed the reliability of 6 EPM metrics acquired using Emotiv Epoc X
from 14 participants (Paranthaman et al., 2021). Statistical tools like mean, standard
deviation, and p-value (t-test) used to evaluate the dependability of EPM in a virtual reality

game. There was a significance between the actual player’s experience and EPM. The ad-
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hoc linear model directly estimates player’s emotional states from raw EEG. This research
also reported various personalized brain activity maps to shows association between
emotions and brain activity. Wearing the VR headset alongside the Emotiv headset
introduced additional challenges such as device interference that affected EPM data
accuracy. There was a poor EEG signal quality that resulted in missing EPM values during
the experiment. The computed EPM did not align well with player ratings (PR) that

indicating discrepancies in the EPM and PR assessment.

Table 4 Emotiv Performance Metrics (EPM) in Mental State Detection

Applications Emotiv Subjects EPM References
Headsets

Decode human Epoc X 3 Focus, interest, excitement, (Faruk et al., 2021)
speech directly engagement, stress, relaxation
COVID-19 Long- Epoc X 147 Focus, interest, & engagement | (Santoyo-Mora et
Term Effects al., 2022)
Reliability of Epoc X 14 Focus, interest, excitement, (Paranthaman et al.,
performance metrics engagement, stress, relaxation | 2021)
Emotional responses | Epoc X 26 Focus, interest, excitement, (Z. Zhang et al.,
to the visual patterns engagement, stress, relaxation | 2021)
of urban street
Compare level of Insight 60 Focus, interest, excitement, (Asif et al., 2023)
executive functions engagement, stress, relaxation
Determine the Epoc X 10 Focus, interest, excitement, (Holman &
presence of the engagement, stress, relaxation | Adebesin, 2019)
emotion and EPM
Analysis of Epoc X 3 Focus, interest, excitement, (Strmiska &
Performance Metrics engagement, stress, relaxation | Koudelkova, 2018)

Emotional response was analyzed using EPM while participants were experiencing

virtual reality environment of various urban street scenes (Z. Zhang et al., 2021). The data
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collection involved Emotiv Epoc X from 26 participants. The examination of EPMs using
statistical methods, such as the mean, SD, correlation coefficients among metrics, and
linear regression with standardized coefficients as statistical analysis. This research found
that less fragmented but high diverse scenes stimulated positive emotional response. The
device reliability is affected by factors such as discomfort of wearing the headset. The EEG
data quality compromised due to poor electrode contact particularly with hair that introduce
noise into the EEG measurements. The study evident inconsistencies between EPM
measure and subjective measure of emotional responses. This concerns the validity of EPM

results with participants subjective experiences.

Another study examined the EPM and compared the levels of executive function in
gamified and non-gamified activities for 60 participants using statistical methods such as
the Kolmogorov-Smirnov test, sample Wilcoxon signed test, t-test, mean, standard
deviation, and p-value (Asif et al.,, 2023). Emotiv Insight used to collect data when
participants were performing train making test (gamified task) and scrabble (non-gamified
task) for around 1-2 minutes. The study reported that there was no significance in the stress,
excitement, relaxation, focus and focus, but interest metrics showed significance for the
participants who performed both cognitive tasks. This study reported that the Emotiv
headset does not fit for all participants properly and may results in reduced connectivity
and signal quality. The headset requires sensors to be placed directly on the skin and the
use of conductive gel or saline solution to enhance EEG signal quality. EPM are computed
in general percentages that may oversimplify complex brain activities and emotional states.
The EPM did not show significances between gamified and non-gamified tasks except for

“interest”, and this raising concerns about EPM sensitivity to task variations.

Through monitoring brain activity for 10 participants in (Holman & Adebesin,
2019), the EPM can also be used to assess whether anger is present or absent. This research
evaluated the overall user experience in information system by analyzing EPM and emotion
of anger from raw EEG. The data collection involved Emotiv Epoc X while participants
reading online news article for 20 minutes. This research fount the Emotiv headset as
reliable device on the collection of raw EEG data and EPM for evaluation user experience

objectively. The Emotiv headset was uncomfortable for the participants as well as not
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perfect fit for all participants. During the experiment session there was electrical
interference and causes loss of EPM data. Besides this long and think hair may causes noise
or less contact between skin and electrodes. There were fluctuations in the raw EEG data
when participants involved in task. Some of the EPM metrics like stress, engagement, and
relaxation lacked consistency. The presence of anger emotional response was identified

during the task session.

Another research examined the six EPM to show the efficiency of BCI (Strmiska &
Koudelkova, 2018). The data collection performed using Emotiv Epoc X headset from
three participants while participants are performing cognitive task including math exam,
rehabilitation and football match. This research performed statistical analysis using the
Emotiv pro default data visualization system. Similar to other study, this research also
reported electrical interference, contact quality and discomfortable fell on the use of
headset. Then, stress and relaxation metrics showed delayed responses in some cases that
may cause potential limitations in real-time monitoring accuracy. This research identified
that the Emotiv EPOC and the system takes some time on preparation and connection, but
Emotiv shows reliable result on mental condition detection while person doing math exam,

rehabilitation exercise and watching football match.

In summary, EPM is widely used in different mental condition analysis. There are
different Emotiv device available and shows reliability in the use of EPM on different
settings. The analysis of EPM includes different statical methods and machine learning
algorithms to detect mental conditions. Therefore, further robust analysis is required on

EPM in different settings including mental fatigue detection.

2.5 SUMMARY

It is evident that researchers across a range of disciplines utilize a variety of scales and

questionnaires to evaluate and quantify fatigue in a range of populations and medical
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situations. The reviewed questionnaires, including the CFQ, PANAS, PANAS-X, KSS, and
VAS-F, that provide arbitrary measurements of the level of fatigue. As statistical methods,
researchers analyze the results of fatigue assessments using confirmatory factor analysis,
principal component analysis, mean, standard deviation, and P-value. This research used a
bimodal scoring based CFQ self-assessment tool, because it is one of the widely used and
established questionaries across various populations and conditions that offers subjective
measures of both physical and mental fatigue. This means the CFQ measure general fatigue
of an individuals. CFQ suitable for practicing large-scale studies and routine clinical
assessments because of its time efficiency. The CFQ may work well as a pre- and post-
assessment tool to measure fatigue level before and after learning sessions to monitor

changes over time.

This review showed that signal acquisition, pre-processing, feature extraction and
classification are the procedure for EEG based mental fatigue detection in different settings.
This literature review also identified various methods for each procedure. Table 3 Showed
there are many EEG signal acquisition device available. Then variety of signal processing
and feature extraction methods are used, where Butterworth bandpass filter, ICA and notch
are the poplar signal pre-processing technique despite their limitations. FFT and PSD are
dominating as feature extraction technique because of the reliability in capturing frequency
domain features. There are many ML models used as classification or detection model.
Therefore, the neural network-based algorithms, MLP, LR and SVM with its different
kernel are the popular methods and showed reliable results on the mental fatigue detection
that earlier presented in Table 3. However, there are some limitations such as scalability,
computational demands, and interpretability challenges persist. This suggest that it is very
important to choose appropriate pre-processing, feature extraction and classification
techniques for mental fatigue detection. Emerging classification or detection technique like
ensemble learning may address the drawbacks by integrating multiple algorithms for
improved accuracy and robustness. This research employed LR, SVM and MLP as the base
models for the Ensemble Learning technique. The model performance evaluation includes
the accuracy, F1-score, ROC AUC score and cross-validation. The mental fatigue model

developed for both subject-dependent and subject-independent analysis.
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The review identified that EEG-based EPMs are used to examine mental health and
cognitive capabilities in different settings. Although, Emotiv headset has some limitations
like electrode contact quality with skin in different scalp size or thick and long hair or
discomfort while wearing headset, but this headset also provides good quality of EPM data
in different settings. The limitation may overcome using different additional techniques
like use of saline solution or conductive gen for better contact quality and consistent EPM
values. Then, may close all the Bluetooth device and wifi connection to reduce connection
interference between headset and the system. Researchers analyze data using statical
methods like mean, standard deviation, t-test, p-value, and correlation coefficients to
determine the reliability and efficiency of EPMs in various contexts. The experiments
showed how effective and useful EPMs may be in comprehending and assessing human
mental conditions. There is no study used EPM for mental fatigue detection. This study
used five EPM includes stress, relaxation, engagement, excitement and interest to detect
mental fatigue. The five EPM are the emotional metrics can get from the Emotiv APL. A
descriptive analysis and ML algorithms used to assess the EPM for mental fatigue
detection. The descriptive analysis includes mean, median, standard deviation, 25t
percentiles and 75" percentiles. Then a correlation analysis and Welch’s T-test performed

to understand the association and significance between the fatigue and non-fatigue session.
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CHAPTER THREE

METHODOLOGY

3.1 INTRODUCTION

The research methodology includes systematic literature review, experimental design, data
collection, mental fatigue detection, and evaluation of the mental fatigue detection model.
After that a description about the collected data includes participants details, dataset details
and data labelling. The research methodology illustrated in the Figure 6.

Systematic Literature , .
Y Revi Experimental Protocol Experimental Setup
eview
. Mental Fatigue Detection .
Evaluation g Data Collection
Model Development

Figure 6 Research Methodology

3.2 SYSTEMATIC LITERATURE REVIEW

A literature has performed to understand the mental fatigue detection using EEG signals
and identify the factors related to mental fatigue to design the intervention framework. The

literature review includes neurofeedback signal generation, mental fatigue detection,
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mental fatigue assessment, Emotiv performance metrics and effect of light and temperature
on mental fatigue. This research aims to use available emotional metrics and Emotiv
provide six performance metrics which are measure of six emotional states know as
emotional metrics. The findings from literature review illustrated in the previous chapter

two as entitled literature review.

3.3 EXPERIMENTAL PROTOCOL

Figure 7 shows the experimental procedure. The subject initially receives a briefing about
the entire session. The participant fills out the pre-task CFQ questionnaire form, the
demographic information form, and the online consent form before signing it. Then, the
room temperature, screen brightness and contrast were setup by following participants
preferred level. The room temperate pre-setup at 25°C and the monitor brightness and
contrast pre-setup at 50 percent for adjusting by participants, but nobody changes these

settings. They preferred the presetting level of temperature and monitor contrast.
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Figure 7 Experimental Protocol
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Participants wear Emotiv Insight headset. Participants spends one minute with their
eyes closed and another one minutes with their eyes open to get them ready for the online
learning session. Then they saw a tutorial video on the display. The system collects EPM
data while participants watching video. Participants completed a post-CFQ question form

after the session.

3.4 EXPERIMENTAL SETUP

Figure 8 describe the experimental setup. The subject needs to wear Emotiv Insight. That
is connected to laptop/desktop through Bluetooth dongle. The headset needs to maintain
contact quality to avoid null or missing EPM data because of poor contact quality. The
electrode placement is affected by the hair which cause noise into the EEG measurements.
So, the headset needs to direct contact on the skin. Alcoholic pad was used to clean skin
pointed for electrode placement. Then saline water used to maintain good contact between

skin and electrodes.

- Online video tutorial

Connect Through

doydey

System Running on
Background to get EPM

Subject Wear

Emotiv Insight 2.0 e

Figure 8 Experimental Setup
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A long-wired USB cable was used to connect Bluetooth dongle to avoid device
interference. The dongle was placed as near as possible to the Emotiv headset. To eliminate
the Emotiv headset connection interference, the Wi-Fi connection was turned off. The
internet connection was wired. Then there was no other Bluetooth device. The room setup
was soundproof and temperature setup to 25 in air conditioner (preferred by participants).
The screen brightness and contrast setup at the preferred level by the participants. Then,
the tutorial video is presented. At the background the system is running to collect EPM

data.

3.5 DATA COLLECTION

The data collection is one of challenging and complicated steps in the brain signal analysis.
The process includes selection of participants, hardware, software selection based on

research goal.

3.5.1 Ethical Consideration

Several ethical issues have been taken into account in this study to guarantee the protection
of participants’ rights, safety, and wellbeing. Each participant in the study has to be given
their informed consent after being fully informed about the study’s procedures, risks,
rewards, and confidentiality policies. Participants are free to leave the study at any moment
and without incurring any fees. The non-invasiveness and comfort of the EEG data
gathering procedures for participants has been ensured. This study takes into account
individual requirements and preferences while also respecting cultural diversity. The

integrity and transparency of the research were upheld at every stage. Thus, get
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International Islamic University Malaysia (IIUM), Kulliyyah of Information and
Communication Technology (KICT) approval for conducting data collection survey before
starting the project that is presented in Appendix A. The rules and principles for ethics were
adhered to, as established by the ethics committee. Furthermore, [IUM RESEARCH
ETHICS COMMITTEE (IREC) also approved (shown in Appendix B) the consent form
(shown in Appendix C) and personal information form (shown in Appendix D) which
contains questionnaire for selection of subjects. The data collection and associated
protocols were reviewed and approved by IREC, IITUM. The IREC registration number is
IREC 2023-047.

3.5.2 Participants

Number of subject selections done by following existing study that is illustrated in Table
4. There is total of 26 study with total 473 subjects counted. The highest number of subjects
in a particular study was 109 and lowest number of subjects was 6 in two study. The most
frequent number of subjects are 11 (5 research), 20 (4 research), 10 (3 research), 8 (3
research), 7 (2 research), 6 (2 research) and other research the numbers of subjects are
unique. There is a huge variance in the sample size used in the existing research work, but
no study reported any standard for a use of any specific number sample size. The bigger

sample size may claim more better and reliable outcomes of a research work.

It is beneficial to provide detailed demographic information about the participants
includes age range, gender distribution, educational background, and other relevant
characteristics of the participants. This can help to demonstrate the sample reflects on the
diversity of online learners. Furthermore, the recruitment process by considering inclusion
and exclusion criteria is decided based on the demographic information. Addressing
potential limitations of certain demographics and the effect on the generalization of the

results that shows robustness to the study.
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3.5.3 Neuroheadset

Table 2 and Table 4 showed that there are variety of EEG signal acquisition devices used.
This study used Emotiv Insight 2.0 to collect the EPM. The device and the integrated
electrodes  placement are  represented in  Figure 9  (image  source:

https://www.emotiv.com/products/insight ) and Figure 10.

Figure 9 Emotiv Insight 2.0 Neuroheadset

Emotiv Insight has 5 channels including AF3, AF4, T7, T8, and Pz. Then, Common
Mode Sense (CMS) and Driven Right Leg (DRL) are 2 references on left mastoid process.
The sensor material is Hydrophilic semi-dry polymer. The Emotiv Insight is wireless and
can be connected to Bluetooth. It supports Bluetooth 5. However, the EEG signal sampling
rate in a single electrode is 128 Hz per second. Frequency response is 0.5-43 Hz with digital
notch filter at S0Hz and 60 Hz. This device comes with built in digital 5th order Sinc filter.
Internal Lithium Polymer battery of 480mAh is used that can run for 20 hours in a single

charge. Besides Emotiv Insight need a desktop or laptop to see video.
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Figure 10 Emotiv Insight’s Electrode Position

3.5.4 Video for Stimuli

A recorded video is selected as online learning environment. The video is long for 31
minutes 50 seconds. The video is on a topic of “Requirements Modeling in Software
Development” domain. This video is chosen because this video already used for online
learning among ITUM computer science students. The video is relevance to online learning
and can occur fatigue because of cognitive demands like prolonged concentration on the
learning of complex information. The video does not contain any music. The video sound,
brightness and contrast level were setup by the participants preferred level. The video is
stored and play from a laptop while the user view video from a different monitor. The video
presentation monitor was a squared shape monitor and connected to a laptop. The video

was integrated in a power point slide to present the participants.
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3.6 MENTAL FATIGUE DETECTION MODEL DEVELOPMENT

Mental fatigue detection will be using EPM metrics. A self-reported chalder fatigue scale
is used to identify a person’s fatigue experience. Each dataset will be divided in training
and testing sub dataset in a proportion of 80 percent and 20 percent with randomized
selection process. There are ML algorithms including Logistic Regression (LR), Support
Vector Machine (SVM) with polynomial kernel, Multilayer Perceptron (MLP) as base
models for ensemble learning model to detect mental fatigued. The choice of base models
lies in leveraging the unique strengths of their nature. The LR, SVM and MLP fall under
distinct categories accordingly statistical model, machine learning, and neural networks.

This ensures a diverse foundation for the ensemble learning model.

LR is excellent at identifying linear relationships in the data and gives a baseline
that is easily interpretable. It may reliable for comprehending the EPM features associated
with mental fatigue with its simplicity and statistical basis. SVM can better tackle the
complex structures found in EPM by modeling with polynomial kernel. it is highly resistant
to overfitting with high-dimensional data fields. MLP as a neural network model able to
capture non-linearities and complex associations within the data by leveraging its multi-
layer structure for better feature extraction. As discussed in earlier section 2.3.4 that every
ML model has drawback. Similarly, LR has limitations of linear dependency, then SVM
experiencing scalability issue on large dataset and MLP has limited interpretability

compared to simpler models like LR or SVM.

The limitation can be mitigated using an Ensemble learning technique where LR,
SVM and MLP are the base model. The robustness of SVM, the flexibility of MLP, and
the statistical integrity of LR work in conjunction to improve the overall MF detection
performance. This technique ensures better accurate, generalize and adaptable MF

detection model.
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3.6.1 Emotiv Performance Metrics (EPM)

There are six EPM emotional metrics available. Emotiv eliminate the focus metrics and
added the attention metrics that was not available during data collection process. This

research used stress, engagement, interest, excitement, and relaxation.

Stress: A measure of comfort with a task, stress is described as having low to
moderate levels that improve productivity and greater levels that have detrimental effects

on health and wellbeing.

Engagement: Engagement is characterized by heightened physiological arousal
and beta waves, alertness, and conscious attention to task-relevant stimuli. The higher the

effort, attention, and focus, the higher the output score the detection reports.

Interest: The level of attraction or aversion to a stimuli, activity, or environment is
referred to as interest. Low interest ratings show a strong disdain for the assignment, high
interest scores show a strong love for the task, and mid-range levels show that you are

indifferent about the activity.

Excitement: Excitement entails pleasant physiological arousal. The output score
for the detection increases as physiological arousal increases. The excitement detection is
calibrated to produce output scores that capture short-changes in enthusiasm across time

intervals as little as a few seconds.

Relaxation: Relaxation test measures one’s capacity to unwind and reset after

periods of intense concentration.

The EPM scores ranged from 0 to 1. For instance, if the value of the engagement
metrics is 0.1, the person is not engaged, whereas the value 1.0 indicates strong

involvement on the part of the person (Emotiv, 2023, 2024a).
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3.6.2 Mental Fatigue Detection

The EEG signal acquisition, pre-processing, feature extraction and classification model
development are the primary part of EEG based mental fatigue detection. These steps are
same as EEG based emotional state detection (Al-Nafjan et al., 2017; M. F. Hossain et al.,
2021; Suhaimi et al., 2020). Then, Emotiv emotional metrics are including these four steps
but the total process or techniques are not revealed by Emotiv. Emotiv process the EEG
signal to produce the EPM which are emotional metrics. Therefore, if an EEG headset
device provide the emotional metrics through an API like Emotiv, then a mental fatigue
detection technique pipeline can be depicted as in Figure 11. The EEG processing is
handled by Emotiv. The mental fatigue detection pipeline includes collection EPM and

development of mental fatigue detection model.

Subject

@ EEG Headset
3G APL | EEG Emotional MF Detection

"| Metrics Acquisition Algorithms

A\ 4

Figure 11 EEG-Derived Emotional Metrics-Based Mental Fatigue Detection Pipeline

Table 3 and Table 20 presented many Algorithms for different mental conditions
detection including Mental fatigue detection. Every algorithm has its own efficiency, and
limitations. However, the algorithms are shown reliable results in the detection of mental
conditions. This research chooses Logistic Regression, Support Vector Machine,
Multilayer Perceptron and Ensemble Learning algorithms to detect mental fatigue using

Emotiv metrics. It is important to note that the mathematical term of the algorithms did not
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include because this research did not contribute on this. This research used the model from
scikit-learn which is a free ML library for python programming language. However,

important link and publications related to algorithms are included in the respective section.

3.6.2.1 Logistic Regression (LR)

A well-performing, easily comprehensible model that provides insight into the connections
between features and the goal variable is logistic regression. In particular, for datasets with
a moderate number of features and samples, logistic regression is computationally efficient.
The LR introduced by (Cramer, 2002). This LR development based on (Pedregosa et al.,
2011) guidelines. A key technique for binary classification is logistic regression, which
offers comprehensible probabilities and a distinct boundary for the decision depending on
parameters that have been learned. It uses a logistic (sigmoid) function to model the
likelihood of the positive class as illustrated in Figure 12. By maximizing a cost function
using labeled training instances, parameters are learned. Through feature engineering or

interactions, this linear model could indicate non-linear relationships.
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Figure 12 Logistic Function Curve
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The LR parameters settings (scikit-learn library) in default with a “random_ state”
parameter to make the model outcomes consistent for every single run. A parameter
“penalty” used for regularization which handle both the sparse and dense input. Then a
default “solver” parameter utilized which support the “penalty” parameter to encounter the
optimization problem. There is “max_iter” used to maximize the number of iterations for
optimization. A floating “c” parameter used as inverse of regularization strength. To added

an intercept in the model the default “fit_intercept” used where a “tol” parameter also used

as tolerance as stopping criteria.

3.6.2.2 Support Vector Machine (SVM)

Complex patterns in the data can be captured with SVM. Support Vector Machines (SVM)
can be used to address a wide variety of classification problems, including binary problem
solving. SVM is an algorithm that is robust and efficient for datasets that are separable both
linearly and non-linearly. Support Vector Machine (SVM) was introduced by Vladimir
Vapnik and his colleagues (Boser et al., 1992; Cortes et al., 1995; Vapnik, 1997). The SVM
implementation guidelines are from (Pedregosa et al., 2011). SVMs are supervised learning
models that can be applied to both regression and classification problems. Figure 13 is a

representation of the SVM with polynomial kernel margins and decision boundary.

The best hyperplane that optimizes the margin between the nearest data points of
various classes is found by SVM. Support vectors are the closest data points. If the data is
not linearly separable in its original feature space, SVM may translate data into a higher-
dimensional space using a polynomial kernel function where the classes become separable.
Then, within this higher-dimensional space, the SVM determines a hyperplane. The
hyperplane defines the decision boundary that SVM creates. After being trained on labeled
data SVM can predict their class. The side of the hyperplane on which new data points fall

determines their classification.
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Figure 13 Support Vector Machine with Polynomial Kernel Decision Boundary & Margin

A support vector classifier (SVC) with polynomial kernel and degree of three is
initialized for classification. Then the “c” and “tol” used the model with default settings as
the inverse regularization strength and tolerance. A “gamma” parameter indicates impact
of a single training example. The “shrinking” ensure the shrinking heuristic in the
optimization of the model. Then, “coef0” defines the comparative influence of high degree
and low degree polynomials. The “random state” used to ensure the model’s

reproducibility. The probability estimation enables by using the “probability”.

3.6.2.3 Multilayer Perceptron (MLP)

An artificial neural network (ANN) known as a Multilayer Perceptron (MLP) is a structure
made up of several feedforward layers of nodes, or neurons. One of the most popular and
adaptable deep learning architectures, it may be used to a variety of tasks, including

regression, classification, and even unsupervised learning. Over several decades, numerous
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researchers have contributed to this MLP evolution. However, the term “perceptron”

introduced by Frank Rosenblatt (Rosenblatt, 1958).

Multilayer Perceptron (MLP) use both feedforward and backpropagation. MLP
processes input data and produces predictions or outputs by using feedforward. The input
data is passed forward through the neural network layer by layer during training and
inference. At first, every layer transforms the input linearly, then adds a non-linear
activation function. This procedure is repeated until the data reaches the output layer, where
the final predictions or probability estimates are produced. Following the feedforward pass,
the neural network’s weights and biases are updated using the backpropagation algorithm
in accordance with the differences between the true and predicted outputs. Following the
feedforward pass, the neural network’s weights and biases are updated using the
backpropagation algorithm in accordance with the differences between the true and
predicted outputs. By calculating a loss function’s gradients according to the model’s
parameters, backpropagation modifies the parameters to minimize the loss. Until
convergence or a maximum number of iterations is achieved, the error is propagated
backward through the network while the parameters are updated iteratively. Figure 14

illustrated MLP with single hidden layer.

Input Layer Hidden Layer Output Layer

Figure 14 Multilayer Perceptron with a Hidden Layer
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The development of MLP model includes scikit-learn guidelines (Pedregosa et al.,
2011). The architecture of the neural networks is defined by the “hidden layer sizes”
parameter that determines the number of neurons in a single hidden layer. The “activation”
parameter used for nonlinearity in the neural networks which helps to learn more complex
associations in data. The model’s weight optimizations encounter by using the “solver”
parameter. The reproducibility of the model ensures by the “random_state” parameter. The
“alpha” is another parameter that used as the strength of the regularization term which
prevent the overfitting issue by reducing the weights size. The “max_iter” indicates the
maximum number of iterations for training of the neural network. The “learning_rate” is
the steps size to determine the updated amounts of weights during the training. The initial

leaning rate defines by the “learning_rate init” parameter.

3.6.2.4 Ensemble Learning Model

Ensemble learning is a robust computational learning technique that combines the
predictions of several different independent models to improve predictive performance.
Ensemble approaches are widely used (Dong et al., 2020; Polikar, 2012) and provide
substantial improvements over standalone models, particularly when dealing with complex
relationships or noisy data. Ensemble learning may efficiently solve problems like
overfitting, variance reduction, and improving generalization skills by taking advantage of
the diversity across several models. A scikit-learn (Pedregosa et al., 2011) guidelines used

to develop Ensemble learning model.

Ensemble learning model with soft voting classifier depicted in Figure 15.
Ensemble learning makes use of the independence and variety among models to mitigate
bias and variance. Several tactics (bagging, boosting, and stacking) can be employed for
ensemble methods by considering the nature of the problem. An ensemble learning model

implemented combined earlier designed LR, SVM, and MLP algorithms.
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Figure 15 Ensemble Learning Model with Soft-Voting Classifier

In scikit-learn, the VotingClassifier is a meta-estimator (stacking). It combines
multiple distinct classifiers and makes predictions by the majority vote. In the training set
each base classifier (SVM, LR, and MLP) is trained separately which are the “estimators”
of the model. The 'soft' voting method used to select the class with the highest average
probability by averaging the class probabilities (scores) from each classifier. The “weights”
parameter used to combine the predictions from the base models. In this case, the
performance of each model is weighted proportionally to its ability. The number of required
parallel jobs to ensure the fit is ensured by the “n_jobs”. The “flatten transform” used to
affect the shape of the output transform where it returns as the matrix shape. The verbosity

level defines by the “verbose” parameter to set the logging level of the model.

3.7 EVALUATION

Finding the Emotiv Performance Metrics’ (EPM) effectiveness to detect mental fatigue is
one of the evaluation’s key components. EPM can identify a variety of mental states,
according to a previous evaluation of the literature, but there is no research to back up its

ability to identify mental fatigue. One of the purposes of this study is to assess EPM’s
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ability to detect mental fatigue. At first it is important to measure individuals caseness of
mental fatigue Using a self-reported assessment tool. Then statical analysis to see the
difference between fatigued and non-fatigued session. After that correlation analysis to sees
the correlation among EMP and mental fatigue, statical test to identify significance variable
between fatigued and non-fatigued session and then ML model performance evaluation

metrices to see the model performance.

3.7.1 Self-Report Mental Fatigue Assessment

To measure mental fatigue, a self-report CFQ questionnaire will be employed. The original
CFQ (Chalder et al., 1993) included a total of 14 questions, while the updated version (Cho
et al., 2007; Jackson, 2015; Jing et al., 2016) has 11 questions that are thought to be more
dependable and better suited for model construction. The CFS can be scored using both a
bimodal score and a Likert score, which depicted in Table 5. When scoring bimodal, "Yes"

equals 1 and "No" equals 0, respectively.

Table 5 Chalder Fatigue Scale (CFS)

Scoring
Questions Likert Scoring Bimodal
Lessthan | Nomore | Morethan | Much more | No | Yes
usual than usual usual than usual

1. Do you have problems with 0 1 2 3 0 1
tiredness?
2. Do you need to rest more? 0 1 2 3 0 1
3. Do you feel sleepy or drowsy? 0 1 2 3 0 1
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4. Do you have problems starting 0 1 2 3 0 1

things?

5. Do you lack energy? 0 1 2 3 0 1
6. Do you have less strength in your 0 1 2 3 0 1
muscles?

7. Do you feel weak? 0 1 2 3 0 1
8. Do you have difficulties 0 1 2 3 0 1
concentrating?

9. Do you make slips of the tongue 0 1 2 3 0 1
when speaking?

10. Do you find it more difficult to 0 1 2 3 0 1
find the right word?

11. How is your memory? 0 1 2 3 0 1

The Bimodal score applied as the CFS to assess mental fatigue. The pre and post
chalder fatigue questionnaires depicted accordingly in Appendix E and Appendix F. By
contrasting with the CFS score, the mental fatigue identification is confirmed by measuring
EPM. The CFS score 4 or more is “CASENESS” of mental fatigue (Chalder et al., 1993;
Jackson, 2015; Loge et al., 1998).

3.7.2 Descriptive Statistics

The mean, median, standard deviation, and the 25th and 75th percentiles calculated for each
EPM in order to detect differences in the data between fatigued and non-fatigued sessions.
The mean is the average of a EPM in a session. So, this helps to identify the difference
between two sessions. Therefore, there is challenge to depend on only mean because mean
is sensitive to outliers or extreme maximum or minimum value. To solve this issue median

is calculated, which is the middle point of data. If mean near to median then the data is
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likely to be balanced around the center, few outliers this suggest a symmetrically distributed

data. That can be very useful for both sessions.

Standard deviation (SD) is calculated to see the data variability because SD is the
square root of the variance. Low SD indicated the data points close to mean; higher SD
value indicated wide ranges of data. Furthermore, the 25™ and 75" percentiles are included
to support SD and better observation of data distributions. 25" percentile refers the values
which fall below 25% of the data and 75" marks the value that fall under 75% of the data.
This can help to identify the data central ranges for each EPM in both sessions.

These statistical indicators provide insightful information on the data’s distribution,
central tendency, and variability that facilitating a comprehension of the differences in
features between the two groups. A better understanding about the pattern or behavior of

EPM that separate fatigued from non-fatigued sessions by looking at the statistics summary.

3.7.3 Correlation Analysis

Correlation analysis helps to understand baseline association between EPM and mental
fatigue status. The linear relationship between two variables is measured in this study using
the Pearson correlation coefficient (Pearson, 1895). It has a range of -1 to 1, where 1
represents a perfect linear association between the variables, -1 represents a perfect
negative linear association, and 0 represents no linear association at all (“Pearson’s
Correlation Coefficient,” 2008). The correlation presented for fatigued session, then non-
fatigued session to identify the dynamics of EPM in the respective session. So, this will
help to compare the both session EPM behavior. The two sessions were then combined,
and the relationship between fatigue and EPM was presented. This helped to discover the
association between EPM and mental fatigue for both individuals and generalized
observations. This will help to understand the behavior or relationship of each EPM metrics

against mental fatigue status.

50



3.7.4 Statical Testing

The significance of differences between fatigued and non-fatigued sessions is assessed
using Welch’s t-test, which improves the analysis’s understanding and consistency.
Student’s t-test is adapted into Welch’s t-test (WELCH, 1947). The t-statistic (t) is
computed with the means, variances, and degrees of freedom using the Welch-
Satterthwaite equation (Satterthwaite, 1946; WELCH, 1947). Next, using the t-distribution
with degrees of freedom, find the p-value related to the t-statistic. The null hypothesis can
be rejected if the p-value is smaller than the significance level (0.05), indicating significant
difference between the means of the two groups. If p-value exceeds the significance level,

the null hypothesis cannot be rejected which states there is no significant difference.

3.7.5 Mental Fatigue Detection Model Evaluation

ML model performance evaluation is the basis for building effective and reliable ML
application. This helps decision-making, improves interpretability, and identifies

overfitting and underfitting in machine learning applications.

3.7.5.1 Machine Learning Model Performance Metrics

There are several model performance metrics including accuracy (Flach, 2019), precision,
recall, F1- score, and ROC ACU (Basha & Rajput, 2019) score can be used to determine
model performance. A tabular representation of the model's predictions compared to the
actual values is called a confusion matrix. A typical confusion matrix presented in Table 6.

Confusion Matrix consist of True Negative (TN), False Positives (FP), False Negative (FN)
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and True Positive (TP). It is expected that a higher TP value will indicate that the model
accurately predicted positive instances. Similarly, a greater number of TN is preferable
since it shows that the model accurately predicted negative instances. On the other hand, a
small FP value is expected since these indicate cases that were incorrectly classified as
positive (Type I error). Similar to FP a small FN value will be expected, since it indicates

instances that were incorrectly classified as negative (Type II error).

Table 6 Confusion Matrix

Predicted Negative Predicted Positive
Actual Negative TN FP
Actual Positive FN TP

Accuracy is most common metrics to evaluate a model performance (Flach, 2019;
Yin et al., 2019). It calculates the percentage of correctly classified instances relative to all
instances. A high (near to 1) accuracy value indicates a model with accurate predictions.

The formula to calculate for accuracy is following:

accuracy = (TP+TN) / (TP+TN+FP+FN)

Precision is another metrics that finds the percentage of true positive prediction
among all positive predictions (Basha & Rajput, 2019). It measures how well the model
can recognize positive instances; in other words, it measures the ability to avoid false

positives of a ML model. The formula is following:
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precision = TP / (TP+FP)

Recall (sensitivity) calculates the percentage of accurate positive predictions
among all actual positive instances (Basha & Rajput, 2019). High recall helpful while there
is a low precision because it finds most true positive cases even though it is prone to false

positives. The formula for recall is following:

recall = TP / (TP+FN)

F1-score is another important evaluation metric that establishes a balance between
recall and precision (Basha & Rajput, 2019). It measures the model's overall performance.
Better model performance can be witnessed by a higher Fl-score (closer to 1), which
reflects a well-balanced trade-off between precision and recall. The F1-score formula is

following:

Fl-score = (2 x Precision x Recall) / (Precision + recall)

Specificity is the proportion of actual negative instances that the model correctly
classifies as negative (Basha & Rajput, 2019; Flach, 2019). A low specificity score implies
possible problems with false positive predictions, whereas a high score indicates successful

negative categorization. The formula is following:

specificity = TN / (TN+FP)
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Receiver Operating Characteristic Area Under the Curve (ROC AUC) is
calculated by plotting the true positive rate (recall) against the false positive rate (1-
specificity) for a variety of threshold values (Basha & Rajput, 2019; Flach, 2019). Higher
ROC AUC (near to 1) values demonstrate better discrimination between positive and
negative instances. ROC AUC value 0.5 indicates random classification; means there is no
discrimination between positive and negative instances. Figure 16 is the representation of

a ROC AUC curve.
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Figure 16 ROC AUC Curve of a Classification Model

3.7.5.2 Cross-Validation

Cross-validation is a vital technique to evaluate the performance of predictive model and

ensure model generalization ability to new data (Browne, 2000). The dataset is divided into
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several subsets, the model is trained on some of these subsets, and its performance is
evaluated on the remaining subsets. While there are various approaches to perform cross
validation, this study uses k-fold cross-validation, specifically with five folds. The dataset
is split into five equal-sized subsets. The model is trained and evaluated five times. Each
time using a distinct subset as the validation set and the remaining subsets as the training
set. After calculating cross-validation score for five folds, then mean, SD, training score

and validation score is calculated.

Cross-validation mean score describes the overall performance of the model across
all folds (Berrar, 2019; Browne, 2000). The SD measure the variability or spread the
model’s performance across different folds. A higher (closer to 1) mean vale and a lower

(closer to 0) SD value defines better model performance with consistency.

Training Score describe the model performance on the same dataset that used to
train model (Berrar, 2019; Browne, 2000). A higher training score indicate better
performance on the respective training data. In contrast, validation score defines the model
performance on a different data that is not used to train model. The model’s prediction is
evaluated on the validation data to identify model’s generalization ability to new data. In
this reason, validation score is important to identify overfitting or underfitting of model. If
a model training score is high but validation score is significantly low the model will be
overfitted model. The model will be identified as underfitting, if both training and
validation scores are low. The model will be well generalized performed model if both
training and validation scores are high consistent, means validation score closer to training

Score.

3.8 Data

This section describes a collection of unlabeled Emotiv performance metrics (EPM) data

details which is recorded from 10 participants, under online video learning stimuli. The
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data includes five EPMs: stress, engagement, interest, relaxation, and excitement. A self-
reported fatigue rating known as a chalder fatigue questionnaire that was obtained at the
beginning of the session and the end of the session. Participants wore the Emotiv headset
while participating in online learning. Figure 17 shows a data collection session. The

dataset will contribute to the detection of mental fatigue detection for online participants.

Figure 17 A Participant in the Data Collection Session

3.8.1 Participants Details

This research aims to perform mental fatigue detection with different subjects. The subjects
are from International Islamic University Malaysia (IITUM) students. There are 10 subjects
participated in the experiment. A volunteer participation adds shared in social media like
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[IUM Facebook page, different WhatsApp and Telegram group. Initially, total 13
individuals interested to participate in the data collection. Three individuals did not
participate in the data collection session. Total 10 individuals participated for the EPM data
collection. All the participants were given an identification number to protect their identity.
The subject inclusion-exclusion criteria are sickness, smoking, and drug addiction. If the
participants are sick and/or smoking and/or drug addicted and/or any psychological
disorder accounted as exclusion criteria for subject selection. The demographic information

collection includes age, job, medicine and sleeping hours which are depicted in Table 7.

Table 7 Demographic Information

Information criteria Number of participants

Age group 20-25 7
25-30 2

30-35 1

Marital status Single 9
Married 1
Gender Male 10
Female 0

Body Mass Index Underweight (<18.5) 0
(BMI) Normal (18.5-25) 6
Overweight (25-30) 3

Moderately obese (30-35) 0

Severe Obese (>35) 1

Education Doctor of Philosophy (PhD) 2
Master 1

Bachelor 7

Housemate Alone 4
Friends 2

Family 4

Job Full-time 0
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Part-time 0
Unemployed 10

Health Condition History of Covid 19 5
Physical disorder 0

Psychological disorder 0

Current sickness 0

Currently medication 1

Addiction Smoking 0
Drug addiction 0

Preferred study mode Face-to-Face 10
Online learning 0

Fatigue during Face-to-Face (Frequently) 1
learning Face-to-Face (Sometimes) 7
Face-to-Face (No) 2

Online learning (Frequently) 3

Online learning (Sometimes) 7

Feeling loneliness No 3
Sometimes 4

Frequently 3

The Subjects participate on their flexible time. After participation selection they
were guided for data collection session. The instruction includes: (i) take enough sleep, (i)
cannot drink Alcoholic drink, (iii) cannot drink coffee or tea, (iv) wash hair, and (v) cannot

use hair oil or gel. All the participants preferred 50% of brightness and contrast level.

3.8.2 Screening Based on Chalder Fatigue Scale (CFS)

The data screening process used for sample inclusion and exclusion for mental fatigue

detection. There are two participants data is excluded from the analysis. Subject 1001 starts
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the session with fatigued caseness that is defined from his CFQ outcomes. He has gotten
pre-CFS score of 4 which is caseness of fatigue according to the CFS scale. This indicates
he is in fatigue states already. So, this need to be excluded, because need to have both brain
states (fatigue and non-fatigue). Another participant’s (Subject 1006) data is excluded
because his pre-CFS score is 0 and post-CFS score is 3 which defines he was not fatigued
during the learning session. Since only non-fatigue brain state, so excluded from the further
analysis. This two participants inclusion may cause of data imbalance since their fatigue
status pattern are different than other 8 participants. This will lead to a person-specific bias
rather than generalization model for fatigue detection. Also, there is a high chance to be
overfitting issue. Since, their fatigue status is static (means both persons have only one
fatigue state), this may lead to lower mental fatigue detection model performance. Finally,

total 8 person data is included for mental fatigue detection. The CFS presented in Table 8.

Table 8 Participants CFS Score

Partcipants ID pre_CFS(out _of 11) post CFS(out_of 11)
Subject 1001 4 10
Subject_1002 2 6
Subject 1003 1 9
Subject 1004 0 5
Subject 1005 0 7
Subject 1006 0 3
Subject 1007 0 4
Subject_1008 3 7
Subject_1009 0 6
Subject_1010 0 6
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3.8.3 Dataset Details

As earlier mentioned, five Emotiv performance metrics (EPM), demographic information
and a Chalder Fatigue Questionnaire (CFQ) data were recorded. The EPM dataset saved in
Comma-separated values (CSV) file format. Self-reported CFQ is scaled in binary form 1
and 0. The CFQ and demographic data were recorded using Google Form. After that the
data is recorded in a CSV file. Table 9 is a sample of the unlabeled EPM data. The EPM’s
measurement from EEG signals is done by Emotiv but the details process is not described
by the Emotiv. Emotiv headset connected through Emotiv launcher and generates
performance metrics from Emotiv devices at 0.1 Hz (Emotiv, 2024). This indicates that the
performance data are updated or transmitted once every ten seconds. As Emotiv describes
each EPM is in a decimal number range between 0 and 1. If there is poor EEG signal quality
then the EPM value is null and excluded from the dataset. There was no null value, since

careful experimental setup has performed as describe earlier in Section 3.4.

Table 9 Sample of EPM Data

engagement | excitement stress relaxation | interest | average | timestamp
0.637614 0.431304 | 0.276254 | 0.26414 | 0.56341 | 0.434544 | 1.7E+09
0.534821 0.253394 | 0.340384 | 0.376263 | 0.521004 | 0.405173 | 1.7E+09
0.429153 0.162997 | 0.337936 | 0.366186 | 0.488786 | 0.357012 | 1.7E+09
0.503934 0.391049 | 0.434824 | 0.440165 | 0.484864 | 0.450967 | 1.7E+09
0.451405 0.252189 | 0.304995 | 0.481921 | 0.514529 | 0.401008 | 1.7E+09
0.396943 0.29764 | 0.319735 | 0.450011 | 0.479825 | 0.388831 | 1.7E+09
0.488003 0.573425 | 0.297895 | 0.41388 | 0.514818 | 0.457604 | 1.7E+09
0.465568 0.52055 0.36467 | 0.297609 | 0.463998 | 0.422479 | 1.7E+09
0.618003 0.561818 | 0.37487 | 0.412575 | 0.539995 | 0.501452 | 1.7E+09
0.901969 0.307723 | 0.272013 | 0.130901 | 0.572449 | 0.437011 | 1.7E+09
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3.8.4 Data Labelling

Tutorial video used to induce fatigue. The data can be labelled in different time interval.
Each participant’s EPM data was divided into two different categories in the data labeling
process: non-fatigued (0) and fatigued (1). Subject-dependent analysis refers to each
participants individual analysis. Subject-independent analysis refers all participant data
combine and make a generalize dataset to analyze. Brain signals are dynamics person to
person. It is important to have both subject-dependent and Subject-independent analysis
to show the dynamics among participants brain states. This will help to identify the best
detection model for mental fatigue. In particular, each participant’s first 15-minute phase
was classified as “non-fatigued”, whereas their second 15-minute segment was classified
as “fatigued”. Then merged the data from every participant to create a general dataset for
subject-independent analysis. This research chooses to label first 15 minutes 50 seconds
data as non-fatigue (0) and second 16 minutes as fatigued (1) because participants self-
reported to fall in fatigue around this time. So, there is a significant difference expected in
this time period. These time frame provides a reliable result in the detection of mental

fatigue that described in the following chapters.

Each subject-dependent dataset and subject-independent dataset were divided into
training and testing sub-dataset in a proportion of 80 percent and 20 percent with

randomized selection methods. The number of observations is described in Table 10.

Table 10 Number of Observations in a Dataset

Dataset Total observation Training (80%) Testing (20%)
Subject-dependent 191 152 39
Subject-independent 1528 1222 306
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CHAPTER FOUR

RESULT ANALYSIS

4.1 INTRODUCTION

This section represents the result and discussion on the findings. Subject-independent and
subject-dependent analysis is employed to look at EPM for mental fatigue detection. Start
with descriptive statistics for central tendency discrepancies to highlight the differences
between the fatigued and non-fatigued segments. Then, these variations will be visually
represented using data visualization. Correlation analysis explores the links between
variables as well as shows difference between fatigue and non-fatigue session. Statistical
testing carefully evaluates significance difference between both sessions. Finally, using
available features, machine learning algorithms are used to create mental fatigue

classification model.

4.2 SUBJECT-DEPENDENT ANALYSIS

This section represents descriptive analysis, correlation analysis, statical testing findings
and mental fatigue detection findings for subject-dependent mental fatigue analysis.
Subject-dependent models help to leverage individual EPM pattern and mental fatigue
status. Subject-dependent models are able to exhibit higher accuracy because personalized
model can capture individual variability. This may enable a highly personalized

applications like personalized neurofeedback.
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4.2.1 Descriptive Analysis

Descriptive statistics provides a concise description of the significant features of the data,
such as mean, standard deviation (SD), and median, that enables the quick identification of
potential differences between the fatigued and non-fatigued session. The descriptive

statistics depicted in Table 11 for all subjects.

Table 11 Subject-Dependent Center Tendency Fatigue (FAT) vs Non-Fatigue (Non-FAT)

Participa Center Engagement Excitement Stress Relaxation Interest

nts_ID Tendency | non- | FAT | non- | FAT | non- | FAT | non- | FAT | non- | FAT
FAT FAT FAT FAT FAT

Subject Mean 0.53 | 047 | 033 | 035 | 0.34 | 033 | 0.21 | 0.33 | 033 | 0.38
1002 SD 0.11 | 0.17 | 0.19 | 0.19 | 0.08 | 0.07 | 0.06 | 0.09 | 0.12 | 0.05
Median 054 | 048 | 028 | 0.32 | 032 | 0.31 | 0.2 | 0.32 0.3 0.39
25% 0.45 | 038 | 0.18 | 0.19 | 0.28 | 0.28 | 0.17 | 0.26 | 0.26 | 0.36
75% 0.58 | 059 | 049 | 05 | 039 | 037 | 0.24 | 0.38 | 038 | 0.42
Subject Mean 0.57 | 051 | 0.34 | 049 | 039 | 0.37 | 047 | 04 0.67 | 0.42
1003 SD 0.14 | 0.16 | 0.11 | 0.14 | 0.09 | 0.06 | 0.2 0.1 0.2 0.05
Median 0.61 | 051 | 0.32 | 0.51 | 0.38 | 0.36 | 043 | 0.4 0.69 | 0.42
25% 047 | 041 | 0.26 | 037 | 033 | 032 | 03 | 032 | 0.51 0.4
75% 0.68 | 0.64 | 04 06 | 044 | 041 | 0.69 | 048 | 0.84 | 0.44
Subject Mean 054 | 038 | 042 | 026 | 038 | 0.3 | 043 | 0.26 | 0.54 | 0.43
1004 SD 0.11 | 0.09 | 0.18 | 0.11 | 0.07 | 0.04 | 0.12 | 0.08 0.1 0.05
Median 053 | 039 | 041 | 025 | 037 | 029 | 042 | 025 | 0.53 | 0.42
25% 045 | 033 | 0.25 | 0.16 | 032 | 0.27 | 0.33 | 0.2 0.47 0.4
75% 0.63 | 045 | 0.56 | 0.31 | 042 | 032 | 049 | 031 | 0.59 | 047
Subject Mean 0.57 | 033 | 041 | 0.31 | 031 | 026 | 0.31 | 0.38 | 045 | 0.37
1005 SD 0.13 | 0.13 | 0.16 | 0.18 | 0.05 | 0.06 | 0.12 | 0.16 | 0.12 | 0.09
Median 0.59 | 035 | 043 | 031 | 031 | 026 | 0.27 | 0.35 | 0.43 | 0.39
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25% 047 1019 | 03 | 0.12 | 028 | 0.22 | 0.23 | 0.22 | 0.37 | 0.29

75% 066 | 041 | 053 | 046 | 034 | 03 | 035 | 052 | 047 | 045

Subject Mean 041 | 039 | 036 | 042 | 029 | 0.29 | 0.26 | 0.24 | 043 | 047
1007 SD 0.14 | 0.14 | 0.16 | 0.17 | 0.07 | 0.04 | 0.06 | 0.05 | 0.05 | 0.04
Median 041 | 036 | 032 | 0.39 | 028 | 0.29 | 0.25 | 0.23 | 0.44 | 0.48

25% 031 | 029 | 023 | 0.28 | 024 | 0.26 | 0.2 | 0.21 | 042 | 047

75% 049 | 049 | 0.46 | 0.58 | 035 | 0.32 | 031 | 0.26 | 0.46 | 0.48

Subject Mean 047 | 036 | 051 | 032 | 038 | 0.28 | 04 | 025 | 0.54 | 0.39
1008 SD 0.1 0.1 | 0.12 | 0.16 | 0.09 | 0.05 | 0.11 | 0.09 | 0.09 | 0.06
Median 0.46 | 037 | 0.51 | 0.31 | 036 | 0.28 | 0.39 | 0.23 | 0.52 | 0.39

25% 039 | 028 | 042 | 0.19 | 032 | 0.25 | 0.32 | 0.18 | 0.48 | 0.35

75% 052 | 043 | 0.61 | 044 | 042 | 0.31 | 0.47 | 0.29 0.6 0.43

Subject_ mean 059 | 046 | 05 | 032 | 0.44 | 037 | 0.51 | 037 | 0.61 | 0.49
1009 SD 0.11 0.1 | 0.11 | 0.12 | 0.07 | 0.06 | 0.12 | 0.09 | 0.08 | 0.09
median 0.58 | 047 | 052 | 0.31 | 043 | 0.37 | 0.52 | 0.37 | 0.61 0.5

25% 0.52 04 | 042 | 0.24 | 039 | 0.33 | 042 | 031 | 055 | 0.46

75% 0.65 | 054 | 0.59 | 0.38 | 0.47 | 041 | 0.57 | 0.43 | 0.66 | 0.56

Subject_ mean 0.58 | 047 | 051 | 0.34 | 038 | 0.33 | 037 | 032 | 0.49 | 045
1010 SD 0.11 | 0.09 | 0.17 | 0.11 | 0.06 | 0.07 | 0.11 | 0.09 | 0.04 | 0.04
median 0.55 | 048 | 0.55 | 033 | 039 | 0.33 | 035 | 032 | 0.48 | 0.46

25% 0.51 04 | 042 | 0.26 | 033 | 0.29 | 029 | 0.25 | 0.46 | 0.44

75% 0.64 | 053 | 0.65 | 042 | 042 | 0.37 | 041 | 039 | 051 | 047

Several significant changes between the fatigued and non-fatigued sessions for all
participants can be seen in the Table 11. Subject 1002 experience a minor decline in
engagement mean value during fatigue, but an increase in relaxation and interest. There is
a stability in the excitement and stress levels in both sessions. The median values are
relatively same as mean value and shows similar trends for all the metrics in both sessions.
The engagement shows a decrease median value while increase in excitement, relaxation
and interest. There is a stability in the stress levels. Changes on the variability of metrices
can see by the SD. The standard deviation for interest is higher, but lower in engagement

and relaxation in non-fatigued sessions compared to fatigued session.
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There is a consistent variability in excitement and stress for both sessions.
Therefore, the variability is high for both session in engagement, excitement and interest
but low in stress and relaxation. Furthermore, there is a comparable distribution of all
metrices between fatigued and non-fatigued session is noticed by the 25" percentile and
the 75" percentile. Engagement, and relaxation experience wide spread, then less spread in
stress and interest during fatigued session, but excitement remain same spread for both
sessions. Interestingly the higher quartiles exhibit minor fluctuations, especially for
interest, indicating a possible reduction in sustained attention during fatigue, even if the
median values for the majority of metrics stay relatively stable across both states. The
difference between fatigued and non-fatigued is shown in Figure 18. The line chart shows

a significant difference between two mental condition session.
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Figure 18 Subject 1002 Non-Fatigue vs Fatigue

Table 11 shows that Subject 1003 exhibits a decline in the mean value of
engagement, relaxation, and interest but increases in excitement during a fatigued session
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compared to non-fatigued session. Stress levels are similar during the two sessions. Similar
patterns across measures in both sessions are indicated by median values, which are shown
by mean values patterns. Interestingly during fatigued session, the median and mean value

are identically same for engagement, relaxation and interest.

Then, standard deviations show larger variability for all metrices in both session
except stress and interest during fatigued session. When comparing a class of fatigued to
one of non-fatigued students, the variability in stress is about constant, but it is greater in
engagement and excitement and lower in relaxation and interest. Furthermore, the
distributions of the two sessions are different, as the 25th and 75th percentiles show. The
distribution ranges are higher in engagement, excitement and lower in other metrices for
the fatigued session. Interest, relaxation shows significant different distributions. Figure 19

graphically represents these contrasts between fatigued and non-fatigued states.
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Table 11 and Figure 20 show that Subject 1004’s non-fatigued and fatigued periods
differ noticeably from one another. It is interesting to point out that during fatigued session,
all metrics’ mean and median values decreased. It is also noticeable for all metrics’ mean
and median values were nearly identical in the respective session. The standard deviations
indicate less variability for each metrics in the fatigued session compared to non-fatigued
session. Similar to this, the data spread revealed a lower range in fatigued session is

indicated by the difference between the 25™ and 75" percentiles.
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Subject 1005°s emotional metrics exhibit trends that are very similar to those of
Subject 1004’s. It can be observed from Table 11 that during the fatigued session, the mean
and median values of every metrices decreased and these values for every metrices were
nearly identical in its respective session except relaxation metric. Relaxation metric’s

shows a slightly increase in fatigued session. The SD is high and identical for engagement.
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Excitement, relaxation and interest metrices data variability is almost same and high for

both session but stress variability is low in both sessions.

The data destructions are in higher ranges (75" percentile - 25" percentile) among
all metrices in fatigued session compared to non-fatigued session. Another important aspect
is that the data distribution shows minimal in stress but high in interest, engagement,
excitement and relaxation for both sessions. Figure 21 is the representation of Subject 1005

data for both sessions.
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Figure 21 Subject 1005 Non-Fatigue vs Fatigue

Table 11 describes that Subject 1007 exhibits a decline in the mean and median
values of engagement, and relaxation, but increases in excitement and interest during a
fatigued session compared to non-fatigued session. Stress mean values are identical and
median values are almost identical for both sessions. The mean and median values are

almost same for all emotional metrices in their respective session.

68



The SD is higher in engagement and excitement while lower in stress, relaxation
and interest. The variability is identical in engagement, but slightly lower in other metrices
in fatigued class. Fatigued session showed high data spread range for engagement and
excitement but lower spread in stress, relaxation and interest. Engagement and excitement
showed high and different distribution for both sessions. On the other hands stress,
relaxation showed high distribution in non-fatigued class but minimal in fatigued session.
Interest shows low and different data spread in both sessions. Figure 22 graphically

illustrates the contrasts between fatigued and non-fatigued states.
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Figure 22 Subject 1007 Non-Fatigue vs Fatigue

Table 11 demonstrates significant differences between non-fatigued and fatigued
states for Subject 1008. When compared to the non-fatigued session, the mean and median
values of every metric demonstrate a considerable reduction during the fatigued session.
Although SD highlight less variability differences for stress, interest and relaxation, but

engagement variability is identical and excitement is higher in fatigued session.
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The excitement and engagement distribution ranges increase during the fatigued
session. The stress shows consistent decrease in the fatigue session. Similarly, the interest
and relaxation show a consistent trend the fatigue session. The 25™ and 75" percentiles are
greater in non-fatigued session than fatigued session. These results highlight the emotional
states distinction, as shown graphically in Figure 23. The difference between the two

sessions is significant.
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Figure 23 Subject 1008 Non-Fatigue vs Fatigue

Comparable to Subject 1008, the mean and median values of Subject 1009 exhibit
a similar pattern. It’s interesting to note that SD indicates almost same variability for all
metrics in both sessions. The 25™ and 75™ percentiles are lower in fatigued sessions for all
metrics, similar to the mean and mean values. However, the data spread range is lower for
interest, relaxation, and excitement, but larger for excitement when the participants are
fatigued and same for excitement in both sessions. Figure 24 shows how two sessions differ

from one another.
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Figure 24 Subject 1009 Non-Fatigue vs Fatigue

The mean and median value of all EPM in the fatigued class is decreased for
Subject 1010. The SD shows a decreasing in excitement, engagement, and relaxation, a
minor rise in stress, but the same in interest. The variability changes for excitement,
engagement, relaxation and stress, this suggest that there is a significance in the fatigue and

non-fatigue session.

The 25" and 75" percentiles also show a difference between the both sessions. All
the EPM shows a decrease in the fatigue session compared to non-fatigue session. Similar,
trend also noticed in the 75™ percentiles. The difference between 75" percentiles and 25™
percentiles shows that the data ranges is lower levels in excitement, stress, and interest but
higher levels in relaxation; but engagement is the same range. The spread is different in the
both sessions. The differences between the fatigue and non-fatigue can be visually observed

in the Figure 25.

71



Average: 0.47
n 5
Mean - 5td: 0.38

Average: 0.58
. Mean + Std: 0:69

Mean - Std: 0.47
"

engagement _
=
3
]
:
25
&
o

engagement

excitement
a8
ot
RS
g88

_ relaxation 5S X

excitement
3
a3
85
i
a5
an

1 Average: 0.38 Average: 0.33
o Mean + g?d 0.44 o Mean + gcia 0.0
Mean - Std: 0.31 Mean - Std: 0.26

" @
Dos R
g, 4
;JWWMVMW & WWWWW\_

bt Average: 037 Average: 0.32
cu Mean + Std: 0.48 Mean + otd: 0.41
S Mean - Std: 0.26 Mean - 5td: 0.24
g \W\MWV\/"\/\-/\-\/\’V\MW
Xoa al
: VA an P AMA A A A
s v / S

" Average: 0.4 Average: 0.45

- Mean s 305 843 o Mean & 5 43
- Mean - Std: 0.45 - Mean - Std: 0.41
7 7
g woe
g.MMM“MMMM S
£, €

’ ‘ Minutes ‘ ) ‘ ‘ Minutes h )
Non-Fatigued Fatigued

Figure 25 Subject 1010 Non-Fatigue vs Fatigue

There is significant difference between fatigue and non-fatigue labelled data. EPM
shows different pattern for each participant. The mean, and median, are almost similar with
a low SD for the respective individuals. The low SD defines the low variability in the data.
It is interesting to note that the mean, median and SD although different, but there is no
common pattern for any EPM metrics. The 75™ percentiles and 25" percentiles also
identified the difference between the fatigue and non-fatigue labelled data, but there is no
common pattern in the EPM among the all participants. The EPM behavior are unique

based on personal.

4.2.2 Correlation Analysis

There are significant differences between the non-fatigued and fatigued phases, according

to the correlation analysis for Subject 1002 which depicted in Figure 26. Moderate to
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significant positive connections have been found between engagement and other metrices
in the non-fatigued state, including excitement (0.42), stress (0.56), relaxation (0.52), and
interest (0.63). Besides these there are moderate to high correlation can be found in interest-
stress, excitement-relaxation and interest-relaxation. In contrast, fatigued session did not
show any high correlations between matrices, only a moderate positive correlation in stress-
relaxation (0.57) and negative correlation in engagement-relaxation (-0.54). The fatigued
and non-fatigued integrated data shows less correlation among metrices except relaxation-
interest with moderate association. However, the association between fatigue status and

other metrices are low, only relaxion showed moderate association.
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Figure 26 Subject 1002 Comparative Correlation Analysis

Figure 27 demonstrates that during non-fatigued sessions, Subject 1003 metrics
have low correlation; only interest-relaxation exhibits a high correlation, while engagement
and relaxation have a moderate association. Metric associations are stronger in the fatigued
session than in the non-fatigued session, but the interest-relaxation relationship is lower.
The combined data indicates a negative correlation in engagement and relaxation and a
moderately positive correlation for fatigue status with excitement (0.49). There find a high

negative association (-0.65) between interest and fatigue status.
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Figure 27 Subject 1003 Comparative Correlation Analysis

Figure 28 shows the difference between the fatigued and non-fatigued sessions is

evident in the association between the metrics for Subject 1004. Only the stress-relaxation

correlation (0.89) is high during the non-fatigued session; the majority of other correlations

are at a low to moderate level. On the other hand, fatigued session has a strong association

in stress-relaxation and interest-relaxation. Other correlations differ from the non-fatigued

session in terms of correlation value; however, they are at a low to moderate level. In both

sessions, there is no negative association. When combining the two sessions’ amounts of

data, all metrics have moderate to strong negative correlations with fatigue status. Other

than these, all of the metrics have moderate to high association.
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Subject 1005, there is not a significant association between the metrics during the
non-fatigued session by Figure 29. Only engagement-relaxation (-55) and interest-
relaxation (58) exhibit a moderate link among the metrices, with the majority of
correlations between them being low. Hence, fatigued session exhibits noticeably strong
relationships between the relevant metrics. Interestingly, there is no correlation between
stress and relaxation. The combined data from both sessions shows a negative association
(0.22) between fatigue status and all metrics except relaxation. Only engagement shows a
strong association (-0.69) with fatigue status. With the exception of engagement-relaxation

(-0.61) and interest-relaxation (0.54), the correlation between the metrics is minimal.
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Figure 29 Subject 1005 Comparative Correlation Analysis

For both sessions Subject 1007 exhibits a distinct association between the metrics.
The only relaxation-stress association that is high during non-fatigued sessions is 0.73;
during fatigued sessions the correlation is 0.66. On the other hand, during fatigued sessions,
interest and stress have a higher association (0.66) than in non-fatigued sessions. Less
correlation exists between fatigue status and metrices as well as between metrices in the
aggregated data from the two sessions. Fatigue has a positive and negative relationship with

other metrices. Figure 30 displays the associations for Subject 1007.
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Figure 30 Subject 1007 Comparative Correlation Analysis

Figure 31 shows similarity to other participants by comparing the metrics of the
fatigued and non-fatigued sessions, Subject 1008 likewise displayed a clear association
between the metrics. The association between stress and relaxation is strong in both
sessions, but it is lower in the fatigued session (0.88) than in the non-fatigued session (0.94).
Both sessions had strong but lower in non-fatigued session for interest-stress and interest-
relaxation correlations. While engagement and other metrics correlations declined in
fatigued sessions, there is an increase in other correlations in. There is no negative
correlation in either session. However, when the two sessions are combined, there is a

negative and moderate to high association between fatigue and metrics.
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Figure 31 Subject 1008 Comparative Correlation Analysis
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The correlation between metrices for Subject 1009 in Figure 32 clearly illustrates
the variations between fatigued and non-fatigued sessions. For both sessions, there is a very
weak association between excitement and engagement. Engagement exhibited strong
correlations with relaxation (0.63) and stress (0.65), but weak correlations with interest
(0.36) in session that is not fatigued. High relationships have been shown excitement with
stress, relaxation, and interest in the fatigued session compared to non-fatigued session. In
non-fatigued sessions, there is a strong association between stress and relaxation (0.87) and
a low correlation between stress and interest (0.43) compared to fatigued session. The

aggregated data reveals moderate to high correlations among metrices.
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Figure 32 Subject 1009 Comparative Correlation Analysis

Subject 1010’s fatigued and non-fatigued sessions can be distinguished using the
correlation analysis shown in Figure 33. The majority of the correlations between metrics
are weak (less than 0.50), while the interest-relaxation correlation is strong (0.75) during
non-fatigued sessions and decreases in fatigued sessions (0.54). On the other hand,
compared to non-fatigued sessions, the relaxation-stress correlation (0.69) is higher in
fatigued sessions. With the exception of interest-relaxation correlation (0.68), there is a

negative and low to moderate correlation between the metrics in the combined data from
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the two sessions. The fatigue status shows low to moderate correlations with the EPM. The
EPMs are negatively correlated with the participants fatigue states. The highest correlation
shown by excitement which is 0.53, and the lowest correlation shown by relaxation which
is -0.23. The different correlations in the fatigue and non-fatigue session shows there are

significance in the both sessions.
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Figure 33 Subject 1010 Comparative Correlation Analysis

The correlation analysis clearly identifies the difference between the fatigue and
non-fatigue data. The correlations show different pattern for the fatigue and non-fatigue
session. The EPM has unique association with the fatigue status for all the individuals.

Every single EPM shows different association for an individual.

4.2.3 Statical Testing

Table 12 displays the results of the Welch’s t-test, which demonstrate that there are

statistically significant differences for a number of variables between sessions with
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participants who are fatigued and those who are not. Subject 1002 shows significant
differences in interest, relaxation, and engagement, but not in excitement and stress. While
there is less significant difference in stress, Subject 1003 exhibits significant differences
in engagement, excitement, relaxation, and interest. Subject 1004 exhibits high
significance for all the EPM. Subject 1005 variability in the significance level of EPM as

well where only relaxation has less significance compared to other metrics.

Table 12 Subject-Dependent Welch’s T-Test for Fatigue vs Non-Fatigue

Participants 1D Participants Welch’s T-test P-value
Engagement | Excitement | Stress | Relaxation | Interest
Subject 1002 | 0.004742363 | 0.36881638 | 0.420056 | 2.6865E-23 | 0.000325
Subject 1003 | 0.004618094 | 5.7698E-13 | 0.114914 | 0.00311026 | 1.46E-20
Subject 1004 | 8.09559E-21 | 1.5139E-11 | 3.42E-17 | 9.9523E-22 | 1.52E-17
Subject 1005 | 8.05483E-28 | 2.3544E-05 | 2.43E-09 | 0.0020187 | 1.62E-06
Subject 1007 | 0.391715974 | 0.0078469 | 0.415584 | 0.01934068 | 7.66E-08
Subject 1008 | 4.08069E-13 | 3.0277E-16 | 8.03E-18 | 4.253E-20 | 3.32E-28
Subject 1009 | 8.81014E-14 | 1.0943E-21 | 5.27E-12 | 1.4698E-16 | 2.92E-19
Subject 1010 | 1.21902E-12 | 9.8421E-15 | 9.62E-07 | 0.00112291 | 2.24E-09

The excitement, relaxation, and interest differ significantly between the two states
for Subject 1007. On the other hand, there is no noticeable variation in stress or
engagement. Subject 1008 showed noticeable significance for all EPM with variability.

Subject 1009 p-value is significantly less that evident changes of brain states as well.
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Subject 1010 similarly show variations across all metrics between the two sessions, with
significant differences observed in engagement, excitement, stress, relaxation, and interest.
The EPM exhibits inconsistent significance among the participants that suggest the

experience of the emotional states during the fatigue and non-fatigue session.

Statical analysis also, support the descriptive analysis and correlation analysis
which identifies the significant difference between the fatigue and non-fatigue data. Almost
all the EPMs shows p-value less than 0.05 which defines the significance of the both
sessions. The p-value shows that there is importance of EPM indicators varies significantly
throughout participants. The importance of EPM alters based on how each person feels
about being tired. Although, the engagement, relaxation and interest are the most
significance EPM, but there is less significance in excitement and stress compared to those
three metrics. But the significance level is varied in every EPM for subject by subject, so
cannot give an exclusion of any EPM for mental fatigue analysis in general. This variability

in the significance of EPM evident that EPM are dynamics for a personal.

It can be summarized from descriptive analysis, correlation analysis and Statical
testing that EPM are dynamics for person to person. There is no common pattern for EPM
in general. The analysis also evident that the EPM are valuable feature for mental fatigue
detection. The notable variability in the significance of EPM between fatigue and non-
fatigue session evident EPM are the significant features to detect mental fatigue. In this

reason all the EPM metrics will be used as feature for mental fatigue detection model.

4.2.4 Mental Fatigue Detection

This section illustrated the mental fatigue detection models performance including logistic

regression, support vector machine, multilayer perceptron and ensemble learning model.
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4.2.4.1 Logistic Regression

The Logistic Regression (LR) model performance for each participant is represented in

Table 13, which demonstrates that mental fatigue detection performance ranges from

modest to high. Then, Figure 34 represent the ROC AUC plots for each participant. With

an accuracy of 0.67, the logistic regression model does reasonably well to detect fatigue for

Subject 1002. Its F1-score is 0.65 due to its acceptable recall (0.60) and precision (0.71).

With a ROC AUC of 0.75 and plots in Figure 33 evident the discrimination ability appears

to be satisfactory. Considering a standard deviation of 0.06 and a mean accuracy of 0.78,

cross-validation shows steady performance. The model fits the training data relatively well,

according to the training score of 0.7829, and it generalizes to new data satisfactorily,

according to the validation score of 0.6667.

Table 13 Subject-Dependent LR Model Performance Evaluation

Participants I LR Model Performance Metrics
D Accura | Precision | Recall F1- | ROC Cross-Validation
cy Score | AUC | Mean | SD | Training | Validation

Score Score

Subject 1002 0.67 0.71 0.60 0.65 | 0.75 | 0.76 | 0.06 0.78 0.67

Subject 1003 0.82 0.74 1.00 0.85 | 094 | 0.87 | 0.08 0.86 0.82

Subject 1004 0.87 0.86 0.90 0.88 | 0.93 | 0.86 | 0.04 0.86 0.87

Subject 1005 0.92 0.95 0.90 092 | 098 | 0.83 | 0.07 0.83 0.92

Subject 1007 0.69 0.70 0.70 0.70 | 0.70 | 0.60 | 0.12 0.61 0.69

Subject 1008 0.79 0.77 0.85 0.81 | 0.89 | 0.82 | 0.06 0.82 0.79

Subject 1009 0.85 0.89 0.80 0.84 | 093 | 0.84 | 0.09 0.85 0.85

Subject 1010 0.87 0.89 0.85 0.87 | 094 | 0.86 | 0.05 0.86 0.87
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The logistic regression model does reasonably well in detecting fatigue for
Subject 1007, with an accuracy of 0.69. Recall and precision are balanced, contributing to
its F1-score of 0.70. Having a ROC AUC of 0.70 that plotted in Figured 33, the model
appears to have an acceptable level of discriminating ability, similar to Subject 1002. The
model has moderate stability in cross-validation, with a mean accuracy of 0.61 and a
standard deviation of 0.12. This variability suggests that performance varies slightly
throughout data folds. The model fits fairly well, according to the training score of 0.61,

and it generalizes to new data satisfactorily, according to the validation score of 0.69.

Then, the LR models also demonstrate strong performance in detecting fatigue for
Subjects 1003, Subjects 1004, Subjects 1005, Subjects 1008, Subjects 1009, and
Subjects 1010, with corresponding high accuracies of 0.82,0.87,0.92,0.79, 0.85, and 0.87.
These models have significantly higher F1-scores of 0.85, 0.88, 0.92, 0.81, 0.84, and 0.87,

in accordance with high precision and recall values.

Subject_1002 Subject_1003 Subject_1004 Subject_1005

Subject_1007 Subject_1008 Subject_1009 Subject_1010

Figure 34 Subject-Dependent LR Models ROC AUC
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The ROC AUC values for each of these individuals vary from 0.89 to 0.98 that
visually represented in Figure 33, indicating good classifying ability. Considering
high mean accuracies ranging from 0.82 to 0.87 and low standard deviations from cross-
validation results show consistent performance and stability in the model’s performance
across different data folds. High scores for both training (ranges from 0.82 to 0.86) and
validation (ranges from 0.79 to 0.92) indicate an excellent fit to the training set as well as
strong generalization for new data. There is neither overfitting nor underfitting, based on
the very small differences between the training and validation scores among

these individuals.

4.2.4.2 Support Vector Machine

Support Vector Machine model’s performance illustrated in Table 14 and Figure 35.
Among all the participants the least classification accuracy for Subject 1009 is 0.77, which
is good classification accuracy. The precision 0.72 and recall is 0.90 is lead to get high F1-
score of 0.80. Additionally, excellent classification ability evident by ROC AUC score of
0.92 depicted in Figure 35. Then, the average (0.79) and low SD (0.07) scores of cross
validations defines the consistent performance and stability in the model’s performance
across different data folds. The model fits good and there is no overfitting and underfitting
determined by the relatively same Training (0.82) and validation (0.77) score. SVM shows
excellent performance for mental fatigue detection among all other seven subjects which

accuracy ranges from 0.82 to 0.95 that depicted in Table 14.

The lower (less than 80) precision among participants are 0.74 (Subject 1004), 0.76
(Subject 1007) and 0.77 (Subject 1010), but the recall is extremely high accordingly 1,
0.95 and 1. Then, Subject 1008 recall is 1 while precision is low about 0.65, and F1-score
0f 0.79. Other three participants precision and recall are above 0.80 that makes the F1-score

high. The similar accuracy and F1-score suggest a consistent model.
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Table 14 Subject-Dependent SVM Model Performance Evaluation

Participa SVM Model Performance Metrics

nts ID | Accuracy | Precision | Recall F1- ROC Cross-Validation
Score | AUC | Mean | SD | Training | Validation

Score Score

Subject 0.92 0.95 0.90 0.92 0.93 0.86 | 0.06 091 0.92

1002

Subject 0.90 0.83 1.00 0.91 0.95 0.85 | 0.04 0.90 0.90

1003

Subject_ 0.82 0.74 1.00 0.85 0.93 0.84 | 0.05 0.84 0.82

1004

Subject_ 0.95 1.00 0.90 0.95 0.97 0.82 | 0.04 0.82 0.95

1005

Subject_ 0.82 0.76 0.95 0.84 0.85 0.75 | 0.08 0.87 0.82

1007

Subject 0.82 1.00 0.65 0.79 0.93 0.80 | 0.07 0.80 0.82

1008

Subject 0.77 0.72 0.90 0.80 0.92 0.79 | 0.07 0.82 0.77

1009

Subject 0.85 0.77 1.00 0.87 0.98 0.82 | 0.05 0.86 0.85

1010

Furthermore, Subject 1007, Subject 1004, Subject 1010, Subject 1003,
Subject 1002 and Subject 1005 having high F1-score that ranges from 0.84 to 0.95. High
ROC AUC score also ensures the classification ability of SVM that visually presented in
Figure 34. The mean value of the cross validation is above 0.8 except Subject 1007 (0.75)
and SD is low for all seven subjects. This cross-validation results show consistent
performance and stability in the model’s performance across different data folds. There is
high and relatively same training score (range from 0.80 to 0.91) and validation score (range
from 0.82 to 0.95) indicates that there is a significant good fit model with no overfitting

and underfitting for individuals’ detection model.
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Figure 35 Subject-Dependent SVM Models ROC AUC

4.2.4.3 Multilayer Perceptron

Table 15 illustrates the feasible performance of the Multilayer Perceptron (MLP) model in
detecting fatigue for Subject 1007, with an accuracy of 0.74. Its F1-score of 0.76 indicates
an acceptable balanced recall (0.80) and precision (0.73). The ROC AUC plots in Figure
35 shows the classification ability visually. However, having a good ROC AUC of 0.85,

the model appears to have adequate discriminating capacity.

The MLP model performs steadily in cross-validation, with a mean accuracy of 0.78
and a standard deviation of 0.06. This suggests that performance is consistent across data
folds. The training score of 0.78 indicates that the model fits the training data quite well.
Additionally, the validation score of 0.74 indicates that it generalizes to new data

adequately.
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Table 15 Subject-Dependent MLP Model Performance Evaluation

Participa MLP Model Performance Metrics
nts ID | Accuracy | Precision | Recall F1- ROC Cross-Validation

Score | AUC | Mean | SD | Training | Validation

Score Score

Subject 0.92 0.90 0.95 0.93 0.92 0.85 | 0.04 0.88 0.92
1002
Subject 0.90 0.83 1.00 0.91 0.98 0.86 | 0.05 0.91 0.90
1003
Subject 0.85 0.85 0.85 0.85 0.92 0.85 | 0.03 0.86 0.85
1004
Subject 0.85 0.82 0.90 0.86 0.97 0.84 | 0.05 0.86 0.85
1005
Subject 0.74 0.73 0.80 0.76 0.85 0.77 | 0.06 0.78 0.74
1007
Subject 0.87 0.83 0.95 0.88 0.92 0.83 | 0.02 0.87 0.87
1008
Subject 0.87 0.94 0.80 0.86 0.92 0.87 | 0.04 0.89 0.87
1009
Subject 0.85 0.89 0.80 0.84 0.98 0.86 | 0.04 0.86 0.85
1010

The other 7 participants also get high accuracy on MLP classification model. The
accuracy ranges from 0.85 to 0.92. The balanced and high precision (ranges from 0.82 to
94) and recall (range from 0.80 to 1) score, leads to high F1-score ranges from 0.84 to 0.93.
The significant high ROC AUC scores (range from 0.92 to 0.98) define the significantly
good performance of MLP. The ROC AUC is visually represented in Figure 36 that also
support the good classification ability. The cross validation mean score range from 0.83 to
0.87 and very low SD also indicates the models are performed well. Relatively same and
high training and validation scores show evident that all the respective models are good fit

for mental fatigue detection and no evident on overfitting or underfitting model.
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4.2.4.4 Ensemble Learning Model

Subject_1009

Figure 36 Subject-Dependent MLP Models ROC AUC

Subject 1010

Ensemble method consists the earlier described three based methods including LR, SVM,

and SVM. The Ensemble method shows a better performance than its base models. Like

the base model all the ML model evolution metrics are analyzed for model evaluation. The

findings of the Ensemble detailed in Table 16 and Figure 37.

Table 16 evident that Ensemble model performance is significantly high for all the

participant’s model. The accuracy is ranges from 0.87 to 0.97 that defines excellent

detection

individual’s models.

Only two Ensemble modes (Subject 1007 and

Subject 1005) show below 0.9 accuracy which is 0.87 for both models. But both of the

models Fl-score is 0.9. The precision and recall are high and relatively same on the

respective models. This resulted a high F1-score very high ranges from 0.88 to 0.98.
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Table 16 Subject-Dependent Ensemble Learning Model Performance Evaluation

Participa Ensemble Learning Model Performance Metrics
nts ID | Accuracy | Precision | Recall F1- ROC Cross-Validation

Score | AUC | Mean | SD | Training | Validation

Score Score

Subject 0.97 0.95 1.00 0.98 0.99 0.88 | 0.04 0.93 0.97
1002
Subject 0.90 0.86 0.95 0.90 0.98 091 | 0.04 0.95 0.90
1003
Subject_ 0.90 0.90 0.90 090 | 0.94 0.87 | 0.03 0.89 0.87
1004
Subject_ 0.87 0.86 0.90 0.88 0.97 0.82 | 0.05 0.89 0.87
1005
Subject_ 0.87 0.86 0.90 0.88 091 0.88 | 0.07 0.91 0.87
1007
Subject 0.90 0.86 0.95 0.90 0.93 0.86 | 0.04 0.89 0.90
1008
Subject 0.90 0.94 0.85 0.89 0.93 0.85 | 0.07 0.89 0.90
1009
Subject 0.95 0.95 0.95 0.95 1.00 | 091 | 0.06 0.94 0.95
1010

A graphical representation of ensemble models depicted in Figure 37. The well

performed models are evident by ROC AUC score for all the individual’s model that are

range from 0.93 to 1. Considering high cross validation mean and very low SD indicates

the stable model performance. Every model relatively same and high training (range from

0.89 to 0.95) and testing (range from 0.87 to 0.97) score to it respective model’s evident a

good fit mental fatigue detection model with no overfitting or underfitting model.
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4.3 SUBJECT-INDEPENDENT ANALYSIS

This section represents subject-independent descriptive analysis, correlation analysis,
statical testing and mental fatigue detection model. Subject-independent analysis offers
generalizability across individuals by training and testing on variety of datasets. This
approach is important for real-world applications because this model able to perform
reliably for different users. Subject-independent models may perform slightly less well due
to inter-subject variability. Therefore, subject-independent analysis is crucial for creating
widely used application for general fatigue detection systems. This analysis did not include
line graph to picturized the difference between fatigued and non-fatigued session because
the data collection time is different for every participant. So, cannot see the changes of

EPM over time. Subject-independent mental fatigue detection models and evaluation of
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Subject_1010

Figure 37 Subject-Dependent Ensemble Models ROC AUC

models are same as subject-dependent model.
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4.3.1 Descriptive Analysis

Table 17 describes that subject-independent or combined all participant’s data shows
differences between fatigued and non-fatigued class. There is a decline in the mean, SD
and median values of all among all metrices, but almost same SD in engagement during a
fatigued session compared to non-fatigued session. The variability is high for excitement,

engagement and relaxation in both sessions.

The 25" percentile and 75" percentile value is high in non-fatigued session
compared to fatigued session. The 25" in a non-fatigued session for engagement,
excitement, stress, relaxation and interest are 0.44, 0.28, 0.3, 0.25 and 0.43 where in
fatigued session respectively 0.33, 0.23, 0.27, 0.23 and 0.39. So, the 25t percentile data
value is bigger in non-fatigued session and similar for 75" percentile. The data spread is
high in both sessions for engagement, excitement, relaxation, but there is a decline in the
distribution ranges among both sessions. Interest and stress data spread are high in non-

fatigued session.

Table 17 Subject-Independent Center Tendency Fatigue (FAT) vs Non-Fatigue (Non-
FAT)

Center Engagement Excitement Stress Relaxation Interest

T
endency Non- [ FAT | Non- | FAT | Non- | FAT | Non- | FAT | Non- | FAT

FAT FAT FAT FAT FAT
Mean 0.53 0.42 0.42 0.35 0.36 0.31 0.37 0.32 0.51 0.43

SD 0.13 0.14 0.17 0.16 0.09 0.07 0.16 0.11 0.15 0.07

Median 0.53 0.42 0.43 0.33 0.36 0.31 0.34 0.3 0.48 0.43

25% 0.44 0.33 0.28 0.23 0.3 0.27 0.25 0.23 0.43 0.39

75% 0.63 0.52 0.56 0.47 0.41 0.36 0.46 0.4 0.59 0.48
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4.3.2 Correlation Analysis

There are significant differences between the non-fatigued and fatigued class, according to
the correlation analysis which depicted in Figure 38. Low to high positive connections have
been found between two sessions. There is a high interest and relaxation correlation in non-
fatigued session (0.79) which is declined to 0.43 at fatigued session. There is a moderate
correlation for relaxation-stress is 0.58, but declined to 0.53. Other correlations are low in
both sessions with different values. There is no negative correlation in non-fatigued session
but can be found in fatigued session between relaxation and engagement (-0.13). The
fatigued and non-fatigued combined data shows low and negative correlation between
fatigue and metrices. However, there are moderate correlations between stress-relaxation
and interest-relaxation. Other correlations are less than 0.5. The fatigue correlation with

engagement, excitement, stress, relation and interest are -0.37, -0.21, -0.3, -0.18 and -0.33.

Non-Fatigued Session Correlation Fatigued Session Correlation Combined Data Fatigue Status Correlation
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Figure 38 Subject-Independent Comparative Correlation Analysis

The correlation for fatigue and non-fatigue shows two different association, which
identify there is enough evident to evident to measure fatigue and non-fatigue session. The
combined dataset also shows there is an association between fatigue status. The EPM shows
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negative correlations. That suggest that if there is an increase in the level of fatigued status
then then EPM scores will be low, if the individuals fatigued status low then the EPM sore
will be high. This suggest that the EPM can be used as feature for mental fatigue detection.
Statical testing presented next section to justify the EPM as feature for mental fatigue

detection.

4.3.3 Statical Testing

Table 18 displays the results of the Welch’s t-test, which demonstrate statistically
significant differences for a number of variables between fatigued and non-fatigued
sessions. There is a significant difference evident by the p-value between both session in
EPM metrics. The engagement shows the most significance (p-value=3.29E-52) among all
the EPM. Then interest also shows second most significance level (p-value=3.92E-39) for
between fatigue and non-fatigue session. Stress also shows very high significance (p-
value=2.69E-32). Similarly, the significance also very high for excitement (p-
value=4.32E17) and relaxation (p-value=3.92E-13). The noticeable significance of EPM
enhances the reliability of EPM as features that effectively differentiate between states. The
significant differences exhibit a high accuracy model that can capture variations across
fatigue status. This reduces risk of underfitting because EPM as the input data is relevant

to the target mental fatigue classification.

Table 18 Subject-Independent Welch’s T-Test for Fatigue vs Non-Fatigue

EPM metrics Welch’s T-test P-value

Engagement 3.29E-52
Excitement 4.32E-17
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Stress 2.69E-32
Relaxation 3.92E-13
Interest 3.79E-39

4.3.4 Mental Fatigue Detection

This section presents the subject-independent mental fatigue detection model performance

including LR, SVM, MLP and Ensemble learning model.

4.3.4.1 Logistic Regression

With a precision of 0.70, recall of 0.67, and accuracy of 0.68, the Logistic Regression model
performed satisfactorily that depicted in Table 19. A satisfactory F1-score is 0.69 which is
calculated by recall and precision in proportion. In Figure 38 is the graphical representation
of the ROC AUC. The ROC AUC score of 0.74 shows the discriminating capacity of the
LR model. The mean accuracy during cross-validation was 0.69, exhibiting a relatively
stable performance with a standard deviation of 0.02. The detection model with moderate
fit is considered to have training and validation scores of 0.69 and 0.68, respectively. There
is no indication of an overfitting or underfitting model because the training and validation

scores do not differ significantly.

4.3.4.2 Support Vector Machine

Table 19 shows similar to LR, the SVM model perform moderately to detect mental fatigue

where the accuracy is at 0.68. The balance and moderate score of precision (0.66) and recall
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(0.77) gives a Fl-score of 0.72 which also indicates the satisfactory model performance.
The ROC AUC score is 0.74 and Figure 38 shows the same significance of classification
ability. The cross validation means 0.71 is considerably acceptable with a low standard
deviation 0.03 which shoes the consistent performance in various data fold. The training
score and validation score is relatively same and acceptable that indicates a moderate level

of fit detection model.

4.3.4.3 Multilayer Perceptron

In Table 19, MLP shows a higher accuracy of 0.73 for mental fatigue detection than SVM
and LR. The precision and recall are relatively high and balanced that calculated F1-score
of 0.74 that defines better model performance. ROC AUC score of 80 is high and define
the model efficiency as classification of mental fatigue that is visualized in Figure 39.
Cross-validation mean of 0.74 and significantly low SD of 0.02 indicated stable model
performance. The training (0.77) and validation (0.75) scores are close and considerably
high that defines the model as moderately good fit. This also indicates there is no overfitting

and underfitting issue in the model.

4.3.4.4 Ensemble Learning Model

The ensemble learning model perform well as described in Table 19. The accuracy is 0.75
with precision 0.76 and recall 0.75. The Fl-score is 0.76 that defines a relatively good
perform model. To support F1-score, the ROC AUC score is calculated at 0.83 that defines

the model can classify fatigue.
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Table 19 Subject-Independent Mental Fatigue Detection Model Performance Evaluation

Classificat | Accuracy | Precision | Recall Fl1- ROC Cross-Validation
ion Model score | AUC | Mean | SD | Trainin | Validatio
g Score | n Score
LR 0.68 0.70 0.67 0.69 0.74 0.69 | 0.02 0.69 0.68
SVM 0.68 0.66 0.77 0.72 0.76 0.71 | 0.03 0.72 0.68
MLP 0.73 0.73 0.75 0.74 0.80 0.74 | 0.02 0.76 0.73
Ensemble 0.75 0.76 0.75 0.76 0.83 0.75 | 0.02 0.77 0.75

The discrimination ability of model graphically presented in Figure 39. The cross

validation mean value of 0.75 and low SD of 0.02 is defined the consistency of the model

performance. The training (0.77) and validation (0.75) defines a considerably good fit

detection model where the model is not an overfitting or underfitting model.

Ensemble

Figure 39 Subject-Independent Mental Fatigue Detection Models ROC AUC
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4.4 DISCUSSION

This section maps the results to the relevant research questions. This research aims to
develop a mental fatigue detection technique using emotional metrics. There is a literature
review to identify existing mental fatigued detection and identify the available emotional
metrics for different mental conditions including mental fatigue. After selection of
participants a guided data collection protocol has been followed by getting the approval
from IREC as earlier mentioned. Then a screening is performed to exclude data based on
exclusion criteria. After data labelling a statical analysis performed to understand
difference between fatigued and non-fatigued session. Then multiple algorithms used to
detect mental fatigue. The evaluation of model includes analysis of several model

evaluation metrics and cross validation.

4.4.1 Data

There was total 10 participants. The participants were good in health. All of the participants
are full-time students and prefer face-to-face learning. As self-reported answer, the
participants are feeling fatigue more during online learning session compared to face-to-
face learning. There is total five person has the history of COVID-19 and one person is
taking medicine. Two person data is excluded from analysis after observing there CFS
score. Because one person starts with the caseness of fatigue and another person did not
fall in fatigue. Among 8-person five-person pre-CFS score is 0 and post-CFS score are 5,
7,4, 6 and 6. This suggest, they start without fatigue level but they experience different
fatigue level in online learning session. Subject 1003 score updated from 1 to 9 the most
significant among all the participants. Subject 1002 and Subject 1008 participants CFS
score changes from 2 to 6. So, it is clearly seen that almost every participant’s fatigued

experience is in different level. The comparative description summarized in the Figure 40.
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pre CFS ®post CFS

Figure 40 Pre-CFS Score vs Post-CFS Score

This research used five emotional EPM including: engagement, excitement,
interest, stress and relaxation. The EPM data is collected in a CSV file format. The data
divided into two sections with same ration. First half of the data which is 15 minutes 50
seconds, is labeled as non-fatigue and second half which is 16 minutes, is labelled as fatigue
data. This portion is giving the equal chance for both sessions. The variability and different
score of CFS shows the changes of mental states, which identify the persons was in fatigue
states during the learning session. Then multiple algorithms used to detect mental fatigue.

The evaluation of model includes analysis of model evaluation metrics and cross validation.

4.4.2 Mental Fatigue Detection

Mental fatigue detection involves the self-report CFS. The structure is described in section
3.7.1 and findings detailed in section 3.8.2 and Table 8. Based on the CFS score two

participants were excluded from ML model development because one of them did not
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experience fatigue in the whole learning session and another participant was already in
fatigue caseness level. Total eight participants data used to develop the mental fatigue
detection model. The data set were labelled in 15 minutes 50 second- and 16-minutes
interval where first period labeled as non-fatigue and second period labeled as fatigue. This
labelling shows a significant difference between two sessions that evident by descriptive
analysis, correlation analysis and statical testing. Descriptive analysis shows a significant

difference in mean, median, standard deviation, and data spread between both sessions.

4.4.2.1 Subject-Dependent Mental Fatigue Detection Model

The subject-dependent findings show in Table 11 which written in section 4.2.1. The
engagement for all participants shows a decrease in mean, median in the fatigued session.
The mean and median values are almost same in the respective session; this suggests the
consistency and difference in both sessions. SD values are higher in fatigued session for
Subject 1002, Subject 1003, identical for Subject 1005, Subject 1007, and
Subject 1008; then lower for Subject 1004, Subject 1009 and Subject 1010. So, the data
variability pattern is not common among participants. The 25% percentiles and 75%
percentiles with different values are higher in non-fatigued session compared to the
fatigued session. Additionally, the data spread ranges (75" percentile — 25" percentile) are
greater in fatigued session only Subject 1010 shows identical. These suggest that the data
values for 25" percentile and 75™ percentile will be higher value in non-fatigue but the data

spread can be low in this session.

The excitement means and median values are relatively close that suggest the data
are not influenced by the outliers for the respective session. Through the fatigued session
the mean and median values are high for Subject 1002, Subject 1003, Subject 1007, but
low for Subject 1004, Subject 1005, Subject 1008, Subject 1009 and Subject 1010;

these shows different pattern than the engagement. Similarly, SD values are not in similar
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pattern the both session among all participants. The 25" percentile (except Subject_1007)
and 75" percentiles values are significantly high in non-fatigued session among all the
participants. It is note that the data spread ranges (75" percentile — 25" percentile) does not

show similar pattern among all the participants.

The stress means and median values are high in non-fatigued session for all subjects
except Subject 1007 which shows identical mean value and almost same median values in
both sessions. There is a common patter like engagement and excitement in the relatively
closed value of mean and median. So, the stress values are not influenced by outliers. The
SD values indicate low data variability in fatigued session for all participants except
Subject 1005 and Subject 1010. Similar to excitement, through the non-fatigued session,
the 25 percentiles are high in non-fatigued session except for Subject 1007, but 75
percentiles are high among all participants. Total six participants show a lower data spread

ranges (75" percentile — 25" percentiles) except Subject 1009 and Subject 1005.

It interesting to observed the relaxation mean, median and SD values. The values
are low in fatigued session for six participants except Subject 1002 and 1007. There is a
closed mean and median values on its respective session which indicates the relaxation is
not affected by outliers. It is also interesting that there is different pattern than other EPM
metrics in terms of 25" percentile and 75 percentiles. The 25" percentiles are high in non-
fatigued session for Subject 1002, Subject 1003, and Subject 1007. Also, there are low
75" percentile values in non-fatigued session for Subject 1002 and Subject_1005. The data
spread ranges (75" percentile — 25" percentile) are low in fatigued session except
Subject 1002, Subject 1005 and Subject 1010. The mean and median values are different
among the participants interest level. The mean and median values are higher in fatigued
session for Subject 1002 and Subject 1007. Similar to other metrics the interest data are
not influenced by outlier because the mean and median values are close. The data SD values
indicate identical data variability in Subject 1010, higher for Subject 1009 and low for
other six subject in the non-fatigued session. The 25" percentiles and 75™ percentiles are
high in value for Subject 1002, Subject 1007 in the fatigued session while other subjects
experience lower value. It is interesting that only Subject 1005 shows high data spread

range (75" percentile — 25" percentile) in the fatigued session.
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In the subject-dependent analysis the EPM show dynamic behavior. There is no
outlier influence among all the participants EPM data. The variability of EPM in both
sessions are different and fall in different ranges (mean+SD and mean-SD) suggest that the
participants are normally high in emotional metrics or EPM values in non-fatigued session
compared to fatigued session. The data spread ranges calculated by the difference between
75" and 25" percentiles, also show the level of emotional metrics are low in the EPM value.
These prove the Emotiv’s claim (Emotiv, 2024) on their EPM performance are correct as

example “0” means no engagement and “1”” means high engagement.

The claim of difference between the two-time periods of non-fatigue and fatigue
are evident by correlation analysis detailed in section 4.2.2. The finding for subject-
dependent analysis shows that there are changes on association among metrices are
significantly different in both sessions. The associations among participants are unique.
Therefore, there are different correlation between fatigue and EPM metrices for each
subject. Most of the EPM are shows negative correlation with fatigue status. The
correlations are negation and moderate to high between fatigue and all metrices for
Subject 1004, Subject 1008, Subject 1009 and subject 1010. Besides the negative
association Subject 1007 shows a positive low association with fatigue status; relaxion
shows a positive association with fatigue status for Subject 1005; Subject 1003s’ fatigue
experience is positive correlation with excitement and Subject 1002 observation shows a
low to moderate positive association between EPM (excitement, interest and relaxation)
and fatigue status. The correlation suggests there are difference between fatigue and non-

fatigue session as well as all the EPM has dynamic relationship with fatigue status.

The significance of the both sessions further observed by a Welch’s T-test p-value
which detailed in section 4.2.3 and depicted in Table 12. Relaxation and interest show a
significance (p-value < 0.05) for the both session among all participants. Engagement and
excitement also show high significance between both session but excitement is less
significance (p-value =0.37) for Subject 1002 and engagement is low significance for
Subject 1007 (p-value = 0.39). Similarly, stress shows significant difference for six

participants but Subject 1002 and Subject 1003 and Subject 1007 shows ess significance
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for both sessions. The Welch’s T-test evident that there is a difference between the fatigued

and non-fatigued session.

It can be summarized that the data labeling as non-fatigued and fatigued is
significantly good to detect mental fatigue that is evident by descriptive analysis,
correlation analysis and a statical analysis for the both sessions. It is important that the EPM
are unique and dynamic among the participants. This lead to develop a subject-dependent
ML model for mental fatigue detection. There are four different model is developed
including LR, SVM, MLP and Ensemble, where LR, SVM, MLP are the base model of

Ensemble learning model.

4.4.2.2 Subject-Independent Mental Fatigue Detection Model

As earlier evident that the emotions are dynamic and unique for all subjects and that lead
to subject-dependent or personalized ML model development. Therefor it also important to
have analysis subject-independent analysis to observed the ability of a general model for
everyone to detect mental fatigue. The participant’s fatigued and non-fatigued data
combined and generates a new subject-independent dataset. The dataset shows a significant
difference between non-fatigue and fatigue observations that detailed in section 4.3 and

depicted in Table 17, and Table 18.

Table 17 defines that the mean and median values of all EPM metrics shows a
decrease in the fatigued session data compared to non-fatigued session. The mean and
median values are closed to each other for all EPM which indicates the EPM data are not
influence by the outliers. The SD shows a large variability in both sessions, but non-fatigue
data variability is slightly higher than the non-fatigue session among all EPM except
engagement. Engagement shows a slightly increase variability in fatigued session
compared to non-fatigued session. The 25 percentile and 75 percentiles values are greater

in non-fatigued session among all EPM metrics. The data spread ranges (75" percentile —
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25" percentile) are slightly higher for all EPM matrices in non-fatigue session. These
descriptive analyses suggest that there is a common pattern in mean and median values
which identified a decrease a EPM metrics mean and median are low in fatigue. The 25%

percentiles and 75" percentiles also show a same pattern like mean and median.

The detailed correlation analysis described in section 4.3.2 and graphically
presented in Figure 37. It is clearly seen that there is a difference between the non-fatigue
and fatigued labelled data. The association among the metrices are different for both
sessions. Then all the EPM metrics has shown a low and negative correlation with the
fatigue status. These suggest that there is a difference between two sessions but not a strong
difference exist. Table 18 is the representation of the Welch’s T-test shows a significantly
high difference for all metrices between fatigued and non-fatigued session evident by p-
value (<0.05). Since there is a difference between fatigue and non-fatigue labelled data, a
ML detection algorithm can be used to detect mental fatigue for a subject-independent

analysis. The model structure describes in section 3.6.2.

After a comprehensive analysis including descriptive analysis, correlation analysis
and statical testing decided to develop ML model. This important analysis evident that there
is a fatigued and not fatigued data pattern available. In this purpose the LR, SVM, MLP
and Ensemble model structure used to detect a generalized mental fatigue detection model.
The choice of algorithms is from three different domain including LR is a statical analysis-
based model, then SVM is widely used ML model and MLP is another popular deep
learning model. Therefore, different model’s comparative performance analysis is helpful

to select the best model.

4.4.3 Mental Fatigue Detection Model Evaluation

The evaluation process includes the ML model evaluation metrices including accuracy,

precision and recall to get F1-score, ROC AUC score and cross-validation. The detection
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model performance is detailed in section 4.2.4. The subject-dependent mental fatigue
detection models are shows reliable. The comparative performance for all subjects is
depicted in Figure 40 which included the accuracy, F1-score and ROC AUC score. The
data details are presented in Table 13, Table 14, Table 15 and Table 16. It is clearly seen
from Figure 41 that the accuracies of all LR models are moderate to high. Then evaluation
metrics (accuracy, Fl-score and ROC AUC) visualization breakdown to compare the

mental fatigue detection model performance in APPENDIX G.
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The moderate to high score of F1-score on the respective model that calculated from
balanced precision and recall support the accuracy of moderate to high. The ROC AUC
also shows the similar pattern. Table 13 evident a consistent performed LR model by
presenting a high cross-validation mean score and low SD value among the respective LR
models. Beside this Figure 41 also indicates a well fit and generalized LR model by
presenting the validation and training scores which are high and relatively same on the

respective LR model. So, there are no overfit or underfit model identified.

Figure 41 and Figure 42 indicates all the SVM, MLP and Ensemble models are
consistent, reliable, well-fit and generalized model that evident by respective models high
and consistent accuracy, F1-score (balanced high precision, and recall), ROC AUC score,
training and validation score. It is clearly seen that the SVM perform better than LR; then
MLP perform better that SVM and Ensemble model perform better than MLP. The subject-
dependent Ensemble models show the best performance compare to its respective base LR,
SVM and MLP models. Then cross-validation metrics (mean, trainin and validation score)

visualization breakdown to compare the detection model performance in APPENDIX G.
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The subject-independent LR, SVM, MLP and Ensemble models shows a moderate
performance that illustrated in Table 19 under section 4.3.4.2 and at Figure 43. There is a
moderate score of accuracy in the all four model performance. The balanced precision and
recall (Table 19) provide a better Fl-score for respective model that indicates better
performance model. Additionally, the reliability of the four models is evident by ROC AUC
score. The ML evaluation metrices shows gradually increase in the score of accuracy, F1-

score and ROC AUC score, that defies the reliable and consistency of the model.
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Figure 43 Subject-Independent ML Models Performance Metrics Comparison

The cross-validation mean score are moderately high and significantly low SD at
Table 19 indicates reliable and consistent for all four-models performance. This supports
the accuracy, Fl-score and the ROC AUC score. Figure 44 present the training and
validation score of cross-validation. It is clearly observed from Figure 43 and Figure 44
that Ensemble is the most well performed model than the MLP, then SVM and LR model.
The model performance is moderate but shows a consistence performance. The training
and validation scores are moderate and closed to each other in the respective model that

indicates the model is fits well; hence there is no overfitted or underfitted model.
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Figure 44 Subject-Independent ML Models Cross-Validation Scores Comparison

4.4.3.1 Mental Fatigue Detection Model: Subject-Dependent vs Subject-Independent

Subject-dependent models are well performed model for all of the models including LR,
SVM, MLP and Ensemble. This comparison is evident by Figure 41, Figure 42, Figure 43
and Figure 44. Only two LR models is under 70 but same as subject-dependent model that
assess by the accuracy, Fl-score, ROC AUC score and cross-validation score. The
personalized model shows Significantly better performance in SVM as well as for MLP

and Ensemble method.

The performance of subject-dependent model is better than the subject-independent
because of the unique behavior of an emotional metrices for the individuals. The descriptive
analysis comparison between Table 11 and Table 17 shows different nature of emotional
metrices. The mean of an emotional metrics for an individual is different than the mean of
combined general data because different person shows different data ranges from 0 to 1.
Then there is a different variability measure by SD, data spread ranges measure by

difference of 75" percentiles and 25" percentiles. When the data combined and make a
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general dataset that gives different data pattern observation among all the EPM. This also
can be evident by the correlation analysis because every person experiences different
correlation among EPM metrices in both fatigue and non-fatigue session. The association
between fatigue and EPM metrices also shows different pattern for the subject-dependent
analysis which detailed in section 4.2.2. In contrast, the generalized data showed different
relationship significance between fatigue and not fatigue session. Also, different
association significance between EPM and fatigue statues that detailed in section 4.3.2.
Furthermore, the statical shows that the significance level between two sessions is

significantly different for personalized and subject-independent analysis.

Although, subject-independent models are well performed than the subject-
independent model, but the subject-independent models performance shows acceptable and
consistency evident by relatively same accuracy, F1-score, ROC AUC score and cross-
validation score. The validation score where training and validation score closed to each
other indicates not overfit or underfit model in both cases subject-independent and subject-
dependent. A subject-dependent analysis and ML model for mental fatigue detection is the

better choice than the subject-independent.

4.4.3.2 Ensemble Learning Model vs Base Model

Ensemble learning models require more computational power because it is more complex
than its based model or compare to a standalone model. Therefore, this model should be
considered to accurately find the complex relation between features like EEG-derived EPM
metrics. This study shows that the Ensemble ML models are significantly better performed
model than an individual ML model for mental fatigue detection that depicted in Figure 41,
Figure 42, Figure 43 and Figure 44. The subject-independent performance level is in the
sequence of Ensemble, MLP, SVM and LR that illustrated in Figure 43 and Figure 44. In

the subject-independent analysis the winner is Ensemble method. Then in subject-
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dependent ML model, all the base model individually shows a reliable, consistent and well-
fit model that shows the generalization behavior. Therefore, there are two subject-
dependent LR model accuracy is less than 70 (67 and 69), one LR less than 80 (79), one
SVM model less than 80 (0.77) and one MLP less than 80 (74). But there is no Ensemble
accuracy fall under 80. The lowest Ensemble accuracy is 87 and higher accuracy is 0.97.
The ranges of accuracy for Ensemble are 87 to 97 which is significantly high, where the
accuracy ranges of LR is 67 to 87, accuracy range of SVM is 77 to 95 and accuracy ranges
of MLP is 0.74 to 0.92. Therefore, Ensemble model shows similar findings to all base
model in the training and validation score which are high and closed to each other that

indicates the consistent and generalization performance with well-fit model.

Ensemble model shows the most reliable and consistent performance that the
individual model in the both analysis whether it is subject-dependent or subject-

independent.
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CHAPTER FIVE

CONCLUSION

5.1 SUMMARY

This research aims to develop an Ensemble learning model for mental fatigue detection
using EEG based emotional metrics. These research objectives are addressed though a
systematic approach (detailed in Chapter 3) involving a comprehensive literature review,
statical analysis, ML model development, and evaluation of the mental fatigue detection
model for online learners. This study also included subject-independent and subject-

dependent mental fatigue detection model analysis and development.

The study extensively reviewed existing ML based mental fatigue detection model
to identify the mental fatigue detection pipeline, emotional metrices, self-reported mental
fatigue assessment tool and mental fatigue detection model. It is clearly identified that
mental fatigue detection pipeline involved signal acquisition, pre-processing, feature
extraction and classification or detection model which detailed in section 2.3. ML based
mental fatigue detection model applied in many contexts but it is rare for online participants
detailed at Table 3. There are many EEG device available to collect the noise sensitive EEG
signal with different sampling rates where Figure 2 showed NeuroScan, and BrainAmp are
most popular headset. There are many complex pre-processing and feature extraction
available. Butterworth bandpass filter and ICA are the most popular signal processing
methods can be observed from Figure 3. Then Figure 4 presented the overview on feature
extraction and shows that FFT, PSD and CSP are most popular feature extraction methods.
Numerous ML model applied for me mental fatigue detection; among those SVM with
different kernel methods, Neural Network or deep learning-based models are the most

popular ML model depicted at Figure 5. A review on a mental fatigue assessment toll is
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included to identify the self-reported mental fatigue assessment and CFQ is used to assess

the learning session for this research.

There are numerous studies on EEG based emotional states detection model
available. This research review identified only Emotiv provide emotional metrics know as
performance metrics through their API and those are used in different mental conditions
analysis. The research also identified the existing statical methods for data analysis and ML

model performance metrics for model evaluation.

Emotiv performance metrics (EPM) which are emotional metrics data utilized for
mental fatigue detection. An ethical consideration is acknowledged to collect EEG
emotional metrics that approved by IREC. A self-assessment tool CFQ is used to include-
exclude the participants from analysis. Total two participants were excluded among 10
participants because one of them was already in fatigued level other participants did not
experience fatigue according to CFS scale which detailed in section 3.8.2. To ensure data
quality and reliable data labelling a comprehensive data analysis performed to observe the

significance between fatigue and no-fatigue EPM data.

This analysis includes a descriptive analysis for center tendency (mean, median,
SD, 25% percentile and 75" percentile) observation, correlation analysis to understand the
behavior of each EPM metrics and a statical analysis to find the significance between the
fatigue and non-fatigue session. These three comprehensive evaluations show consistent
and reliable findings in the significant difference between both session and ensures the data
quality to apply ML for mental fatigue detection. Three ML algorithms used to mental
fatigue detection model includes LR, SVM with polynomial kernel, MLP and Ensemble
model. The structure of these ML model described in the section 3.6 and finding detailed
in chapter four. The model detection done for both subject-independent and subject-
dependent. These selected ML model evaluations were performed using ML model

performance metrics.

The ML model’s performance metrics includes accuracy, precision, recall, F1-
score, ROC AUC score and cross-validation. The details of these metrics described in

section 3.7.5 and the findings detailed in chapter four. The LR shows moderate to high and
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consistent performance among the subject-dependent model. LR shows acceptable
moderate level of performance in the subject-independent mental fatigue detection. SVM
shows better performance than LR, similarly MLP shows better performance than SVM
and ensemble model performance is the best among all the ML model for both subject-
dependent and subject-independent analysis. All the metrics are relative same score shows
which defines their consistency of mental fatigue detection. A comparative performance of
the model picturized in Figure 41 (subject-dependent) and Figure 43 (subject-independent).
All the ML model is well-fit model there is no overfit or under fit model identified and
shows a generalization behavior on the respective model and this claim picturized in the
Figure 42 and Figure 44 by comparing the training score and validation score. The
comprehensive evaluation of ML model identified a successful detection of mental fatigue
model. This research also find that an Ensemble ML model is better than the single models
in both case subject-dependent and subject-independent mental fatigue detection. Although
subject-independent shows acceptable and consistent performance on the Ensemble mental
fatigue detection model, but further study is required to get more reliable result. A
personalized analysis and Ensemble based mental fatigue detection model is suggested,

especially when required to apply mental fatigue reduce strategy.

The findings have significant practical implications for enhancing the online
learning experience by addressing mental fatigue using EPM and Ensemble learning model.
This can apply in real-world educational setting to monitor remote students cognitive states
in real-time. Future study needs to integrate this model into the existing learning

management system to test the effectiveness on large and diverse populations.

This ML based mental fatigue detection model using emotional metrics leads to
develop a brain-computer interface for mental fatigue intervention for online learners. This
study shows that emotional metrics can be used to develop an Ensemble model for mental
fatigue detection. This detection model development can be applied in real-time mental
fatigue detection and then apply intervention when mental fatigue detected. The light,
monitor brightness, and temperature high influence on mental fatigue as earlier evident in

literature review. An intervention can be a sound as notification system, control of monitor
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brightness or control of room temperature or combination of multiple intervention modality

that may reduce the mental fatigue.

5.2 LIMITATIONS

Efficient, reliable and comfortable hardware and API is desired in the research. The Emotiv
device is reliable device for EEG data analysis which is evident by numerous studies.
Therefore, the Emotiv Insight sensor tips head are not comfortable for the user. The
participants feel uncomfortable while they wearing for a long time as reported by the
participants. Therefore, different people have different head size. So, the headset needs to
be flexible enough to adjust in the correct electrode placement. The Emotiv also shows a
connection interruption where there is a message about wireless connection interference.
This is a cause of data loose from the cognitive session. The Emotiv needs to improve the

consistent connection for better performance.

Emotiv metrics are the measure of different emotional state. The calculation or
process of EPM is not revealed by Emotiv. Additionally, there are not many studies
available based on the EPM analysis. A known mechanism of emotional metrics can help
to identify more insightful findings. A future study needs to be addressing the EEG based
emotional metrics development. The Emotiv API provides six emotional metrics. This
research cannot collect the Focus metrics which is one of the important metrics in this
research. The API need to be well maintained to ensure the consistency and reliability.
Furthermore, Emotiv provides only six metrics, but there are more emotional states in
human brain. Future study needs to focus on getting data from different device as well as

more emotional states to detect mental fatigue.

The EPM data sampling interval highlights another Emotiv limitations in this
research. Rapid changes in emotional states are crucial for comprehending the delicate

dynamics of mental fatigue in real-time, that may be captured by the high sampling rates
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than the current sampling rate of 1 Hz (one observation every 10 seconds) frequency. To
overcome this constraint and allow for a more sophisticated assessment of mental fatigue

states, future research could investigate with the high frequency sampling rate.

The data labelling is based on half period’s segmentation, where first half is labelled
as non-fatigue and second half as fatigue. Although this research shows 15 minutes is good
enough for identifying brain states changes to fatigue states, however a comprehensive
investigation is required with different time frame to identify the most optimal mental
fatigue exhibits time. In this reason need have future study with high sampling rate of EPM
to have enough observation especially in a shorter time frame compared to 15 minutes
segmentations. To support this a video of the person facial expression can be recorded. So,
the video analysis may help to identify fatigue status and these findings can be compared

with the EEG data to label the fatigue and non-fatigue session.

This research includes all the supervised machine learning algorithms. Although
this research shows that LR, SVM, MLP and Ensemble method perform reliably and
consistent, but still require more analysis to find the generalize model mental fatigue
detection. A comprehensive analysis with unsupervised and reinforcement learning ML

approach may provide insightful and reliable mental fatigue detection model.

Another limitation of this research is lack of gender diversity because all the
participants are male. This questions the generalizability of the findings that cannot account
potential of EPM patterns for mental fatigue detection. Future studies should investigate

more diverse participants to ensure the models effectiveness for mental fatigue detection.

This research identifies EPM as dynamics for every individual. Therefore, EEG-
based emotional metrics engagement and excitement exhibits more significant variations
than other metrics during fatigued sessions in the subject-independent analysis. Future
studies need to investigate the mechanisms of driving these variations potentially by
incorporating additional physiological or behavioral data. This may provide more
comprehensive understanding the influence of EPMs that exhibits mental fatigue and

enhance the interpretability of subject-independent ML models.
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A subject-independent analysis needs to be further study because without robust
and continuous study may have wrong impact. Every person’s EEG signal and emotional
states are dynamic in nature, so without proper investigation the reliability of the mental
fatigue detection may lead to wrong impact on individuals brain waves. Although this study
shows a reliable performance on the mental fatigue detection using emotional metrics, but
further investigation with different approach is required to evident that emotional metrics

can be used to detect mental fatigue.

5.3 FUTURE WORK

While a person becomes fatigued, an intervention method can be useful (Brandtner et al.,
2022; Feldman & Dreher, 2012; Friese et al., 2012) to reduce fatigue. Intervention refers
to Interfering with the result of anything, especially a condition or process, in order to avoid
danger or enhance functionality (Sorensen et al., 2006). It can be described as intercession,
treatment, assessment, breaking-in, preventative, mediation. Interventions are activities
taken to alter a person's behavior, emotional state, or sentiments in order to bring about
change. Interventions aim to address the underlying causes of mental conditions as well as
their consequences. There are many different intervention strategies available that target
different kinds of problems. Intervention strategies included Cognitive-behavioral,
relaxation, social skills training, social support, mindfulness, meditation,
psychoeducational, acceptance and commitment therapy, and resilience training (Axelsen
et al., 2020; Friese et al., 2012; Sorensen et al., 2006; Zhu et al., 2020). Intervention like
physical exercise, watching video (Friese et al., 2012), mental calculation task (WANG et
al., 2017), changes of light brightness (L. Liu et al., 2005), temperature (Jin et al., 2022)
and changes of monitor contrast (Kalra & Karar, 2022) can reduce fatigue. Different mental
disorders can be treated using neurofeedback as an intervention technique (Enriquez-

Geppert et al., 2019; Hariharan et al., 2018; Korfmacher et al., 2022; Loriette et al., 2021).
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Neurofeedback (NF) is a form of biofeedback that uses cognitive strategies to
improve healthy brain activity (Marzbani et al., 2016). Although there is controversy over
neurofeedback’s effectiveness, therefore research has shown that patients can benefit from
the treatment (Enriquez-Geppert et al., 2019; Hariharan et al., 2018; Loriette et al., 2021;
Noohi et al., 2017). NF is brain training that modifies brain signals to enhance cognitive
function. NF strategy can be a design of sound or video or anything that alter brain signal
to improve mental health (Kamiya & Francisco, 2011). The most common NF signal is the
EEG signal. Usually, EEG based BCI uses scalp-mounted sensors to record electrical
impulses from the brain and then uses sound or visual displays to provide feedback. NF as

an intervention technique may reduce mental fatigue and improve daily performance.

There is a systematic literature review performed (F. Hossain & Yaacob, 2022) to
understand the existing neurofeedback techniques for different mental conditions. The data
collection performed in March 2022 and used google scholar which is not a database, it is
a literature search engine in the internet to find article from various sources. Google Scholar
provides extensive literature articles access. Google Scholar has a lack on the rigorous
indexing standards of databases such as IEEE Xplore or PubMed or WoS. The search result
may include non-peer-reviewed sources or duplicates that requires extra careful screening
process. The search keywords were “mental fatigue intervention”, “fatigue and
intervention”, “BCI and intervention”, “eeg neurofeedback”, “neurofeedback treatment”,
“BCI and neurofeedback” and “neurofeedback framework”. There was total 240 articles
from the search result and 19 articles were selected. A review is performed on the self-
reported mental fatigue assessment to identify the existing tool for mental fatigue
measurement. This helps to measure individual’s fatigues level subjectively. The emotional
states for mental conditions detection were reviewed and identified that Emotiv

performance metrics are the emotional metrics that use in different mental conditions which

is detailed in chapter two.

Neurofeedback is a strategy for intervention (Breteler et al., 2010; Lipp & Cohen
Kadosh, 2020; Lubar, 1997). The step-by-step process for neurofeedback training to
stimulate brain activity is outlined in this review. The procedures include signal acquisition,

pre-processing, feature extraction, classification algorithm, and feedback signal generation.
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The first four steps are signal acquisition, pre-processing, feature extraction and
classification algorithm was identified as Basic functions of BCI (Wolpaw et al., 2002).
These four steps are used to identify mental conditions. Furthermore, signal acquisition,
pre-processing, feature extraction, and classification/pattern recognition were defined as
the mental fatigue detection processes in the next section 2.3. So, these steps are detailed

in the next step from the point of mental fatigue detection strategy. The summary of the

different mental condition analysis depicted in Table 20.

Table 20 Mental Condition Detection

Brain Signal Pre- Feature Classification / References
Condition Acquisition processing Extraction Pattern
Improve Signal: fMRI EMA, Fast Fourier | Threshold (Baqapuri et
brain activity | Subjects: 24 Kalman filter | Transform al., 2021)
performance | Device: MRI (FFT)
Scanner
Attention Signal: EEG Low pass Spatial & Logistic (Tuckute et al.,
training Subjects: 22 FIR, SSP temporal Regression 2019)
Device: Enobio features
Alzheimer Signal: EEG Low-pass FFT Proximal Policy | (Ai etal.,
Subjects: 5 Butterworth Optimization 2021)
Device: Emotiv (PPO)
Epoc
Autism Signal: EEG Outlier filter | Threshold eSense (Mercado et
Subjects: 12 al., 2018)
Device: BrainLink
Improving Signal: EEG Low-pass, Alpha ratio Linear (Arvaneh et al.,
Attention Subjects: 30 High-pass Discriminant 2019)
Device: Biosemi Butterworth Analysis (LDA)
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Attention Signal: EEG Butterworth Temporal & | Support vector | (Aliakbaryhoss
diversion Subjects: 12 Band-pass spectral, machines einabadi et al.,
Device: filter combination | (SVM) 2020)
g.USBamp of both
Effects of Signal: EEG IIR SMR, Threshold (Wood &
gender on the | Subjects: 142 Butterworth Alpha, Kober, 2018)
learning Device: Nexus-10 Theta
outcomes
Effortless Signal: EEG IIR Beamformer | Low-resolution | (van Lutterveld
awareness Subjects: 32 Butterworth brain etal., 2017)
Device: Biosemi Bandpass electromagnetic
filter tomography
(LORETA)
Attention Signal: EEG Low pass FFT Threshold (Krepel et al.,
Deficit Subjects: 114 filter 2020)
Hyperactivity | Device:
Disorder BrainquiryPET
(ADHD) 4.0
ADHD Signal: EEG Low pass Wavelet Threshold (Arns et al.,
Subjects: 336 filter transform 2018)
Device: Quikcap,
Nuamps
Attention Signal: EEG SURE FFT Improved (B. Wang et
monitoring Subjects: 10 threshold random forest- | al., 2021)
Device: OpenBCI (IRF)
Chronic Signal: EEG Butterworth FFT Threshold (Giintensperger
Tinnitus Subjects: 26 Band-pass, etal., 2019)
Device: ICA filter
BrainAmp
Increase of Signal: EEG Notch, ICA, FFT Threshold (Navarro Gil et
Mindfulness | Subjects: 45 Bandpass al., 2017)
Device: g.tec filter
Amplifier
ADHD Signal: EEG Notch, FFT Threshold (Janssen et al.,
Subjects: 112 Bandpass 2020)
Device: Biosemi filter
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Table 21 provides a summary of neurofeedback signal generation. The two types of
neurofeedback mentioned in this review are (i) EEG neurofeedback and (ii) Functional
Magnetic Resonance Imaging (fMRI) neurofeedback. The popularity of EEG
neurofeedback is mostly due to its accessibility, affordability, and effectiveness.
Neurofeedback tries to improve a particular brain pattern to lessen a condition’s symptoms.
The learner actively participates in neurofeedback and electrical simulation, then
continuously modifies strategies to shift his or her brain activity in the desired direction.
Following the feature extraction from EEG signals, a feedback signal is produced that
converts the features into a sensory input that is then presented to and processed by the
learner. The effectiveness of neurofeedback training is influenced by the learner
characteristics. When the targeted aspect of brain activity meets a predetermined threshold
or condition, a feedback signal is sent out. It is challenging to design and create NF
protocols for neurofeedback signal generation to solve the problem (Enriquez-Geppert et

al., 2019; Van Doren et al., 2019).

Numerous NF protocols have been found. The majority of the stimuli combine
visual and auditory components. Depending on the needs and research goal, various
feedback modalities were developed in a distinct study. Theta/beta (Gloss et al., 2016; Saad
et al., 2015) is the protocol that is used the most, followed by threshold, alpha, and other
NF protocols. A resting EEG indication is the theta/beta ratio (TBR). By dividing the power
of the slower frequency band (theta) by the power of the faster frequency band, the
theta/beta power ratio was calculated independently for each electrode (beta). When
comparing a signal’s amplitude to a fixed or variable predefined value, a threshold is used.
A cutting-edge therapy called alpha neurofeedback trains patients to increase their alpha
strength to enhance their creative thinking and lessen depression. A successful
implementation of the NF protocol requires the training design, EEG signal acquisition
equipment, required feature extraction, establishment of a threshold, feedback mode, and

characteristic or complexity of feedback signal.

Training design takes time and is very important (Mauro & Cermak, 2006). This
stage requires consideration of pre-post training, the quantity and duration of sessions, and

the type of study blinding (single, double, or triple). A factor is the EEG signal device’s
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configuration, operation, and capabilities. The number of electrodes and their placement
must also be considered because different electrode placements in neurofeedback have
relatively distinct effects (Rogala et al., 2016). The basis for feature selection is typically
evidence for a relationship between oscillation and cognition. Neurofeedback will function
better when it depends on customized characteristics, determining the level of

individualization for feature extraction is also critical (Moretti et al., 2004).

A particular threshold can be established using a variety of calculations based on
variations from a resting condition. Thresholds are established for participants based on
their z-score in relation to a normative sample rather than only examining their unique brain
activity (Hernandez-Gonzalez et al., 2011). Feedback can be given visually, audibly, or in
combination. Thus, practical considerations and participant characteristics are typically
considered while selecting the feedback modality. The feedback signal displays the
required brain waves’ performance in comparison to a benchmark. The complex stimuli
that are delivered have an impact on the properties of the feedback signal. It is challenging
to design complex stimuli since the participants’ reactions to them may be unpredictable.
In clinical applications, complex stimuli like films are utilized. An ensemble of stimuli is

preferable than single stimulus (Aliakbaryhosseinabadi et al., 2020; Wood & Kober, 2018).

Table 21 Neurofeedback Signal Generation

Stimuli Stimuli (Feedback NF For Type Of NF References
Type Modality) NF Protocol
Visual VE-Shooter Game Improve brain fMRINF | SAM (Baqapuri et al.,
stimuli (movement speed) activity 2021)
Visual Composite images Attention training | EEG NF Sham NF (Tuckute et al.,
stimuli (an overlay of male 2019)
and female images)
Visual & Immersive 3D Alzheimer EEG NF Reinforcem | (Ai et al., 2021)
Audio virtual reality ent
stimuli animal environment Learning
(RL)
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Audio A mix of river, Post-Traumatic EEG NF Alpha/theta | (Noohi et al.,
stimuli ocean waves, and Stress Disorder 2017)
background noise (PTSD)
Visual A BCI video game Autism EEG NF Threshold | (Mercado et al.,
stimuli 2018)
Visual P300-based speller Improving EEG P300 | Alpharatio | (Arvaneh et al.,
stimuli attention NF 2019)
Visual & Visual cue, auditory | Attention EEG NF Alpha, (Aliakbaryhosse
Audio cue (oddball task) diversion Theta inabadi et al.,
stimuli 2020)
Visual & Moving bar Effects of gender | EEG NF Threshold, | (Wood &
Audio on the learning SMR Kober, 2018)
stimuli outcomes
Visual Posterior Cingulate | Effortless EEG NF Gamma (van Lutterveld
stimuli Cortex (PCC) awareness etal., 2017)
activity
Audio Eyes open, Eyes ADHD QEEG- SMR, (Krepel et al.,
stimuli closed, & auditory informed | TBR, SCP | 2020)
oddball task NF
A light & Eyes Open (EO), ADHD EEG NF TBR and (Arns et al.,
sound Eyes Closed (EC) alpha peak | 2018)
attenuated frequency
room (APF)
Visual and Three Serious Attention EEG NF SAM (B. Wang et al.,
auditory Games monitoring 2021)
visual City car driving Emotion and EEG NF Frontal (Sapta Pramana
intervention fatigue Alpha & Arlini
Asymmetry | Puspasari,
(FAA) 2020)
Audio Eyes Open (EO), Chronic Tinnitus | EEG NF Alpha/Delt | (Giintensperger
stimuli Eyes Closed (EC) a et al., 2019)
Visual count the change of | Increase of EEG NF Alpha (Navarro Gil et
stimuli color tones Mindfulness al., 2017)
Visual Stop-signal task ADHD EEG NF Theta/beta | (Janssen et al.,
stimuli (SST) 2020)
Visual and Video (images) clip | Improve NF EEG NF Beta/alpha | (Sho’ouri et al.,
audio and sound performance threshold 2020; Shourie
stimuli etal., 2018)
Visual Cycle ergometer, Improves cycling | EEG NF Alpha (Mottola et al.,

depleting cognitive
task

time

2021)
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There are many factors related to mental and physical fatigue (Akerstedt et al.,
2004; Jang et al., 2021; Otani et al., 2017). This review focused on the effect of light and

temperature. The data was extracted from google search in December 2022 and depicted in

Table 22.

Table 22 Light and Temperature Effect on Mental Fatigue

Domain Factors Result References
Video viewing Light medium level screen brightness caused | (Kalra & Karar,
minimum visual fatigue 2022)
During Light High level of fatigue associated with (L. Liu et al., 2005)
Chemotherapy less light exposure
Performance and Light Less sleepy, more vital, and happier, if | (Smolders & de Kort,
physiological arousal exposed to bright light 2014)
Traumatic Brain Light High-intensity blue light reduced (Sinclair et al., 2014)
Injury fatigue & daytime sleepiness
Effects of Display on | Light Higher luminance contrast in dark (Xie et al., 2021)
visual fatigue mode, less visual fatigue
Multiple Sclerosis Temperature | High temperature, high fatigue (Bol et al., 2012)
Cycle ergometer Temperature | High temperature, high fatigue (Gonzalez-Alonso et
exercise al., 1999)
Office task Temperature | Hogh temperature, high fatigue (Tanabe et al., 2007)
Different Protection Temperature | High temperature and high protection (Jin et al., 2022)
States of nurse high mental fatigue, low temperature
and low protection had the least

Temperature and Lights are correlated to fatigue. Different lighting environment
like display contrast/brightness, luminance (Kalra & Karar, 2022; Sinclair et al., 2014; Xie
et al., 2021), and blue light intensity (L. Liu et al., 2005; Smolders & de Kort, 2014) was
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designed to analyze the mental fatigue. Three color temperatures were designed for fatigue
assessment, where result shows a color temperature of 4500 K, fatigue was the lowest (Lu
etal., 2021). A color temperature of 2700 K shows more fatigue, where a color temperature
of 7500 K showed more productive but for prolonged working induce fatigue. Multiple
sclerosis participants feel more fatigued with heat, but in UV light and day temperature
there was no effect on Mental fatigue (Bol et al., 2012). In a same level of task performance,
participants feel more fatigue in a hot environment than the thermal environment (Tanabe
et al., 2007). Treatment with high-intensity blue light therapy reduced fatigue and daytime
sleepiness during the treatment phase while controlling for age, gender, and baseline
depression. Lower intensity yellow light therapy did not show these improvements (Sinclair
et al., 2014). The effects of low, medium, and high brightness levels on visual fatigue were
examined. Keeping the screen brightness at a medium setting resulted in the least amount

of visual fatigue in a space that is well lighted by LED luminaries (Kalra & Karar, 2022).

This research shows that a ML model can detect mental fatigue for online learners.
A review on neurofeedback signal generation shows that neurofeedback can improve
cognitive performance by altering current brain pattern. There are many factors that has
influence on mental fatigue for a participant including light, and temperature (detailed
section 2.6). Although, there are various technique to detect mental fatigue through BCI
(Hossan et al., 2017; Myrden & Chau, 2017; H. Zeng et al., 2019). BCI widely adopted for
Neurofeedback in the treatment of various mental states, it is uncommon for mental fatigue
intervention (Ai et al., 2021; Enriquez-Geppert et al., 2019; Noohi et al., 2017; Proost et
al., 2022; Soylu et al., 2021). However, there is no real-time mental fatigue intervention
model using brain-computer interface. Indeed, this research propose a real-time mental
fatigue intervention framework by adapting EEG derived emotional metrics based mental

fatigue detection method and a NF modality as a mental fatigue intervention method.

This research identified that EEG based emotional metrics can detect mental fatigue
and presented a pipeline for mental fatigue detection in Figure 11. Then Section 2.5
identified neurofeedback pipeline for different mental conditions treatment including signal
acquisition, pre-processing, feature extraction, classification model and feedback signal

generation. This neurofeedback pipeline depicted at Figure 45. The NF pipeline can be
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divided into two main sub-working part. First part is the mental condition detection
includes signal acquisition, pre-processing, feature extraction and detection or
classification algorithms for the desired mental condition analysis. Next part is NF signal
generation includes control of feedback modality. Neurofeedback modality can be auditory
or visual (as example sounds, videos and images) based on real-time brainwave activity

measured by EEG which describe in section 2.5 and depicted in Table 21.

Mental Condition Detection

[ |

Signal | Pre-processing Feature | | Detection | |Control of Feedback
Acquisition p & Extraction Algorithms Modality

NF Signal Generation

Figure 45 Neurofeedback Pipeline

Emotiv headset processed the EEG signal to get the EPM which are the emotional
metrics. Since the EEG signal acquisition, preprocessing and feature extraction to get the
EPM is done by Emotiv and deliver in 0.1 Hz means every 10 seconds there will be one
instance of EPM metrices. By adapting EPM for mental detection from Figure 11 with
neurofeedback pipeline at Figure 45 can get the real-time mental fatigue intervention

pipeline which presented in Figure 46.

The intervention pipeline can be divided in two sections: (i) mental fatigue detection
and (ii) intervention signal generation strategy. Figure 46 used the intervention instead
neurofeedback because the purpose of the intervention to make the person active by
reducing participants fatigue on the real-time online learning. So, there is no therapeutic
modality like neurofeedback where need the participants need continuous follow-up

neurofeedback session to improve attention or reducing fatigue.
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MF Detection Strategy Intervention Signal

| | Generation
EEG Emotional R MF Detection R Control of
Metrics Acquisition Algorithms Intervention Modality

Figure 46 EEG-Derived Emotional Metrics Based Mental Fatigue Intervention Pipeline

Besides EEG derived emotional data, an EEG based Real-time mental fatigue
intervention model pipeline can be done by including signal acquisition, pre-processing,
feature extraction, mental fatigue detection technique (classification/pattern
recognition/threshold) and control of intervention modality. Real-time mental fatigue
intervention will acquire by the combination of EEG derived mental fatigue detection
pipeline and neurofeedback pipeline. Figure 46 illustrated the mental fatigue intervention
pipeline. This leads to design the general architecture real-time mental fatigue intervention
model using brain-computer interface which includes EEG emotional metrics acquisition,
Mental fatigue detection algorithm and intervention signal generation by controlling
intervention modality. The architecture of the proposed EEG derived emotional metrics

based real-time mental fatigue intervention model is depicted in Figure 47.

The model is designed as a closed loop for mental fatigue intervention. The system
consists of two closed-loop functions: (i) mental fatigue detection and (ii) mental fatigue
intervention. At first the model detects the mental fatigue. The continuous process of
emotional metrics acquisition (EPM), and mental fatigue detection algorithm occur until
the model detects the mental fatigue during the cognitive task period. If there is mental
fatigue identified the model will activate the intervention strategy which can include an
alert system or a control of intervention like monitor brightness or both. The mental fatigue
detection and control of intervention modality occur until the detected mental fatigue

reduced.
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Figure 47 EEG-Derived Emotional Metrics Based Real-Time Mental Fatigue Intervention

using Brain-Computer Interface

The intervention will be applied when a participants fall in fatigue during the
learning session to make them active. In section 2.6 described that the temperature, and
light has an influence on mental fatigue that detailed in Table 22. Online participants
affected by monitor brightness and room temperature. So, an intervention can be done by
the controlling of monitor brightness or control of room temperature or a both. These need
to be further research to find the effectiveness of mental fatigue intervention framework

with control of different intervention modality.

In conclusion, this research evident that EEG based emotional metrics can be used
to detect mental fatigue using machine learning technique. Emotional metrics are unique
and dynamic for an individual. The association between fatigue and emotional metrics are

significance. The findings also suggest that, an Ensemble method rather than a single ML
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model can be a generalized model for detection of mental fatigue of an individual. The
concept on Ensemble method with three different type of algorithms shows a reliable and
consistent performance. A numerous number of participants mental fatigue detection
required to evident the generalization behavior of the developed Ensemble model. Future
study may design an Ensemble method with different machine learning model to identify

the more efficient model for Mental fatigue detection.

5.4 RESEARCH CONTRIBUTIONS

Several noteworthy contributions to the field of study are made by this research. In the first
place, it improves knowledge by developing a ML model that uses emotional states
generated from EEG for the detection of mental fatigue in online learners. This model not
only advances knowledge of the connection between emotions and mental fatigue, but it
also gives educators and online learning environments a useful tool for tracking and

promoting cognitive health.

This research shows that changes on the emotional state identify mental fatigue.
This study also suggests a robust future investigation on mental fatigue detection using
emotional metrics is required which may not only help to address mental fatigue but may
improve emotional states also for the online learners. This suggests a concurrent
investigation of two different cognitive states which are emotions and mental fatigue to

improve both cognitive states at the same time.

This study shows that EPM are reliable features on the detection of mental fatigue.
This research also identified a time period of 15 minutes, which is enough to be getting
fatigued for an online learner. This research evident that Ensemble learning model are
reliable compared to its base model on the detection of mental fatigue. Then, neural network
model like MLP is more reliable to identify more complex pattern among the complex

features like emotional states.
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Additionally, this study provides practical ways for creating successful learning
experiences and alleviating fatigue by presenting a comprehensive framework for mental
fatigue intervention based on the research findings. A comprehensive literature review is
published on existing EEG-based mental fatigue detection (Yaacob et al., 2023). This
research promotes the field by publishing an extensive literature review paper (F. Hossain
& Yaacob, 2022) that offers a useful synthesis of the current state of knowledge and
a proposal of a mental fatigue intervention framework (F. Hossain & Yaacob, 2023a) for

future studies in this area of study.

5.5 PUBLICATIONS

There are three publications from this research. The publications are following:

Hossain, F., & Yaacob, H. (2023). A proposal on a brain-computer interface model for real-
time mental fatigue intervention. Journal of Islamic, Social, Economics and

Development (JISED), 8 (55), 303 - 315.

H. Yaacob, F. Hossain, S. Shari, S. K. Khare, C. P. Ooi and U. R. Acharya, "Application
of Artificial Intelligence Techniques for Brain—Computer Interface in Mental
Fatigue Detection: A Systematic Review (2011-2022)," in I[EEE Access, vol. 11,
pp. 74736-74758, 2023, doi: 10.1109/ACCESS.2023.3296382.

Hossain, F., & Yaacob, H. (2022, September). Review on Signal Generation for
Neurofeedback. In 2022 10th International Conference on Cyber and IT Service
Management (CITSM) (pp. 1-8). IEEE.
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Dear Asst. Prof. Dr., @

The UM Research Erhics Commurree (IREC) has reviewed your study protocol as mentioned

below:- uniTdin
1D NO. : IREC 2023-047
RESEARCH TITLE : Automated Neurofeedback Model for Mental Fatigue
Intervention
REGISTRATION DATE : 23 Feb 2023
CO-INVESTIGATOR : Assoc. Prof. Dr, Faizah Idrus
STUDENT : Md Farhad Hossain (Postgraduate Student)
STUDY SITE : Kulliyyah of Infi ion and C ication Tech o
SAMPLE SIZE : 20

ETHICAL EXPIRY DATE 1 20 March 2024

The UM Research Lthics Commirtee (IREC) operares in accordance ro the Declaration of
Helsinki, International Conference of Harmonization Good Clinical Practice Guidelines ICH-GCP), xeceear
Malaysia Good Chncal Pracrice Guidelines and Council for International Organizations of Mcdical U AR 0

Sciences (CIOMS) International Iithical Guidelines Du,ﬂ."' .

The following documenrs have been received and reviewed ro the above srudy:-

L. Study Proposal/Protocol: Version 1, dated 28 Feb 2023 = i
Z Informed Consent Form (1CF) — - C_‘E
i Informanon Sheer (English) — Version 1, dared 28 Feb 2023 S

i Consent Form (nghsh) - Version 1, dated 28 Feb 2023
Approval Letter from Kulliyyah of Information and Communication Technology, 1TTUM
Principal Investgator’s CV

w

#

Research M; aﬁen! Centre
Intermational Iskamic University Malaysia, Jalan Gombak, 53100 Kuala Lumpur

slaphone: (+603) 8421 5002 / 5010 | Fax: (+603) 6421 4862
Emai. nescenna@»um adumy | Website: https:/iwww._aum. edu.my/cenre/ime
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Decision by TIUM Research Ethics Committee (TREC):

(V‘ ) Approved
() Disapproved Date of Approval: 20 March 2023

The investigator(s) are required to:

a) submit the ‘Continuing Review Form” 30 days before EXPIRY DATE to rencw Erhical
xAPPl‘U\’}L[.

b) notify TREC of any change in protocol and obtaining further ethical approval as
appropriate.

) report any adverse incident during the course of a study to IRKC even if the incident is

not directly related to the study.

d) report to the IREC within 72 hours for all internal SAEs (occurring in TTUM PT site).

©) report in a prompt manner if the information impacts the continued ethical acceptability
of the trial for external SAEs (occurring in participants at other sites).

f) report any major protocol deviation occurs within 5 working days.

a) complete and submit the End of Project Report Form to the IREC Secrctariat’s Office.

h) All records and dara subjects are CONFIDENTIAL and used oaly for the purposes of  this
study and all issues and procedures on data confidentiality must be observed.

Yours sincerely,

Ftord

PROF. DR. NASSER MUHAMMAD AMJAD
Chairman

IIUM Research Ethucs Commuttee (IREC)

DISCLAIMER: The approval letter only covers the ethical aspect of your study only. Any other
permissiun/appruval to use any facilities, data or human resource should fall under applicant's
responsibiity.
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APPENDIX C: CONSENT FORM

bl el et | EADING THE WAY
L’:,.“.}L‘.li_%l \ ,‘vm", KHALIFAH « AMANAH « IQRA’ « RAHMATAN LIL- ALAMIN %

Garch

Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study

G ' ch account &

* Indicates required question

Email *

Your email

Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms
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Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study
s ch account &

* Indicates required question

Informed Consent

IREC ID: IREC 2023-047
Version: 1

Revision: 00

Date:

PART I: Information Sheet

I am a Md Farhad Hossain. I am a Master of Computing (Computer Science and Information
Technology)-Research at the Intemational Islamic University Malaysia's Kulliyyah of Information
and Communication Technology (KICT). I am conducting my research under Dr. Hamwira Yaacob's
supervision. My research project is entitled “Automated Neurofeedback Model for Mental Fatigue

Intervention” as part of my research.

There may be some words/terms that you do not understand. Please ask me to stop as we go through
the information and I will take time to explain. If you have questions later, you can ask them about
me, the study. The following information is provided for you to decide whether you wish to
participate in the present study.

Purpose of the Research /
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Mental fatigue (MF) is an experience of tiredness that develops as your brain's energy is drained.
Mental fatigue is frequently caused by prolonged stress. Mental Fatigue leads to cognitive deficits:
stress, anxiety, panic, loneliness, difficulty concentrating, and even depression. Mental fatigue is
particularly common among students. It's more difficult to recall and retain the knowledge you've
spent hours studying when your brain is fatigued. It is essential to early address mental fatigue
because it leads to permanent mental disorders. When a person becomes fatigued, an intervention
method can be useful.

There are many different intervention strategies available that target different kinds of problems.
Interventions like physical exercise, watching videos, mental calculation tasks, changes in light
brightness, adjusting temperature, and changes in monitor contrast can reduce fatigue.
Neurofeedback (NF) can be an intervention technique. It uses cognifive strategies to reinforce healthy
brain function. A Neurofeedback strategy can be a design of sound or video or anything that may

alter brain signals to improve mental health.

The Brain-Computer Interface (BCI} can detect Mental Fatigue by acquiring electroencephalogram
(EEG) signals and translating them into a concise command. The electroencephalogram (EEG) is a
common, non-invasive approach for monitoring and evaluating the brain's condition. Indeed, this
research works to develop an automated neurofeedback model by adapting an MF detection method
and an NF modality as an MF infervention method.,

Type of Research Intervention

This research will involve an EEG signal collection through Emotiv Insight 2.0 headset. There will
be a video presentation. While the BCI detects your fatigued level, the monitor contrast will change
accordingly to reduce your fatigue level.

Participant Selection

We are inviting students to participate in this research, who are healthy, non-smokers, and not drug-
addicted.

Voluntary Participation

Your participation in this study is voluntary. You are free not to participate in or withdraw from the
study at any time. Your decision will not result in any loss of benefits to which you are entitled. If
you choose to participate, you may withdraw at any time by notifying me. Upon your request to
withdraw, all information about you will be removed.

Procedures and Protocol

You will wear the Emotiv Insight 2.0 headset, collecting your brain rhythm with a sampling rate of
128 HZ. After that, you need to select your preferred monitor contrast. Next, 1-minute of eyes close
and 1-minute eyes open task for you to prepare. Then. a YouTube tutorial video will be played for
you, which long around 30 Minutes. In these 30 minutes of the learning session, if the system detects
that you are fatigued then the monitor contrast will be changed to intervene to make changes to your
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fatigue level. If the system does not detect then there won't be any changes in the monitor contrast.
After the tutorial video, the session will end.

Duration
The research takes place only for one session around 1 hour long.
Side Effects

The EEG signal collection through Emotiv Insight 2.0 is painless. You may feel only discomfort
while wearing the Headset. Participants rarely experience imritated skin on the forehead, but it is
enough to observe that because it almost disappears spontaneously. However, we will follow you
closely and keep track of any unwanted effects or problems during the data collection. Even. we may
stop the procedure. If this is necessary, we will discuss it together with you and you will always be
consulted before we move to the next step.

Risks

By participating in this research, the possibility of complications is very low. Participants rarely
experience irritated skin on the forehead, but it is enough to observe that because it almost disappears
spontaneously.

Benefits

There may not be any benefit for you but your participation is likely to help us find the answer to the
research question. Future generations are likely to benefit.

Confidentiality

The information that we collect from this research project will be kept confidential. Information
about you that will be collected during the research will be put away and no one but the researchers
will be able to see it. Any information about you will have a number on it instead of your name. Only
the researchers will know what your number is and we will lock that information.

Sharing the Results

Nothing that you tell us today will be shared with anybody outside the research team, and nothing
will be attributed do you by name. Each participants will get a summary of the result. The result of
this research will be presented at meetings or in seminar or in publications. Your identity will not be

disclosed in those presentation.
Right to Refuse or Withdraw

You do not have to take part in this research if you do not wish to do so and refusing to participate
will not affect you in any way. You may stop participating in the research at any time that you wish.

‘Who to Contact
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If you have any questions, you may ask them now or later, even after the study has started. If you

wish to ask questions later, you may contact any of the following:

Md Farhad Hossain, Email: emamulfarhat@ gmail.com
Dr. Hamwira Yaacob, Email: hyaacob@iium.edu.my

This proposal has been reviewed and approved by IIUM Research Ethics Committee (IREC), which
is a committee whose task is to make sure that research participants are protected from harm. If you
wish to find out more about the IREC, email irec@iium.edu.my.

You can ask me any more questions about any part of the research study if you wish to. Do you have
any questions?

PART II: Certificate of Consent

I have read the foregoing information, or it has been read to me. I have had the opportunity to
ask questions about it and any questions that I have asked have been answered to my
satisfaction. I consent voluntarily fo parficipate as a participant in this research. I also consent
to provide my demographic information for this research.

Statement by the researcher/person taking consent

I have accurately read out the information sheet to the potential participant, and to the best of
my ability made sure that the participant understands the research.

I confirm that the participant was allowed to ask questions about the study, and all the
questions asked by the participant have been answered correctly and to the best of my ability. I
confirm that the individual has not been coerced into giving consent, and the consent has been
given freely and voluntarily. A copy of this ICF has been provided to the participant.

Do you agree to participate in this EEG signal collection process and provide ¥

demographic information?

O Yes

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms
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APPENDIX D: DEMOGRAPHIC INFORMATION FORM

Loyl dealle )l allull el
INTERNATIONAL ISLAMIC UNIVERSITY MALAFSIA

Garden of Knowledge and Virtue

LEADING THE WAY
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Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study

G < itch account [

* Indicates required question

Personal Information

IREC ID: IREC 2023-047
Version: 1

Revisien: 00

Date:

Full Name *

Your answer

Matric Number *

Your answer
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Contact No *

Your answer

Date of Birth *
Date

mm/dd/yyyy [m]

Gender *

O Female
O Male

What is you marital status? *

O Married

O Unmarried

What is your religion? *
O Buddhism

(O Cluistianity

O Hinduism

O Islam

(O other:
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What is your weight (Kg)? *

Your answer

What is your height (Meter)? *

Your answer

Please specify if you have any physical disability

Your answer

Please specify if you have any psychological disorder

Your answer

Please specify if you fall in sick recently

Your answer

Please specify if you are taking any medication

Your answer
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Are you experiencing any drug addiction? *

O Yes
O No

Do you smoke? *

O Yes
O No

What is your daily sleeping hours? *

Less than 4 hours
4
5
6
T
8

More than 8 hours

£ O 040 Ol

‘What 1s your nationality? *

Choose ~
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Which academic degree are you pursuing? *

O Bachelor
O Master

O Doctor of Philosophy (PhD)

O Other:

What is your current study level or year? *

O 0OO0OO0

How many credit hours have you taken in this semester? *

Your answer

Are you employed? *

O o

QO Prart-time
() Freelance
(O Full-time
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Whom you are living with? *

O Alone
(O Family
() Friends
(O other:

Do you feel loneliness? *

O No
O Frequently

O Sometimes
Do you have history Covid-19 infection? *
O No

o Yes

‘Which learning mode do you prefer? *

O Online

O Face-to-Face

Figure D6 Demographic Information Form Page 6
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Do you feel fatigued during online learning? *

O No
O Frequently

O Sometimes

Do you feel fatigued during face-to-face learning? *

O No
O Frequently

O Sometimes

Currently are you in depression/tensed? *

O o
O Family issue
O Education issue

O Yes, but prefer not to say

Back Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms
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APPENDIX E: PRE-CHALDER FATIGUE QUESTIONNAIRES

LEADING THE WAY

A2 KHAUFAH - AMANAH + IGRA' - RAHMATAN LILALAMIN

Garden of Knowledge and Virtus

Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study

Pre-Chalder Fatigue Questionnaires
G S tch account (&)

* |Indicates required question

Email *

Your email

Next Clear form

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms
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Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study

G <\itch account (&%)

* Indicates required question

Chalder Fatigue Questionaries

If your answer is " Jes" Then Select 1, Else select 0. You report your condition as
better or less than usual=0,  no more than or same as usual=0

worse or more than usual=I, much worse or more than usual=1
1. Do you have problems with tiredness? *

O
Qo

2. Do you need to rest more? *

O
Oo 4
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3. Do you feel sleepy or drowsy? *

O
Qo

4. Do you have problems starting things? *

O
Qo

5. Do you lack energy? *

O1
Qo

6. Do you have less strength in your muscles? *
O

Qo

7. Do you feel weak? *

@0
Qo

Figure E3 Pre-Chalder Fatigue Questionnaires Form Page 3
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8. Do you have difficulties concentrating? *

O
Qo

9. Do you make slips of the tongue when speaking? *

O
Qo

10. Do you find it more difficult to find the right word? *

O
Qo

11. How is your memory? *

If in difficulty select 1, Else select 0

O
Qo

Back Clear form

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms

Figure E4 Pre-Chalder Fatigue Questionnaires Form Page 4

175



APPENDIX F: POST-CHALDER FATIGUE QUESTIONNAIRES

LEADING THE WAY

A2 KHAUFAH - AMANAH + IGRA' - RAHMATAN LILALAMIN

Garden of Knowledge and Virtus

Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study

Post-Chalder Fatigue Questionnaires
N Sitch account (&)

* Indicates required question

Email *

Your email

Next Clear form

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy.

Google Forms
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Voluntary Participation in Automated
Neurofeedback Model for Mental Fatigue
Intervention Study
G S itch account &

* Indicates required question

Chalder Fatigue Questionaries

If your answer is " Y¥es" Then Select 1, Else select 0. You report your condition as
better or less than usual=0, no more than or same as usual=0
worse or more than usual=1, much worse or more than usuai=1I

1. Do you have problems with tiredness? *
Ol

O o

2. Do you need to rest more? *

@
Qo z

Figure F2 Post-Chalder Fatigue Questionnaires Form Page 2

177



3. Do you feel sleepy or drowsy? *

O
Qo

4. Do you have problems starting things? *

O
Qo

5. Do you lack energy? *

O1
Qo

6. Do you have less strength in your muscles? *
O

Qo

7. Do you feel weak? *

@0
Qo
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8. Do you have difficulties concentrating? *

O
Qo

9. Do you make slips of the tongue when speaking? *

O
Qo

10. Do you find it more difficult to find the right word? *

O
Qo

11. How is your memory? *

If in difficulty select 1, Else select 0

O
Qo

Back Clear form

This content is neither created nor endorsed by Google. Report Abuse - Terms of Service - Privacy Policy

Google Forms
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APPENDIX G: SUBJECT-DEPENDENT DETECTION MODEL
PERFORMANCE
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Figure G1 Subject-Dependent Mental Fatigue Detection Models Performance
Comparison Using Accuracy
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Figure G2 Subject-Dependent Mental Fatigue Detection Models Performance

Comparison Using F1-Score
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Figure G3 Subject-Dependent Mental Fatigue Detection Models Performance
Comparison Using ROC AUC Score
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Figure G4 Subject-Dependent Mental Fatigue Detection Models Performance

Comparison Using Cross-Validation Mean
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Figure G5 Subject-Dependent Mental Fatigue Detection Models Performance
Comparison Using Cross-Validation Training Score
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Figure G6 Subject-Dependent Mental Fatigue Detection Models Performance

Comparison Using Cross-Validation Validation Score
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