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ABSTRACT

MACHINE LEARNING TECHNIQUES FOR ESTIMATION OF
HUMAN TIREDNESS LEVEL FROM BRAIN ELECTRICAL
ACTIVITY

SHABAN, Saad
PhD, Electrical and Computer Engineering, Altinbas University,
Supervisor: Prof. Dr. Osman Nuri UCAN
Co-Supervisor: Assoc. Prof. Adil Deniz DURU
Date: April/2023

Pages: 86

Electroencephalography (EEG) signals have been used in the recent years to investigate
various brain activities for different scopes, like the important field of neuroscience. While
a good number of studies concerned to the sports filed, minority of them were dedicated to
study the changes encountered to the body vital signs happening after performing acute
exercise. One of the important body signs is the fatigue state that derives the increase of
lactate enzyme in the blood. It was employed by our study as a fatigue sign that may be
predicted to see if it can discriminate between different enzyme levels. Signal pre-processing
techniques were applied to the raw EEG signals, as they are highly contaminated with noises
and artefacts, to clean them and get noise-free data. Our work offers a system scheme that
extracts two features and passes them to classifiers to discriminate between lactate levels
reflecting body tiredness levels. Firstly, the linear Band Power (BP), and secondly the
proximity measure of Sample Entropy (SaEn) of EEG signals used. Variety of classification
models accepts data from the previous stage to classify them. Classification task happened
in 2 steps, in the first only 2 classes, low-tired and high-tired were discussed, whereas the
second step discussed 3 classes, low-tired, moderate-tired, and high-tired, that reflects

different lactate enzyme levels low, mid, or high. Data collected by a specialised acquisition
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device from 16 brain electrodes from a group of elite class athletes in a resting state
condition. Two sessions of data recordings were studied, before and after performing acute
aerobic exercise bout. Classification results were validated against blood lactate
measurements taken before and after the exercise. Findings were presented in the Results
chapter of this reveal that our system achieved high prediction scores and provides a
promising tool to investigate levels of lactate enzyme non-invasively, which is novel and
hadn’t been studied before for the best of our knowledge. Findings may be employed in
fields like Brain-Computer Interface (BCI), applications of Internet of Things (loT),
biomedicine and other fields, off-line or on-line especially when true prediction rate is
crucial and affect the application efficiency.

Keywords: Electroencephalography, Feature Extraction, Classification, Band Power,
Sample Entropy.
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1. INTRODUCTION

Electroencephalography represents the signals generated by the brain neural cells and they
reflect different of brain’s electrical potentials. These signals were used in starting from the
past decade mainly to study information dynamics of brain neural. Behaviour and dynamics
of the brain are diagnosed for the goal of brain disturbances discovery [1]. These signals are
time series signals having a nature of low frequencies and tend to be highly sensitive to other
electrical surrounding fields. They are recorded with the help of specialized isolation means
of skull helmet consisting of many nodes. These nodes or electrodes are attached to a specific

distribution of positions on the head, wet or dry [2], [3].

EEG signals due to their nature, and in order to get rid of different signals interfere them, are
recorded and stored with specialized data formats in a huge amount, if we talk in term of
data arrays, then they can have millions of rows for only few minutes of acquisition. As
though, the traditional visualised data analysis methods do not help well with understanding
them, especially if we know that EEG signals are highly with error rates and contamination
with interfering and disrupting signals and we need different methods to deal with these

issues.

Data processing techniques like regression, classification, statistics, data cleaning and
reduction, etc. along with different other techniques like machine learning and deep learning
can play a vital role in the goal of studying and getting good insights of these signals. EEG
signals processing and exploitation can be employed using various techniques results for
solving the now days issues like in medical care systems or patient rehabilitation device,
forecasting different human emotional and mental conditions [4], [5]. Besides, they can be
used as promising technology in a way for controlling or decision making devices for
interactive real time, virtual and augmented reality as input nodes in fields like entertainment
or military [6]. The previously mentioned studies have been reported to using MRI imaging
(Magnetic Resonance Imaging) that uses the means of studying and investigating brain
activities noninvasively of the anatomical images nature [7], [8]. The MRI imaging was
widely used but because of different reasons like it’s limited temporal resolution, even it
shown a high spatial one in the measured data signal, which is driven by the fact that it is

affected negatively by the blood BOLD attribute (oxygenated level dependency), which can



be avoided by deploying the desired analysis using EEG recorded signals techniques [9],
[10].

Both fields of sports and exercise studies were not commonly discussed using EEG, just like
the Psychology, they were widely submissive to the use of MRI till the near past [11], then
EEG signal analysis as a technique started getting more attention in both fields, like those
related with the changes in EEG signals after performing cycling exercises with different
intensities [12], [13]. Recently, EEG recorded signals motivated by the human body different
activities, biological and physical, used as a human body vital activity monitor system.
Neuroergonomics as example got more interest recently in the studies that discuss brain
potentials and activities for people that participate in various sport and day life activities
[14].

Among those vital body signs, we chosen a one that we expect to get promising results in
the goal of foretelling the lactate enzyme level in the human body that whenever increases,
it gives a sign about the body tiredness increase level. This goal is to be studied by validating
these enzyme levels in contrast to changes encountered to EEG signal recordings, when
compared between two states of exercise, before doing single shot of acute exercise and after
doing the exercise Getting insight from a good idea proven by studies [15], [16], the lactate
enzyme level could be increased to the peak value after performing an exercise of the type

maximal treadmill run within short time window.

1.1 AIM OF STUDY

By the concept of our study, we set our aim to present a methodological framework called
Physical Tiredness Classification System (PTCS), to be utilised for the identification of
human physical tiredness status. By this concept, we divided the work into two parts, in the
first one we discussed the system ability to differentiate between two classes, tired or low-
tired, while in the second part the differentiation between tired, moderate-tired, and very-
tired classes was discussed. These levels could be reached by motivating the brain’s
electrical activities by exercise. The exercises are directed to affect the resting state signal

by performing single bout of acute exercise.



Next, the brain recordings are passed over two different feature extraction methods,
frequency band power and time series sample entropy. These feature metrics are applied to
a short length window, typically of 1 second from the brain EEG recordings. The achieved
results show successfully predicting of the intended measure before and after performing a
single moderate bout of acute aerobic exercise, which is a novel to the best of the author’s
knowledge in the literature. Classification results shows a high score with the proposed
methodology when applied to our unique data set and compared to the results of the same
classification methods used by other studies in the literature in term of different classification
measures like accuracy, precision, recall and F1- Score as we well discuss them in the next

chapter.

1.2 LITERATURE WORK

Machine learning has been applied to EEG data in many studies. Such a process usually
involves an artefact removal step, a feature extraction step and classification as the final step.
Recent research has reported advancements in automating the artefact removal process using
unsupervised machine learning as well [17]. The features extraction and classification
process of EEG signals has been used for tasks such as seizure detection [18], mental work
load detection [19], sleep studies [20], emotion detection [21], motor imagery [22], and
neurodegenerative features detection such as fatigue [23], Attention Deficit Hyperactivity
Disorder (ADHD) [24], [25], and anxiety [26]. Studies showed preference of using Support
Vector Machines (SVM) as a machine learning algorithm able to achieve accurate results in
EEG analysis [27]. The use of EEG as a technique of analysing in most of the above-
mentioned fields has been applied for a long time in many studies. The advancement in
computing has also offered the availability of using artificial intelligence and machine
learning in these fields. However, using EEG in the field of exercises and sports was not
common until recent times. The fact that such application has not made as much use of
machine learning techniques as other EEG application in the literature is also noteworthy
[28]. With regards to research done on EEG and exercise, a study investigated the impact of
severe physical short-term exercise and long-term workout training on the EEG resting-state
alpha frequency (iAPF) of the individual, participants had performed a protocol of steady
state exercise (SSE) or a protocol of exhaustive exercise (EE), on two separate days. EEG

signals were recorded for 2 minutes before performing the exercise followed by immediate
3



recording after the exercise, as well as after a period of rest for 10 minutes. To investigate
whether an improvement in physical fitness modulates the resting state iAPF response to an
acute bout of both exercise types, all calculations were done again after four weeks of
training. Results shows that following EE (P = 0.012), the iAPF was significantly increased,
while following the SSE it did not increase [29].

In another study, it was desired to discuss the possible changes in mood and EEG activations
after performing three levels of intensity running exercise; low, preferred and high. A 5
minutes of each EEG recordings were made before, directly after and 15 minutes after the
exercise trials. The high intensity exercise was found to affect both EEG and the mood of
the subjects [10]. It showed an increase in alpha (al frequency: 7.5-10 Hz) and a decrease
in beta (B1: 12.5-18 Hz) frequency. Brain activities during performing an acute aerobic
exercises were examined and found to be increased[11]. The experiment was divided into
three stages, adaptation, exercise, and recovery. In the first part, participants were asked to
sit down quietly for 10 minutes, in the second part they were asked to perform a moderate-
intensity 15-minute cycle ergometer exercise, and in the last one they had a recovery period
of 10 minutes. The EEG data was collected during the last 2 minutes of each stage and the
power densities across both alpha and beta frequencies were combined and observed. The
results showed that the brain activations had increased, i.e. beta frequency band power was
increased, while the alpha frequency was decreased during the exercise and then returning
to the power baseline after completion the exercise and recovery periods.

The absolute power changes in EEG after conducting an acute exercise was investigated to
discover the possible changes. The study intended to study variations encountered at the beta
and alpha frequency bands after a maximal effort exercise of cycle ergometer was made by
[12]. Experiments were applied with the participation of ten young healthy volunteers, 4 men
and 6 women aged between 25 and 30 years. They first take a relaxing period of 10 minutes
and then the EEG recording of the first experiment session of 8 minutes done while they
were sitting with a calm fashion on a comfortable wide chair to reduce muscular disorders
and data was used to represent pre-exercise. Then the participants were required to perform
a cycle ergometer with a progressive workload. The exercise session ends when the subject
performed the maximal effort test and feels exhausted based on a rate of perceived

exhaustion protocol that measures each subject’s state of fatigue. Then the post exercise EEG



data recording began immediately with returning to the calm fashion of sitting on the same
chair for another 8 minutes. The findings demonstrate observed increase in cortical
activation represented by a significant increase of absolute power in beta frequency at Fp1,
F3, F4 and C4 electrode areas.

Increasing pace of exercise intensity and its effect on the EEG activation was studied by
[30], along with the effect on the lactate enzyme concentration in blood. In this study, 19
subjects had participated in this study, 17 of which were men. Participants were aged around
42 years with an obvious healthy state. They conducted, on separate sessions, six stages of
run with increasing velocity at each successive stage. Each stage lasted 6 minutes, with a
rest period of 2 minutes between stages. The EEG measurements were taken along with the
lactate enzyme blood concentration at different time points. The 2 minutes EEG recordings
were taken before the starting of the experiment, after each stage of velocity increment and
twice after finishing the exercise, one after 15 minutes and another after 30 minutes. Using
the same protocol, the measurement of lactate enzyme concentration in the blood was made.
The results show that exercise induced significant spectrum power changes of EEG at every
position of each electrode. Also, the increased intensity of exercise induced significant
changes in lactate concentration, even after a 15 and 30 minutes from the exercise finish

time, the levels were still higher than the baseline.

In a good study of the literature [31], the effect of exercise on cortical activity and therefore
concussion evaluation tools and tests was studied. EEG recordings, heart rate and arterial
oxygen levels were collected before and after a set of healthy volunteers performed a one-
mile run. EEG activity was shown to have decreased in the theta band (4-8 Hz) during both
EC and eyes open resting periods. Additionally, the EEG showed a shift to higher
frequencies during the Sport Concussion Assessment Tool (SCAT3) balance assessment, as
well as a slowing effect during the King-Devick test (K-D test) which evaluates impairments
of eye movements, attention and language function. All of which led to the conclusion that
concussion evaluation tests can be affected by exercise, and therefore care while taking such

tests should be made.

To study the effect of low intensity acute aerobic exercise on EEG, subjects in another study
were exposed to a stress experiment by listening to an unpleasant 5 KHz tone and/or perform

mental tasks while their EEG signals were being recorded [32]. The stress experiment caused

5



a mean reduction of the low-alpha amplitude of the EEG signal by 20%. After a 20-minute
acute exercise of low intensity, the EEG signal was taken again and showed increase in the
mean amplitude of both low-alpha (more than 30%) and theta bands, which suggested that
such exercises help in recovering low-alpha waves. No significant changes were found in

the beta and gamma bands as a response to the stress experiment or the exercise.

To determine the effect of exercise on the reliability of the connectivity of brain networks, a
group of male participants' EEG was recorded before and after submaximal exercise twice
within one week in another study [33]. After the Small World Index (SWI) and other graph
measures were constructed using the Weighted Phase Lag Index (WPLI) and spectral
coherence. From the graph measures, the Intraclass-Correlation-Coefficient (ICC) and
Coefficient of Variation (CoV) were calculated as reliability indicators. The ICC values
showed that connectivity was positively affected by exercise, having increased from poor to
good before exercise and from good to excellent after exercise. The study concluded that
post-exercise EEG signals results are reliable to measure changes in the brain network

originating from exercise.

In [34], the effect of intense cardiovascular load on intensity dependent modulation in brain
network efficiency was studied. EEG signals were collected from 16 trained participants
required to perform an incremental treadmill exercise. Before the exercise and after each
stage resting-state EEG signals, biomedical indicators among which blood lactate levels
(Bla) is, as well as Borg scale were taken. After deriving the small world index (SWI) from
the EEG signals in the theta, lower-alpha and upper-alpha bands, efficiency of the brain
network was evaluated, showing a reduction in the theta band, whereas the lower-alpha and
upper-alpha bands showed no significant difference in the brain network efficiency metrics

used.

In a quantitative review, 18 studies done on a total of 282 participants were reviewed. Effect
of recording site was found to be not significant to the outcome of the results. In addition to
increase in alpha frequency, increase in beta frequencies was also observed, leading to a
conclusion that the change in electrical activity of the brain during or after exercise is not

specific to a frequency band nor to a hemispheric location [35].



To determine the effect of exercise on the resting state EEG signal of children with ADHD,
two groups of children with ADHD were asked to undergo different eight week plans in [36].
The first group consisting of 15 children participated in an eight weeks long water aerobic
exercise program, whereas the other group of 14 children were asked to refrain from
participating in exercises programs as well as vigorous exercises. The parents and teachers
were required to fill in a Descriptive Behaviour Disorder (DBD) scale which helped
identifying the ADHD subtype of the children. The children were recruited from different
subtypes of ADHD (predominantly inattentive, predominantly hyperactive and combined).
For eight weeks, the exercise group conducted water aerobic exercises lasting 90 minutes
twice a week. Resting-state EEG with eyes open was collected before and after the start of
the program from both groups. Nine electrodes were used with three electrodes on each of
the central, parietal, and frontal areas. After the spectral powers of each electrode's EEG
signals were found using FFT, average power of each area was calculated. Additionally,
mean theta/alpha and mean theta/beta frequency powers was calculated for each region. The
results of the study showed that the exercise group showed a reduction in the central and
frontal theta/alpha ratio. Since high theta/alpha power ratios may indicate reduced executive
functioning and self-control and delayed maturation, the reduction after the exercise period
lead to concluding that exercises may improve cognitive functions in children with ADHD.

In order to identify the areas of the brain affected by exercise and relate these changes to the
individual's exercise preferences, physiological indicators as well as 5-min EEG were taken
from eleven participants before and after three different types of exercises, namely
incremental treadmill run, arm crank and bicycle ergometer. The EEG signal was then used
to form the standardised Low Resolution Brain Electromagnetic Tomography (SLORETA).
It was found that all exercises increased the beta activity in Brodmann area seven.
Additionally, while the EEG signal obtained after 15 and 30 minutes of the treadmill and
bike exercise resulted in decrease of the frontal brain activity and increase in the occipital
activity, the same pattern was not noticed in the arm crank exercise, which suggested that
different exercises affect the brain activities in different ways [37].

As for applying machine learning in the exercise-effected EEG analysis [38], performed
feature extraction of EEG signals during exercise induced fatigue. Initially, a group of

volunteers were subject to a static exercise aiming to measure the maximum voluntary



contraction (MVC) of the quadriceps muscle. Afterwards, while having their EEG signal
recorded, subjects were asked to perform a dynamic exercise that should drive the quadriceps
muscle to fatigue, by repeatedly moving their knee joint at a metronome’s speed. The test
continued at the metronome’s frequency until participants reached fatigue state and could
not extend the knee joint after verbal encouragement. Subjective fatigue metrics such as
Stanford Drowsiness Scale and Borg Scale were taken from the participants before and after
the dynamic exercise. The EEG recording process used 19 electrodes covering all four lobes
of the cortex. Later on, 80% of the EEG data was used for training an SVM algorithm,
whereas 20% was used for testing. After making use of Multivariate Empirical Mode
Decomposition (MEMD) and Hilbert-Huang algorithm, a better accuracy was achieved

(90%) was achieved compared to using SVM.

To investigate the effect of exercise on motor memory, a group of 25 subjects went through
four sessions in which they were asked to perform an isometric hand gripping session. The
subjects were divided into two groups, the first was required to go through a 15-min intense
cycling exercise, whereas the second group were asked to rest. EEG recordings were taken
from subjects before the exercise/rest period and immediately after the period as well 30
minutes, 60 minutes, and 9 minutes after the exercise. Afterwards, topographical maps were
formed from the analysis pipe. The study's findings show that exercise does improve the
motor memory. In addition, the deep learning algorithm superseded common statistical
methods in terms of the range of the frequency used, since it revealed discriminative spectral
features in a band of 2 Hz (27-29 Hz) as compared to the (15-30 Hz) of statistical methods
[28].

The effect of physical activity on the performance of university students was analysed using
a model based on two EEG parameters (spectral power, signal entropy) and students’
response time. Six students' EEG was taken while performing a Psyco-Motor Vigilance task
from which their response time was measured. Afterwards, students attended a 20-minute
lecture. Next, depending on the assigned task, students were either asked to silently read a
scientific article for 10 minutes (control) or asked to perform physical activities for the same
period of time (experiment). The students right afterwards repeated the same 15 minutes
Psyco-Motor Vigilance task with their EEG being recorded. Using the proposed

classification model, seven different algorithms were applied. The statistical results showed



that students who had physical activity break showed an improvement in terms of response
time, whereas no significant changes were found in the control subjects. As for the
classification model, among the algorithms used artificial neural networks (ANN) and MVC

were the most successful, with an F-1 score of 88% and 85% respectively [39].

From reviewing the literature, studies that have used machine learning in order to detect
fatigue from EEG signals generally either focus on mental fatigue or driving induced fatigue
[15], [26]. In [40], the authors proposed a system that takes into consideration the non-
linearity of EEG signals to detect fatigue. The proposed system was intended to use
approximate entropy and sample entropy as measures of complexity of the EEG signal. 50
volunteers were required to seat themselves at a distance of 1 meter from a screen while their
EEG and Horizontal and Vertical Electrooculography (HEOG & VEOG) were recorded. The
EOG signal was used along with EEG readings as part of a manual drowsiness detection
process. Using relevant scales, the participants’ subjective SSS scale (sensation seeking
scale) & Karolinska sleepiness scale, and subjective fatigue (Samn-Perelli checklist, Li’s
subjective fatigue scale and Borg’s scale) was measured. Afterwards, participants were
exposed to a stimuli rich driving simulation experience of 15 minutes that was supposed to
provide alert state EEG recordings. After collecting the alert EEG signal for 15 minutes, the
participants started a driving simulation on a generally straight roads with few cars in a
continuous fashion. This straight driving stage continued for 2-3 hours, until EEG indicated
drowsiness/fatigue. Once fatigue stage was reached, the participant continued to drive 15
minutes more, and the EEG signal of this last 15 minutes was considered as fatigue/drowsy
EEG. This signal was further pre-processed by labelling the alert and drowsy EEG by a
psychophysiologist, using blinking shown from EOG (drowsiness blinking period lasts more
than 0.5s) and the EEG signal's dominant frequency, with alpha component being dominant
during drowsiness. The results showed that fatigue EEG has less complexity (Sample
Entropy and approximate Entropy) than alert EEG. Additionally, this difference was more
noticeable on parietal and occipital areas. When 4 channels situated in these areas (P4, P3,
Pz, Oz) were chosen for further analysis of classification using combined entropy's results,
the used SVM algorithm showed average accuracy rates between 88.92% in electrode Oz
and 91.28% in electrode P3, the later had significant differences between two states is 0.022

for approximate entropy and 0.026 for sample entropy. P3 electrode showed the highest



sensitivity (93.67%) yet a relatively small specificity (88.89%). The highest specificity was
reached at electrode P4 (91.11%).

1.3 ANATOMY OF THE BRAIN

The brain is one of the most complex systems, if not the most complex one in the human
body. Unable to fully understand itself, it represents billions of neurons connected to each

other responsible for several cognitive and controlling functions.

The brain occupies the most important part within the central nervous system, which is
consist of main three parts, the brain itself, the spinal cord and the brain stem which connects
the previous two parts. In the next section, we will discuss anatomically the brain's main

parts.

1.3.1 Major Parts of the Brain

Anatomically, the brain consists of three major parts, namely the cerebrum, the cerebellum,
and the medulla oblongata. The cerebrum is responsible for voluntary actions as well as
thinking, reasoning and receiving sensory information from sensory nerves across the body.
It consists of a cortex (gray matter) and an inner layer (white matter). The cortex is further

subdivided into several lobes and will be discussed in the next section.

1.3.2 Lobes of the Brain

The brain’s cortex can be divided into four main lobes, the frontal, parietal, temporal and
occipital lobes. The frontal lobes are the largest of all lobes and is located in the frontal part
of the cerebrum. It responsible for prospective memory used in planning, speech and
language and movement control. The parietal region is posterior to the frontal region, and is
functionally divided into two areas: The anterior parietal lobe and posterior parietal lobe.
The anterior parietal lobe receives sensory signals from the thalamus and is responsible for
interpreting somatosensory signals (touch, temperature, pain etc.) due to the fact that it
contains the primary sensory cortex. The posterior parietal lobe is further divided into two
lobules, the superior and inferior parietal lobules. The earlier being responsible for high order
functions such as motor planning, whereas the later contains the secondary sensory cortex
10



which integrates somatosensory inputs from different regions of the brain with other
modalities to perform complex functions [41].

Although results from functional mapping show that the body is fully represented in both
the primary and secondary sensory cortex, the map of the body in the secondary sensory

cortex is thought to be less precise [42].

The temporal lobe is the second largest and is responsible for many functions. Anatomically
it is divided into a lateral temporal surface and a median temporal surface. The lateral
temporal surface contains several regions that perform functions related to auditory
functions, semantic memory, language, speech, and visual and facial perception. The medial
(mesial) temporal lobe is a memory system responsible for declarative memory. Research is
on-going on which part of the medial temporal lobe is responsible for which subtype of
declarative memory, such as familiarity and recollection [41], [43]. The occipital lobe lies in
the most posterior part of the cerebrum. It is the smallest of the four lobes of the brain and is

responsible for visual processing since it contains the visual cortex.

1.4 ELECTROENCEPHALOGRAM (EEG)

To avoid the surgery operations, there are four possible non-invasive ways by which the
brain recordings can be measured namely: (EEG) electroencephalogram, (fMRI) functional
magnetic resonance imaging, (fNIRS) functional near-infrared spectroscopy, and
magnetoencephalography (MEG). Although other techniques are available, but for a couple
of reasons like the low cost, good temporal resolution and ease of portability, the EEG is
dominated for usage with many different applications like Brain Computer Interface (BCI)
[44]. EEG signals represent the recording of the electrical field signals over the scalp
generated by the brain neurons. These recording only matter if they were generated with
enough potentials and are amplified later on for reasons of display [45]. These signals have
a range of 1 Hz up to around 100 Hz and an amplitude ranging between 10 uV and 100 pV
which makes them very sensitive. They are naturally non-linear and non-stationary and

require a special signal processing techniques to get useful information from them.

Although EEG is originally meant to measure the scalp electrical potentials as a reflection

for the electrical activity of the brain, recent advances have allowed to use EEG to reverse
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the problem, i.e., to generate an electrical map of the brain showing current densities. An
example of such is the Low Resolution Brain Electromagnetic Tomography (LORETA)
[46].

1.4.1 Frequency Spectrum of EEG

Frequencies of the EEG signals are divided onto five bands, namely Delta (0-4 Hz), Theta
(4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz), and Gamma (30-60 Hz) bands [47]. The
division of frequencies into these bands is a result of the limitations of the pre-computer era
the continued later on. The range of each band however may not subject to consistency, and
may vary depending on the machine used and its built in filtering and definitions [48]. In

figure 1.1, the frequency bands in time domain are shown.
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Figure 1.1: EEG Frequency Band Components in Time Domain [49].

1.4.2 Frontal Lobe and Its Theta Activity in EEG

As previously mentioned, the brain’s frontal lobe is responsible for several vital functions.
The fact that the frontal lobe has cognitive functions and higher order control functions and
that these functions' relationship with theta frequency rhythms has been discussed in the
literature can lead to evaluating high powers of theta frequency spectrum in the frontal lobe

as an indication of cognitive activities [50], [51].
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The effect of exercise on such frequencies has been previously referred to in the literature
review section. Studies have shown both reduction in [31], [34] and increase in [32] of theta
activity as a result of exercise. The fact that the type of exercise does affect whether an

increase occurs or not has been shown in [37] and [51].

1.5 EEG AND RESTING STATE

EEG signals are generally taken during resting state. In such an arrangement, electrodes are
placed on the subject’s scalp, with distances between them set according to certain
distribution (such as the international 10-20 system). The resting state EEG and its features

is discussed in the next section.

1.5.1 Characteristics of Resting State EEG

EEG measurements are usually done in a resting state with either eyes open or eyes closed
states, although some studies have reported using EEG during driving [40] and exercise [33],
[51]. Resting state EEG consists of a mix of the previously mentioned low amplitude mixed-
frequency background rhythms, where each electrode (channel) attached to the scalp may
produces a different signal that electrode attached to the scalp may produces a different

signal that consists of a mix of these frequencies.

A 16-channels EEG signal is shown in figure 1.2. During eyes closed EEG, alpha rhythm is
dominant, therefore it is also termed posterior dominant rhythm and is attenuated with the
opening of the eyes. The rhythm is characterized by symmetry across the two hemispheres
in the normal individual and may have many variations based on location and the individual
himself, such as temporal, frontal, and paradoxical alpha rhythms as well as mu rhythms.
Beta rhythms are lower in amplitude and are generally considered a sign of drowsiness.
Theta and delta rhythms are considered a drowsiness sign as well and are also associated
with response inhibition [51]. Theta rhythms and their frontal lobe activity in particular were

discussed in section 1.4.2.
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Figure 1.2: 16 Channels EEG Data [52].

1.6 EEG IN THE TIME AND FREQUENCY DOMAIN

EEG signals are nonlinear time series signals composed of many frequencies. The analysis
of such signals can either be done in time domain or using the frequency domain after
applying suitable transformations. In cases of time domain analysis, non-linear techniques
such as delay differential equations (DDE) [53], sample entropy and approximate entropy
[40] are employed. In case of frequency domain analysis, the signal needs to go through a
suitable frequency transform algorithm. The frequency analysis allows to analyse the power
of different frequency bands in the EEG spectrum, which gives insights on several
physiological and psychological matters. Spectral power analysis is commonly used in
analysing EEG signals as it provides an easier method of analysis. The necessary time-

frequency transformation process is discussed in the next section.
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1.6.1 Frequency Decomposition of Time Series EEG

Several techniques are available for converting the time domain information into the
frequency domain. Generally, these methods offer a trade-off between temporal resolution
and frequency resolution. That is, the larger the epochs (time windows) taken for the
transformation process, the greater the frequency resolution but the poorer the temporal
resolution. Among the techniques that can be implemented for frequency transformation are
Fourier Transforms, discrete and continuous wavelet transforms, Hilbert-Huang transform
and matching pursuit [54]. Using Discrete Fourier Transform (DFT) and its variation Fast
Fourier Transforms (FFT), the signal in frequency domain can be easily obtained. Fast
Fourier Transform is explained in the next section. Wavelet transform is a transform that
uses a variable window size across different frequencies, thereby overcoming a main
drawback of transforms that use fixed windowing which is the fact that they capture the
global spectrum with a specific resolution. A wavelet transform is able to capture localized
frequencies of a signal. Applying a wavelet transform requires choosing a base wavelet such
as Haar wavelet or Daubechies wavelet. The fact that wavelet transforms capture localized
frequency components makes it particularly useful for analysing signals containing
temporary frequency components such as Electrocardiogram (ECG) signals. Applying
wavelet transform for biological signal processing requires choosing a biologically plausible
base wavelet. For the purpose of EEG, the Morlet wavelet is among the most commonly

used base wavelets [55].

1.6.2 Fast Fourier Transform FFT

Fourier transform is a mathematical transform that makes use of the fact that any signal can
be decomposed into a sum of sinusoidal signals with different frequencies and amplitudes.
The Discrete Fourier Transform (DFT) is a version of the Fourier transform that is
implemented to transform discrete and periodic signals. Particularly, the DFT of a discrete

time signal can be computed as per equations 1.1 and 1.2.
Re X[i] = Sigma x[j] cos(2mij/N) (1.1)

Ime X[i] = Sigma x[j] sin(2mij/N) (1.2)
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where Re X is the real part of the frequency spectrum, Ime X is the imaginary part of the
frequency spectrum, N is the number of samples of the discrete time signal, j is the discrete

signal's sample number, i is the discrete output’s sample number.

The computational complexity of the DFT can be represented as O(N?), which indicates that
the complexity exponentially related to the length of the signal (N). It is possible to reduce
this complexity into O(Nlog2 (N)) using the FFT thereby increasing computational speed
drastically [56].

Fast Fourier Transform (FFT) is a computationally efficient and modified algorithm. It uses
the fact that the DFT of a signal of length N can be rewritten as the DFT of two signals of
lengths N/2, one containing the even points and the other containing the odd points. If F(y)

represents the FFT of the function f(x), then FFT is defined as in equation 1.3.
FO) =) fGowl+ )  fGowd 13)

for y=0,...., X—1, Xeven and X odd are corresponding to the even and odd EEG
sample of f(x) function, w = exp(—2xj/X) where j is the imaginary fraction and X =
3.14.

1.7 TIME SERIES AND ENTROPY

Time domain analysis of nonlinear time series signals such as EEG signals require the usage
of methods able to deal with the non-linearity. Entropy is a measure of repeatability and
predictability (and therefore uncertainty) in a signal [57], [58]. The several types of Entropy
and the procedure to calculate the Sample Entropy (SE) for EEG signals are discussed in the

next sections.

1.7.1 Entropy and Its Types

Entropy has several types, including Approximate Entropy (AE), Sample Entropy (SaEn),
Differential Entropy (DE), Permutation Entropy (PE), Fuzzy Entropy (FE) and Multiscale
Entropy (MSE). AE was first developed by Pincus in order to analyse complex and nonlinear

systems. It was meant to measure regularity in time data series, particularly those with
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stochastic components [59]. By tuning two parameters, namely the number of data points
to compare (m) and a filtering level (r), a model independent measure of regularity can be

reached.

SaEn was designed with the capabilities to overcome issues that AE didn’t. First, AE does
not guarantee a relative consistency. Second, its result depends on the data series' length.
SaEn on the other hand provides relative consistency and is generally independent of the
length of the signal. The method of calculating SaEn is discussed in the next section.

1.7.2 Calculating Sample Entropy

SaEn was developed as an improve of AE, and the function of it represents a negative
representation of logarithmic that two time series sequences of the length m of certain data

type points stay similar for the next m+1 points can be calculated using the next shown in

equation 1.4
X
SaEn(m,r,n) = —In (—) (14)
Z
values of X and Z are defined as follows in equations 1.5 and 1.6:
¥ - ([(n -m—1)(n- m)])Xm(r) (1.5)
2
(1.6)

Z:Cm—m—nm—mn

20 ml)

In this context, X™ () is the possibility that the intended two signal or data sequences stratify
for m + 1 of points, and Z™(r) is the possibility that the wanted two signal or data sequences
stratify for m of points, the length of sequences to be compared is m, and r is the value of
tolerance for accepted matches, n is the length of time series data. The choice of m and r is

not a subject of consensus for short biological data sets.

Yet in clinical data, and by many studies, values of m and r gives better statistical validity

within specific ranges. For m, it is commonly set to either 1 or 2, while r tuned between 0.1
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and 0.25. As though, in our study we set m value to be 2, whereas r is chosen to have 0.1

value of the standard deviation of the entire data set [58], [60].

1.7.3 Sample Entropy of EEG

Entropy analysis for brain signals unveils the complexity of the signal under study. It has
been utilized for several fields such as consciousness level analysis and prediction, emotion
recognition, aging brain analysis and quantifying the processing of information within the
brain’s network. Such applications have shown promising results opening new research

opportunities.

Sample entropy analysis of EEG is coupled with Multivariate Empirical Mode
Decomposition (MEMD), a process used to decompose a complex time series into intrinsic
mode functions (IMFs), which define upper and lower envelopes in which all data should lie
[61], [62].
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2. MATERIALS AND METHODS

In this chapter, it will be talking about the type of data which have been used in our proposed
system work, the way it was collected, the data cleaning procedures applied during the
experiment steps. Besides that, the pre-processing methods applied to clean noises, artifacts
and other extreme undesired signals encountered during the signal acquisition process is
discussed. Furthermore, it will discuss the feature sets which have been extracted and fed to
classification models, along with explanation of each classifier used during the work. The
lactate enzyme is explained in the last few pages of this chapter showing its role and the
levels reported during the experimental steps. Finally, the proposed prediction system is

explained with explainer paragraphs showing the technical components and procedures.

2.1 EEG DATA

The data used for the study purpose of this dissertation was collected and provided from the
side of Assoc. Prof. Dr. Adil Deniz Duru (co-advisor of the thesis, Ethical Review Board of
the faculty of Sport Sciences, Marmara University), available through a reasonable request.
The following section shows the way by which data were collected. During the intended
experiment, and before performing acute exercise, measurements represent the lactate
enzyme level were collected from 9 members of elite level karate athletes from Turkish
national team. These lactate measurements represented the initial physical status of subjects
and were assigned as a not-tired state indicator of the participant [10]. These measurements
were found and reported to have low values at the baseline, around 2 millimol/L as reported
and approved by the Ethics Committee of Medical Faculty, Istanbul Arel University, by the
document numbered (2016-06).

Before doing the exercises related to experiment, subjects have been asked to close their
eyes and rest on a chair for 3 minutes steadily and quietly while not thinking about anything
as possible. Then they are asked to perform a test of Backward Digit Spanning by selecting
any three-digit number and start subtracting a 1-digit odd number, number seven for
example. The data collecting procedure begins by using EEG data acquisition tools,
BrainAmp amplifier of a 1000 Hz sampling rate attached to 16 channels of the subject’s
brain, namely Fz, Fpl, Fp2, F3, F4, Cz, C3, C4, T7, T8, Pz, P3, P4, Oz, O1, O2 with a dry
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type of electrode caps. These initial EEG recordings are measured and reported representing
not-tired class (low-lactate enzyme).

The next step is to measure the second class that represents semi-tired state of the subjects.
Every subject is ordered to perform in separate sessions an acute exercise of short time. What
distinguishes these exercise sessions is that they are of a moderate intensity. They are done
by doing 20m Shuttle run test, which is an exercise of an incremental pace used to find out
the human’s body maximum oxygen consumption ability. It is very important measure to
test the aerobic endurance of athletes and involves running for a distance of 20 meters while
running pace increases, meanwhile the time allotted for each run decreases as the test stages

in progress [63].

The Rated Perceived Exertion RPE test is used at this stage to evaluate the subject’s tiredness
level. It is achieved by asking the subject, without interrupting the exercise, about his or her
level of tiredness they feel have been reached [64].

In the next stage of the experiment, subjects had taken a 1-minute resting period followed
directly by further four lactate enzyme measurements successively every 2 minutes. These
measurements were found to have higher values than the previous ones made in the first
stage. These measurements were found to be between 4 and 5 millimol/L. In the meantime,
following to lactate measurements, EEG signal acquisition was made with keeping eyes
closed condition for 3 minutes. These recordings were saved and assigned to be reflecting a
state in which, subjects have reached a certain tiredness condition, at which they start feeling
a moderate tiredness level. This stage of experiment reflects a semi-tired level at which
subjects report a higher level of tiredness by RPE test. As the exercise advances, subjects
reach a level of tiredness and they start reporting level 16 of RPE test in agreement with
BORG scale, which means that they got exhausted and feel a need to get rest [65].

Following a 1-minute period of resting on a chair, a group of more four lactate enzyme tests
were made with 2 minutes separate period between them. Measuring lactate enzyme levels
at this stage was found to report high values between 10 and 14 millimol/L. After that, and
with eyes closed, EEG signals recordings were collected for 3 more minutes. These
measurements will denote another subject’s physical tiredness level related with lactate

level, reflecting very tired class.
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The recorded EEG signal are highly contaminated time series data and very sensitive,
because they encounter artifacts and noise caused by different body and facial muscles
movement or eye blinking. Therefore, and before doing any data processing task, prior to
and after-exercise data were considered for artifact removal and noise cleaning pre-
processing techniques in the goal to get clean and organized data. This includes removing
unwanted data epochs, especially those of extreme values which exceeds amplitude more
than 100 uv in some channels. Band pass filtering is one of the signal pre-processing
techniques used to achieve band pass filtering goal and the resulting clean data was provided

to the next experimental stage.

In the first phase of the work, we had used the data that represent only two of the three classes
denoting and trying to differentiate between tired or not-tired status of the subjects (lactate
level high or lactate level low), while In the second phase we tried to classify between all
the three classes we had on hand, not-tired, semi-tired or very-tired that reflects one of the

subject’s physical status.

2.2 PRE-PROCESSING EEG RAW DATA

As the recorded EEG data had a high artifacts and noises value, they must be cleaned and
organized in a form suitable for the next stages in the proposed system using pre-processing
techniques. The applied pre-processing techniques had utilized the EEGLAB tool kit version
2019.0 attached with the MATLAB software version R2018a. First of all, the data recording
was saved in a form of (.eeg) files, which are a special MATLAB data structure that contains
all the related information of current EEG data container (dataset). So, we have firstly
imported the raw EEG data by specifying the computer’s driver location in which (.eeg) file
was stored. After loading the data, the first thing to do is removing the linear parts from the
signal, which will remove the baseline data from all the data channels included within
recordings. This will make data free of the DC offset before performing any filtering,

otherwise it is going to make artifacts at each channel data [66].

The data pre-processing continues by applying high-pass filtering to data with 0.5 Hz

frequency boundary, as it is necessary to give a good quality data. Besides, the low-pass

filtering is also applied at 50 Hz frequency boundary to remove high-frequency noises from

data. The data may encounter extreme signals in some channels that have more than 100 Hz
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frequency values and should be removed entirely as they do not refer to any useful EEG
data. Furthermore, data can be contaminated with undesired periods of distortion caused by
some human mistakes during experiment or electrodes misconnections. They appear in a
form of scrambled signals that lasts for a few seconds within the data plotted using the
Channel data(scroll) function from Plot menu tool in the application as shown in figure 2.1
below.
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Figure 2.1: Sample 5 Seconds of Contaminated EEG Data.

After performing the required signal pre-processing steps, we will get a clean and semi error
free EEG recordings as shown in figure 2.2. Now, the corresponding data are arranged to
form a 2-dimensional data structure that has 18 columns correspond to each channel and a
few thousands of rows that represent data instances collected over time by the BrainAmp
amplifiers with 1000 samples per second. These data structures are called data sets which
are a special type 2-dimensional data arrays.
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Figure 2.2: Sample 5 Seconds of Clean EEG Data.

2.3 CLASSIFICATION ALGORITHMS

Classification is the main step in the machine learning pipeline. It involves using one or more
classification algorithm. A self-developed MATLAB routine was used to calculate the power
of the different frequency spectrums of the EEG data. The data then was fed into several
classification algorithms, namely K-Nearest Neighbour (K-NN), Decision-Tree (DT),
Support Vector Machines (SVM), and Linear Discriminant Analysis (LDA) are discussed in

the following sections.

2.3.1 Decision Tree (DT)

Decision trees are a type of supervised classification algorithms that divide the classification
problem into a subset of less complex problems, a process which is repeated to the subsets
as well until a multi-node tree is formed [67]. In a decision tree, each nonterminal node
represents a test for a particular feature fed into the algorithm as the classification criterion,
nodes resulting from other nodes (branches) are the results of such a test, whereas the
terminal nodes hold a label for a feature class. An example of a decision tree is shown in
figure 2.3 below. It supposes a customer prediction of being highly to buy or low to buy
product from a proposed electronics market upon certain criterions. In this process, and in
the root (first top) node of the tree, it will check whether customer age between 20-40, if not,

he is low probable to buy. If so, then system check whether he has an active job, if not, then
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he is low probable to buy. If yes, then it is checked whether he receives a salary equal or
more than 10008, if no, then he is low probable to buy, but if yes then system checks whether
he shown previously high interest in a certain group of products. If yes, then he is high
probable to buy, if not then checks whether he had bought enough product or products within
the last six months from the market. If yes, then he has high probability to buy, else, he

shows low probability to buy.
Ape 20-40 yvears
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L |
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no yes
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Figure 2.3: Decision Tree Construction to Predict Two Classes High Buy or Low Buy.

The process of creating subsets uses a metric function to evaluate the split resulting from the
test nodes. Such metric functions include Gini index and information gain. Gini index
measures the degree of impurity of the data, such that a Gini value of O represents complete
purity, whereas a Gini value of 1 means completely impure. It is defined as the sum of the
squares of the probabilities for a data element to belong to a class Ki., for all data values n,
as shown in equation 2.1 below:
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Gini(Dat) = 1 — Y Pi? (2.1)
Where Pi is the probability that a data sample in Dat belongs to a specific class Ki.

Information gain on the other hand is a feature selection tool that captures the degree of
importance a classification attribute carries. In other words, it captures the attribute with the
highest weight (gain) in determining the class of the data, thereby minimizing the amount of
attributes needed for classification. Mathematically, it is defined as the negative products of
the probability of a test data i to belong to a class Ki with the base 2 logarithm of that

probability, summed across all data points, as shown in equation 2.2 below:
Info(Dat) = =Y.Pi log2(Pi) (2.2)

Among the two attribute selection measures introduced above, Gini index is the measure that
imposes a binary shaped tree, whereas using information gain does not necessarily produce

two result nodes out of each test node.

The process of creating the appropriate decision tree classifier involves the step of induction,
which is don through one of three well known algorithms, C4.5, ID3, or CART. This process
creates a flow chart like a construction of steps within which internal and external nodes are
created. In the classification task, any test of an attribute stands for an internal node creation,
whereas the output of that test stands for a tree branch creation, while the result of class
distinguishing stands for external node creation. For example, the process of constructing a
decision tree using the C4.5 type algorithm can be shown below in figure 2.4.
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Figure 2.4: Construction Decision Tree Using C4.5 Algorithm.

2.3.2 K-Nearest Neighbour (K-NN)

In order to classify certain invisible data to the classifier to one particular class, K-Nearest
Neighbour (K-NN) algorithm uses the neighbouring data points, K-number of neighbouring
points, to assign a class to the unknown data point. The algorithm measures the difference
between a data point and a K-number of neighbouring points surrounding it using distant
metrics such as Euclidean distance given in equation 2.3, which defines the distance d that

separates between two points k and [ as below:

diy =/ (i = din)? + (diz = diz)? + -+ + (diom = dim)? (23)

After distances are obtained, the data point is assigned to the class that has the greatest

number of points among its neighbours and said to be belonging to that type or class.
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2.3.3 Logistic Regression (LR)

In order to compare two or more explanatory (independent) variables in terms of their effect
on a dependent variable, logistic regression is utilized [68]. Logistic regression is makes use
of the odds ratio (OR), which represents the ratio between the odd of a dependent event to
occur in case an independent event occurs and the odd of the same event to occur if the
independent event does not occur [69]. Mathematically, OR is calculated as in equation 2.4

below:

odds of the events in the dependent group (2.4)

~ odds of the events in the independent group

In logistic regression, ORs are used to find the cofactors of the logistic regression’s binomial,
which relates the probability of an event to occur to each independent variable in the
binomial as per equation 2.5

T
log (m) = By + Byx1 + Byxy + - Bpyxpy, (2.5)

2.3.4 Linear Discriminant Analysis (LDA)

Linear discriminant analysis is a linear and supervised classification technique that aims to
find a set of features (discriminant) that help with the process of differentiation between
different classes. Using Bayesian probability theory, it estimates the output probability using
the input and may be used as a dimension reduction technique. LDA projects features from
lower dimensions to higher dimensions. The mathematical basis of Bayesian probability is
utilized in LDA by using the probability of each class as well as the probability of a data
element to belong to a certain class. Equation 6 shows the mathematical representation of

the Bayesian probability theory:

P(BNA) P(A|B)P(B) (2.6)

P =5m = P

Where P(B|A) is the posterior probability or conditional probability, which is the probability
of B provided that A is true. P(B) is the initial probability of B, which is known as the prior,
P(A) known as the likelihood.
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2.3.5 Support Vector Machine (SVM)

Similar to LDA, Support Vector Machines (SVMs) transform information from lower
dimensions to higher dimensions. This process is used using a nonlinear mapping algorithm.
In the new dimension the points are separated into classes using a linear separation decision
boundary which is found by searching for the optimal boundary that creates the largest
distance possible between data point of different classes.

The number of features to be classified determines the dimensions of the boundary. A binary
feature classification problem requires a 1-dimensional line as a boundary, whereas
classifying three features requires a plane (2-dimensional) as a boundary. Classifying more
than 3 features would require a multidimensional boundary: a hyper plane. As an example,

first we define a classifier of a linear type as per equation 2.7:
f(x) =sign(z"x + a) (2.7)

where, z is a vector of N dimension and a is a scalar.

With the assumption of f(x,) = +1ify, = +1and f(x;) = -1 ify, = —1 , when we
take a signal x; (k = 1,2,3,...,N) as an input and want to classify between two classes,
yx = +1 class for positives and a class labeled y,, = —1 for negatives. The best solution
provided by SVM is to find the hyper plane that defines the maximum distance from the
closest point in both positive and negative sides, which is known as the maximum margin as

in figure 2.5.

To find that best hyper plane, we will assume a hyper plane p is defined through z and a
being group of points such as in equation 2.8:

Pza = [x | z"x + al (2.8)
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Figure 2.5: SVM Maximum Margin Construction.

Now, we have to define the margin s as to be the distance from any point X on both sides
to the separating hyper plane p, then x,. = x — s is the extension of the point x onto the

hyper plane p.

Then distance s can be found such as s = a z, as s is known to be parallel with z, for a €

R, and as x, € p so we replace for x,. value and get equation 2.9 below:
zlx, +a=0 (2.9)

Plugging the definitions of x, and s into the previous equation will lead to find value of a

as equation 2.10 below:

zTx +a (2.10)
zTz

a =

Finally, the distance s is found as in equation 2.11:

zZlx+a (2.11)
z

S =
zTz
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2.4 PERFORMANCE MEASURE METRICS

Measuring the performance of our study findings is a step towards interpreting the research
findings as well as objectively evaluating the research work done. Such measurement makes
use of several statistical metrics, some of which will be discussed in the next sections. These
metrics directly or indirectly use the number of true positives (TP), false positives (FP), true
negative (TN) and false negatives (FN) which are representing the classification model
results after applying the required input data samples. TP samples are denoting the positive
values from the test part of the input data that were correctly classified by the model, the FP
on the other hand denotes the positive values were wrongly classified using the model,
whereas the TN denotes the negative of test data values of which were classified correctly,
where FN denotes the negative values which were falsely classified. The following
confusion matrix which represents a two classes problem and include all the previous

concepts is shown in Table 2.1 below:

Table 2.1: Confusion Matrix of Two Classes Problem.

Predictions
Class 1 Class 2
Actuals Class 1 TP FN
Class 2 FP TN

2.4.1 Accuracy

The classification model accuracy is the percentage of the test data set samples which were
predicted to be one of the classes correctly. The accuracy is defined such as in equation 2.12

below:

| ) TP + TN 2.12)
CCUracy = Tp ¥ TN+ FP + FN
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2.4.2 Sensitivity

Sensitivity is measured as the ratio between the true positive (TP) and the sum of true
positive and false negative (TP + FN), thereby represents the possibility of getting a positive
result. Mathematically, it is expressed as shown in equation 2.13 below:

Sensitivity = P (2.13)
" TP+ FN

2.4.3 Specificity

Specificity is complementary to sensitivity. It measures the possibility of getting a negative
outcome by taking the ratio between the true negatives and the sum of both true negatives
and false positives. The mathematical expression of specificity is shown in equation 2.14

below:

TN (2.14)

Specificity = m

2.4.4 Precision

Precision, or confidence, is the ration between true positives and all positives (true and false).
It is a direct estimation of the ability of the test to properly identify the positive cases.

Mathematically, precision is given as per the equation 2.15 below:

TP (2.15)

p . . -
recision TP + FP

2.45 ROC Curves

Receiver operator characteristics (ROC) curves are curves constructed by plotting the
specificity of a test on the x-axis and its sensitivity on the y-axis. Such curves show the
discriminative capability of the test and are also required for calculating the area under ROC

curve (AUC). The closer the ROC curve is located to the top-left corner the better the
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discriminative ability of the test is [70]. Figure 2.6 shows an example of plotting ROC curve

for a proposed classifier.
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Figure 2.6: ROC Curve for SVM Classifier.

2.4.6 F1-Score

F1-Score represents the combination that gathers both recall and precision in one graph and
shows the balance between them. It is one measure that gives a good visual insight about

classifier performance. F1-Score is defined in equation 2.16 below:

2% TP (2.16)
2+TP + FP + FN

F1 — Score =

2.5 EEG FEATURE SET

EEG signals are time-series signals composed of several frequencies. As a biological signal
of high non-linearity, frequency analysis of EEG provides an easier insight to the signal. The
Power Spectral Density (PSD) is used to obtain information regarding the different
frequency bands, therefore the spectral power of each band can be used in classification
algorithms as a feature. On the other hand, time series analysis of EEG signal is achievable

through using one of the several types of entropy. The different entropy types may therefore
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be features of interest during classification. The above-mentioned features are considered
among the set of calculated features used as input to the classification process which also
include wavelet decomposition and statistical measures of the signal. It should be mentioned
that calculated features are not the only type of features used for classification, since EEG

generated spectrogram images and EEG signal strength are also used in classification [17].

These two sets of features have been used as a comparison parameter to study the ability of
our suggested system to differentiate between different subject physical tiredness states
reflected by the lactate enzyme blood levels. The EEG frequency Band Power (BP) feature
was the first set to be extracted, studied and reported in a published research paper[71], while
Sample Entropy (SaEn) was the second feature extraction method in our study. The
following sections show the employment of both BP and SaEn into the classification
algorithms was achieved.

2.5.1 Three Classes Applied Features

To find whether we can use our system to identify not only between two classes, high-lactate
and low-lactate that reflect the physical tiredness status of the subject respectively, but also
three classes lactate-level-high, lactate-level-mid, and lactate-level-low. we brought the
desired data set and applied required feature extraction methods that most fits with our
intended goal. Besides the BP feature mentioned in the previous section, SaEn as a measure
of uncertainty that was extracted and employed offering the opportunity to utilize it as a
classification feature revealing the time series information carried by the EEG signal. It
represents a statistical measure for the time series signal complexity. The formula used to
calculate SaEn is detailed in section 1.7. Sample entropy provides advantages over some
other types of entropy particularly approximate entropy as previously discussed. It
eliminates self-matching, more consistent and less dependent on data length. Sample data

from both BP and SaEn feature sets are shown in figures 2.7 and 2.8 respectively.
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Figure 2.7: Three Classes BP Feature Sample.
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Figure 2.8: Three Classes SaEn Feature Sample.

2.5.2 Two Classes Applied Features
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EEG signals are known to include valuable information in its frequency domain. The Power

Spectral Density (PSD) of the EEG signal provides information about the power of each

frequency band, which is associated with different types of physiological and psychological

activities [72]. By utilizing the band power feature of the EEG signal which is a non-

stationary time-series sequence, the power spectral density PSD describes the energy

distribution of the EEG bands intensity [73]. As previously mentioned in section 1.6, FFT is

used to obtain the frequency information and therefore powers of different frequency bands

from the EEG recordings. It provides the frequency representation for the EEG bands,

namely Delta, Theta, Alpha, Beta and Gamma in the frequency domain. It divides the input
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signal into equally spaced samples and outputs the frequency spectrum according to equation
2.17 below:

< (2.17)
X(f) = fx(t)ewdt

— 00

Where X(f) is the output in frequency domain, x(t) is the input in time domain, w is the
complex exponent that equals to 2mjft, where f is the frequency and t is the time. Band
power has been found to offer promising results in several BCI applications, particularly for
those intended for the emotion recognition [74].

With this feature set, and after applying suitable data pre-processing and artefact removal
techniques that led to a clean EEG data set, we used a MATLAB routine to extract the
intended data feature set that represent low-lactate and high-lactate within the two stages,
pre-exercise and post-exercise. These feature sets then combined in a form of data structure
called dataset. It is a 2-dimensional data array of 7759X80 dimension. The first number
(7759) denotes the count of data samples collected over time, within each one contains
details about the BP feature for all the 16 channels. Each channel with five band contains a
feature then 16 multiplied by 5 leads to 80 features. On the other hand, the last column in
the feature set will represent low-lactate before exercise denoted by digit “1” in the file,

while digit “2” denotes high-lactate after exercise.

2.6 LACTATE DEHYDROGENASE ENZYME (LDE)

Lactate Dehydrogenase Enzyme (LDE) is an enzyme that enhances the transformation of
pyruvate, which generated from the glycolysis of glucose in the body [75], into lactate as
well as converting nicotinamide adenine dinucleotide (NAD)H to NAD+. This process
naturally occurs during generation of the adenosine triphosphate (ATP), which is considered
the fuel of the cells. The generation of LDE and its usage as an indicator for fatigue is

discussed in the following sections.
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2.6.1 Glycolysis and Lactate Dehydrogenase Enzyme

Generation of energy in the human cells -and in other creatures in general- is a multi-phased
process involving the conversion of glucose into energy (particularly into adenosine
triphosphate or ATP) through aerobic combustion. The process in conditions where glucose
Is abundant involves converting pyruvate generated from glycolysis into acetyl-CoA, which
in turn is used to fuel the formation of ATP through oxidation. ATP generation using
glycolysis involves converting glyceraldehyde 3-phosphate (GADP) to D-1,3-
bisphosphoglycerate (1,3BPG) using nicotinamide adenine dinucleotide (NAD+). Since
NAD+ is formed through an oxidation process, situations where oxygen levels are low
obstruct NAD+ production. This in turn is a signal to start using anaerobic glycolysis as a
main source for ATP generation. During anaerobic glycolysis, LDH helps NAD+ production
to take place without the presence of oxygen by converting NADH into NAD+ and lactate

is generated as a by-product [76].

Since LDH is produced during hypoxic situations in the cell, it can be used as an indicator
of the severity of exercise and degree of exhaustion. LDH level is measured through various
samples taken from the subject, including serum, plasma, tissue, and cell samples. Care is
required when taking the measurements from serum and plasma as erythrocytes in the blood

may release LDH on rupture, thereby showing a false increase.

2.6.2 Evaluation of Lactate Dehydrogenase Enzyme

The lactate dehydrogenase enzyme measurements which have been done along the
experimental steps was reported and found to have an increase pattern from the start until
the end of exercise sessions, and after a period of rest it starts to decrease going again to be
near from the first measures but with a slower pace compared to its first increase pace. Within
the first 2 minutes, it was reported to have values ranging between 1 - 4 millimol/L, and in
the second 2 minutes it was ranging between 2 - 6 millimol/L and so on until it reaches the
highest range between 4 - 14 millimol/L within the period from 8" minute up to 10" minute.
These measures were reported in the period of rest following the completion of exercise
session after the 10th minute as follows, they ranged between 3.5 - 13.5 millimol/L within

12 and 14™ minutes, while found between 2.5 - 13 millimol/L within minutes 16" and 18™".
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These measurements infers the fact that the lactate dehydrogenate enzyme has a tendency to
increase significantly affected by the sessions of acute exercise and maintain its high levels
in the blood for an obvious period of time of many minutes, while it starts to decrease derived
by a multiple minutes period of rest but with a slower pace compared to its increase pace
which makes it a desirable indicator of physical tiredness level to be studied and utilized
together with the EEG signal recordings, in contrast with other factors that can affect and
cause an increase in the enzyme levels like fear or mental disruptions, within which the
lactate enzyme takes further time to decrease and go back to its original state. These
measures where used to evaluate the results and findings of our study that illustrates the
rising levels of lactate enzyme impacted by acute exercise sessions, which were reflected by
the differences observed on some features of EEG signal. These findings were verified and
found to be in agree with the reported values of lactate enzyme levels, low before exercise,

moderate during exercise and high after exercise.

2.7 PHYSICAL TIREDNESS CLASSIFICATION SYSTEM (PTCYS)

Our study focus was to build a machine learning based system that takes EEG recordings as
an input and use them as a factor to discriminant different physical tiredness status of human
body. The system was proposed to consist of multiple steps as follows in figure 2.9. The first
system step involves using the collected EEG signals from the subjects while they are in a
resting state and sitting in a calm fashion on resting chair for multiple minutes. Then they
are asked to do a simple test of backward digit spanning. The recording of EEG signals was
made with 1 KHz sampling rate using the BrainAmp ExG amplifier and a 16 channels scalp
helmet with dry nodes. The environmental condition of recording assured by having it take
place in a dark room with lights off and occupied with sound and light isolation to prevent
any disruption to the recorded signals. The next step involves taking the raw EEG data
recorded in a specialized form of different size file that reflects how time series signals are
filled with information along with many contamination artefacts. This makes the demand to
use suitable signal pre-processing techniques to get a clean version of recorded data and
make it applicable and usable for the next experimental steps. These techniques involved
removing extreme data signals that exceeds the 100pV boundary in value. Furthermore, the
low-pass filter was applied to exclude the data parts and make use of the useful EEG five

bands, Delta, Theta, Alpha, Beta and Gamma which do not exceed 50 Hz boundary in
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frequency and crop any frequency above that. To get different components of EEG frequency
bands separated from each other, a specialized decomposition routine has been developed
and applied with the help of MATLAB application which gave us opportunity to make data

ready for the rest steps of the experiment.
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Figure 2.9: Physical Tiredness Classification System PTCS.
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3. EXPERIMENTAL RESULTS AND DISCUSSION

3.1 EXPERIMENTAL RESULTS

In the context of results gained from our experimental steps through the study, we will divide
them into two stages, first one involves results related with two classes prediction, and the
other with the three classes prediction tasks as explained in the next sub-sections.

3.1.1 Two Classes Feature Results

In this part of thesis, we discussed the use of only two classes from that data, while all the
three classes will be discussed in the next section of this thesis. We applied the following
three classifiers: K-NN, DT and LR, to examine the performance measure over this dataset
in terms of, accuracy, sensitivity, specificity, precision. These classifiers were discussed in
section (2.3), while the performance metrics were discussed in section (2.4). The steps of
our experimental work involve training the classification models with 80/20 train-test split
ratio, that is 80% of data is considered for training the classifiers, while considering the rest
of 20% as a testing data. The K-fold cross validation is used with K=5 folds to evaluate and
assess accurately the performance of the classifiers when applied against the test data
portion. A self-developed code which has been written using Matlab programming language
that offers required functionality for the proposed model, was used to achieve the results. A

sample of the two classes band power feature set is shown in figure 3.1 below:
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Figure 3.1: Sample of Two Classes Band Power Feature Set.

3.1.1.1 Accuracy results

Using the extracted band power feature and feeding them as an input to the classification
models, using the Matlab imbedded machine learning application, showed a significant
enhancement in terms of accuracy score of the classifiers. These finding results are listed in
Table 3.1 below:

Table 3.1: Different Classifiers Accuracy Scores.

Classifier LDA LR DT K-NN

Accuracy% 50.5 70.0 98.0 98.4

The predictions of all the classification models, DT, K-NN and LR are shown in figures 3.2,
3.3, and 3.4 respectively.

As can be seen by the results listed in Table 3.1, the classification result for K-NN have been
reported scoring best than other classifiers with 98.4%, followed by the DT and K-NN
classifiers which had scored 98.0% and 70.0% respectively. Another classification model

has been applied but showed a relatively low accuracy scores, LDA with 50.5%. This can
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be related to the data nature with which, a linear model like LDA that lacks the ability to
find a good balance between the bias and variance to fit best with data and give the desired

daCccuracy score results.

9 —
8 -
- °
61 °
T 5 .
o
4l .
[ ]
i ge T
n L ® e
2 ® ® ..o . c..‘.. o .,
% . .Q‘.' © o ®
' ¥ ~° "‘..“.' °
0 &
0 2 4 6 8 10 12 14 16 18
CH1
Figure 3.2: DT Model Predictions.
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Figure 3.3: K-NN Model Predictions.
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Figure 3.4: LR Model Predictions.

The above observations infer the high ability of the proposed system of feature extraction
and selection by applying FFT to the EEG resting state data identifying the different physical
tiredness states which is reflected by two classes, lactate-level-high and lactate-level-low.
These findings show what we assume the best results in this field in the literature when
utilizing machine learning techniques to investigate the athletes fatigue state before and after

doing a single bout of an acute exercise session.

3.1.1.2 Sensitivity and precision results

Along with accuracy, we have used another two measures to clarify more precisely which
classification model is better, these were sensitivity and specificity. As shown in Table 3.2,
sensitivity and specificity results show that K-NN model had scored better for identifying
true values of both classes, followed by the DT model and lastly the LR model. These results
give the good impression about using K-NN as a good model with a high ability for correctly
predicting true positive values (lactate-level-low) rate, as well as for correctly predicting true
negative values(lactate-level-high) rate, that is the specificity measure. In contrast to K-NN
and DT, the LR model had shown lower rates for predicting true positive and true negative

rates.
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Table 3.2: Different Classifiers Sensitivity and Specificity Scores.

Classifier LR DT K-NN
Sensitivity% 76.5 97.2 98.8
Specificity% 64.0 94.2 97.0

Precision on the other hand tells us about the percentage of the lactate-level-low values that were
predicted correctly and they we truly like so. The K-NN again over scores models as in Table
3.3:

Table 3.3: Different Classifiers Precision Values Distribution.

Classifier Total 3867 3893 7760
Low-level-lactate 3790 76 3866
K-NN Actual class | High-level-lactate | 77 3817 3894

Low-level-lactate | High-level-lactate Total

Predicted class

Total 3867 3893 7760
Low-level-lactate 3790 76 3866
DT Actual class | High-level-lactate | 77 3817 3894

Low-level-lactate | High-level-lactate Total

Predicted class

Total 3867 3893 7760
Low-level-lactate 3790 76 3866
LR Actual class | High-level-lactate | 77 3817 3894

Low-level-lactate | High-level-lactate | Total

Predicted class
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3.1.2 Three Classes Feature Results

3.1.2.1 Band power sample features visualization

As our proposed model had used the band power feature extraction method to extract best
discriminant criterion that distinguishes between two classes of the used dataset in the first
experimental stage, here we had used the same method, but this time with three classes of
the used dataset. The goal set for this stage is to find whether the band power feature will act
well to discriminate between lactate-level-high, lactate-level-mid and lactate-level-low cases
which reflects the three types of athlete’s physical tiredness states, namely tired, semi-tired
and very-tired encountered and reflected by the levels of lactate enzyme measures in the
blood after performing a single bout of an acute exercise session. Firstly, in figure 3.5, it
shows a sample from the three classes dataset and how it is distributed visually when plotted

by using the plot function included in the Classification learner application in Matlab tool.
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Figure 3.5: Sample of Three Classes Band Power Feature Set.

In this stage, we applied the DT, LDA, K-NN, and SVM classifiers to examine the
performance measure against this dataset in terms of accuracy, precision, recall and F1-
score.The same procedure which was applied with two classes, experimental work in this

stage involved using the same train-test split ratio of 80/20 to use the majority of the dataset
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instances as a classifier model train data (80 %), while using 20 % to test the classifier ability
to discriminate and correctly classify the unseen data instances in the same dataset, or even
against a foreign EEG dataset. The proposed model performance assessment step, and for
comparison reasons was performed using two different K-fold-cross-validator values, firstly
with K=5 and later with K=10 folds applied against the results of classifier models result.
We had used the same Matlab code machine learning app as with two classes to extract,
select and feed feature set data to the model. Using the band power feature gave us the good
model score results we were waiting for in terms of accuracy, precision, recall and F1-score
with variations between applied classifiers. These classifiers with their predictions for all the
DT, K-NN, LDA and SVM models can be viewed in figures 3.6, 3.7, 3.8, and 3.9

respectively.
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Figure 3.6: DT Model Predictions of Band Power with Three Classes.

45



CH2

500

400

300

200

100

0 200 400 600 800 1000 1200 1400 1600
CH1

CH2

Figure 3.7: K-NN Model Predictions of Band Power with Three Classes.
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Figure 3.8: LDA Model Predictions of Band Power with Three Classes.
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Figure 3.9: SVM Model Predictions of Band Power with Three Classes.

3.1.2.2 Band power accuracy and other measures results

Using the linear feature set, band power, our proposed system was evaluated for its ability
to predict lactate enzyme levels in the athlete’s body. The pre- and post-exercise measures
of lactate enzyme where reported differ widely. They were within the 1-3 millimol/L range
for lactate-level-low class, while the post exercise was between 5-8 and above 10-13
millimol/L ranges for the lactate-level-mid class and lactate-level-high classes respectively.
When applying this feature set, models had shown a significant score results in terms of

accuracy, precision, recall and F1-score.

Application of different models’ classification metrics were showing that K-NN over scored
other models. With k=5 for the model accuracy cross validation where the data fed to the
model was splitter into 5 folds, with band power feature accuracy was reported in its highest
values by using the K-NN, followed by the DT whereas LD and SVM came lastly showing
the most least performance score. Accuracy was above 99% for the high-level class, as well
as for the mid and low-level classes. Secondly, the DT model followed K-NN with results
above 98% for the low-level class, whereas scores reported lower for both mid and high class
with 97%. The LDA had achieved moderate results with more than 95% with high and mid
class, but achieved lower with 93% for the low class, while the SVM showed the lowest
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score results and were ranging from 78% for mid class, 81% for high class, but scored better
for the low class with 88%. When using different value of k-fold validator, k=10, the
situation has not changed widely, and the K-NN model still over scored other models.
Accuracy reported again above 99% for all the three classes by K-NN model. DT model
came in the second place with scores around 98% for the high and mid-level classes, whereas
scored better with the low-level class by above 99%. In the third place we reported the LDA
model by scoring around 95% for high and mid classes, whereas scored lower with the low-
level class by achieving around 93%. The SVM model came last in the list by achieving 89%

with the low class, 81% with mid class and 83% with high class.

Other performance measures can be seen by noticing the detailed scores regarding them

included within Tables 3.4 and 3.5 for 5-fold and 10-fold cross validation respectively.

Table 3.4: Band Power Results with 5-fold Cross Validation.

Classifier K-fold Classes Accuracy% Recall% F1-Score% | Precision%

Low 99.93 100 100 100

K-NN Mid 99.80 100 100 100
High 99.77 100 100 100

Low 88.39 84 82 80

SVM Mid 78.98 61 76 99
High 81.10 99 62 45

5

Low 93.53 89 90 92

LDA Mid 95.54 96 93 91
High 95.72 93 94 94

Low 98.92 98 98 99

DT Mid 97.73 98 96 95
High 97.66 95 97 98
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Table 3.5: Band Power Results with 10-Fold Cross Validation.

Classifier K-fold Classes Accuracy%o Recall% F1-Score% | Precision%

Low 99.93 100 100 100

K-NN Mid 99.83 100 100 100
High 99.82 100 100 100

Low 89.05 80 84 90

SVM Mid 81.03 68 74 81
High 82.99 87 70 59

10

Low 92.97 87 90 92

LDA Mid 94.95 96 92 88
High 95.33 92 93 94

Low 99.23 99 99 99

DT Mid 98.15 97 97 97
High 97.99 97 97 97
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In the same time, we had found and reported that the ROC curves shown in figures 3.10 and
3.11, reflects the superiority of the K-NN over other classification models. This confirms the
previous finding that it can discriminate between classes better than others in terms of many
classification measures, which means it could be applied to other test unseen (test) data and

classify between positive and negative data samples by better rates.
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Figure 3.10: ROC of BP for Different Types of Classifiers with 5-Folds.

Each point on the ROC curve reflects a model prediction result representing each of one of
the confusion matrix components belonging to that model. Here, we can see that the ROC
curve belonging to K-NN model has the best result, since it is located near from the best
point (0,1) on the graph, which reflects the fact that we have result with perfect sensitivity,
so we have no false negatives, and we have the perfect specificity, so we have no false
positives. On the contrary, the curve belonging to the SVM model gives the worst result,
since it is located far from the best and deviates toward the depth between 0.2 and 0.8 points.
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Figure 3.11: ROC of BP for Different Types of Classifiers with 10-Folds.

3.1.2.3 Sample entropy sample features visualization

In our study and for the first time we will be using a new feature of the time series EEG signals
namely Sample Entropy (SaEn). As a measure of uncertainty, SaEn will be used will try to find
the probability that a certain part of the signal recording could be found to repeat itself (matches)
along the entire data series. Firstly, we will provide a visual representation to that feature set
extracted from the EEG recording collected from the subjects before and after doing exercise.
As shown in figure 3.12, it is clear that this feature (SaEn) had given us a very useful and a good
distinguishing criterion that even with only our vision, we can successfully noticeable
classification task. By looking at the plot, we easily find that the first feature class is spread
within the left most part of the graph and distinguished by the red coloured dots, while the
second class with the blue dotes is majorly distributed in the central region of the graph, whereas
the third class denoted by the yellow coloured dotes is general distributed in the right most side
of the graph with a noticeable amount of samples spread through other regions in the presented

graph.

This finding contrasted with that of the previous feature set, Band Power (BP), as it did not show
the same ability to visually get the ease of the classification or discrimination task expected
outcomes, even though that BP feature gave us high results in different term of performance

measure metrics.
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Figure 3.12: Sample of Three Classes Sample Entropy Feature Set.

As with the previous studied and reported feature set, the same classification models were
applied again, LDA, SVM, DT and K-NN. These models classification results firstly are
plotted to see visually differences between their classes discrimination abilities as shown in
figures 3.13, 3.14, 3.15, and 3.16 respectively.

The successfully applied train against test data split ratio is applied also (80/20), as it gave
us the promising results from the trained model, which was satisfied by the test portion of
the data sets, then finally applying the model score validation technique, K-fold validation,

with the two values, 5 and 10.
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Figure 3.13: Three Classes Sample Entropy DT Model Predictions.
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Figure 3.14: Three Classes Sample Entropy LDA Model Predictions.
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Figure 3.15: Three Classes Sample Entropy K-NN Model Predictions.
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Figure 3.16: Three Classes Sample Entropy SVM Model Predictions.
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3.1.2.4 Sample entropy accuracy and other measures results

By using the nonlinear proximity measure SaEn as a feature, we have tested our PTCS
system for the advanced three classes prediction task with same goal, if or not it can
differentiate between different human blood lactate levels which reflect how does subjects
physical tiredness level affected and can be monitored by the means of analysing EEG
signals, before and after doing certain kind of exercises. As can be noticed by Table 3.6, with
a 5-fold validation, that both K-NN and SVM classifiers had achieved the best scores
regarding the performer model accuracy by more than 99% successful recognition rate for
all the three classes. The DT classifier on the other hand came next by achieving moderate
scores above 98% with both low and high lactate classes, whereas with mid class it scored
less by 97%. The LDA came last by scoring barely above 97% with both mid and high
classes but scored better with the low class by barely above 98%. Regarding other
performance metrics, the case still the same as both K-NN and SVM are taking the lead by
scoring better than other models, with one exception at the Recall value for DT model with
a score equal to the leading models by achieving 99%.

Table 3.6: Sample Entropy Feature Results with 5-Fold Cross Validation.

Classifier K-fold Classes Accuracy% Recall% F1-Score% Precision%

Low 99.47 99 99 99

K-NN Mid 99.32 99 99 99
High 99.32 99 99 99

Low 99.58 99 99 99

SVM Mid 99.39 99 99 99

5

High 99.35 99 99 99

Low 98.22 97 97 97

LDA Mid 97.76 97 97 97
High 97.42 95 96 96

DT Low 98.33 97 97 98
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Table 3.6: Sample Entropy Feature Results With 5-Fold Cross Validation. “tables continued”

Mid

97.46

96

97

97

High

98.82

99

98

97

Table 3.7: Sample Entropy Feature Results with 10-Fold Cross Validation.

Classifier K-fold Classes Accuracy% Recall% F1-Score% | Precision%

Low 99.39 99 99 99

K-NN Mid 99.24 99 99 99
High 99.54 100 100 100

Low 99.62 100 99 99

SVM Mid 99.51 99 99 99
High 99.43 99 99 99

10

Low 98.29 98 97 97

LDA Mid 97.76 97 97 97
High 97.34 96 96 96

Low 96.17 93 94 95

DT Mid 92.94 91 90 89
High 95.18 92 92 92

With 10-fold cross validation, there are a few changes noticed by observing scores in Table
3.7 above. In terms of accuracy results, the SVM classifier came first with 99.62%, followed
by the K-NN with 99.54%, whereas LDA and DT came next by achieving 97.74% and
96.17% respectively.

The ROC measures related to the proximity measure feature set are shown in figure 3.17 for
5-fold cross validation, and in figure 3.18 for 10-fold cross validation. With 5-folds, and as

it was noticed that all classification models had achieved scores with a narrow margin
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between each, that results have been reflected also and seen as a very close ROC curves to
each other and were near from the best point (0,1), which denotes that it was a good measure
to observe visually that those classifiers have a very good prediction ability with sensitivity

close to perfect state, as well as close to perfect specificity.
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Figure 3.17: ROC for Different Types of Classifiers with 5-Folds Cross Validation.
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Figure 3.18: ROC for Different Types of Classifiers with 10-Folds Cross Validation.

While in figure 3.17, we can see that there is a slightly variation between ROC area scores
belonging to different classification models means that some classification models over
sored others. At the same time, we reported that the ROC curves shown in figure 3.18, reflects
the obvious dominance of both SVM and K-NN over others denoted by the black and blue curves

respectively, whereas the LDA’s curve came next by the red colour, and last in the graph had
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come the DT curve by the pink that means it was worst by the sensitivity to specificity ratio and
recognized the positive attribute from negative ones with the lowest rate. This shows us that the
modulation of the K-fold cross validation can affect the results of many performances
classification measures previous finding that it can discriminate between classes better than

others in terms of many classification measures.

According to these observations, the above results listed in [77], show that our proposed
PTCS system, and with different feature selection algorithms, had obviously proven its
ability to overcome the shortcomings encountered with other methodologies exist in the
literature and provided us with a good tool that we can rely on in the goal of classification
between various states of the human physical tiredness levels, low, moderate, or high non-

invasively using resting state EEG recordings.

3.2 DISCUSSION

The goal set for our study was based on the concept of providing a framework
methodologically utilizes the prediction of different human tiredness levels. These levels
reflect various situations at which, the lactate enzyme concentration increases in the human
blood depending on the tiredness status the body reaches. We refer to these specific levels
as lactate level high, representing the very-tired class, or lactate level mid representing the
moderate-tired class, or finally the lactate level low representing the not-tired class. The
proposed PTCS system tries to answer the following question, can we predict those
situations (levels) only by using the EEG measurements collected from the head non-

invasively?

The subjects brain signal activations influenced by doing a certain type of aerobic exercise
of acute nature was used to prove that goal by our study. Two types of EEG signal features
were extracted and fed to the system in the sense of problem classification. In the first part
we used only the linear metric BP feature with a two classes prediction task, while three
classes of either BP feature or a multivariate complexity SaEn feature was used in the task
of the second part. The results gained by the proposed methodology that uses a machine
learning technique, have shown that it can accurately, with high performance measures
score, to predict lactate enzyme levels when validating them against the measures taken
invasively. The proved idea which was set as a goal by the study represents the novelty part
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that wasn’t discussed by another study in literature to the best of our knowledge. Different
performance measures like precision, accuracy and others had shown, and among the
classification models used, that the K-NN and DT were the winning models compared to
SVM and LDA when applying the BP feature, whilst when applying SakEn feature, we found
that K-NN with SVM this time had the lead over DT and LDA models as we saw in the

results section previously.

In the present study, we had investigated the ability to predict whether the lactate level is
low or high in the human body using EEG signals with the use of machine learning
algorithms. First, we have used the BP feature, as it was proven to give a good discrimination
power for previous studies, due to band power changes of EEG bands derived by performing
exercise [78]. In this study, they have collected EEG signals from a group of 25 healthy
subjects without any skeletal, muscular, or neurological illness history. The EEG data
recording was made by the left cortical area from two electrodes, (C3 and FC3) and the
recording process lasted for 45 seconds, whereas in our study, the data used was collected
from 16 electrodes for 10 minutes. They have applied a fatigue exercise to the maximum
voluntary contraction of the Adductor Pollicis muscle (right one), driven by the motor cortex,
in order to study its electrical variations. While recording the EEG signals with a specialized
acquisition instrument, they had applied a signal low pass filtering 100 Hz and high pass
filtering 1.0 Hz techniques that insure only the desired signal well be collected and reduce
the noises. As we have found by our study that the band power of EEG signal had increased
as a result of fatigue induced by acute shuttle run exercise, which is compatible with their
findings especially for the Alpha and Beta bands. The same hypothesis was found to be
studied by [30]. Although there was only an increased tendency of the Alpha band in the
frontal sites, but there is not a significant change. Electrical activations of Beta band were
found to increase in F3, Fpl, F4 and C4 electrodes only. On the other hand, increase in power
for both Alpha and Beta bands was reported by [79]. They have studied changes in Alpha
and Beta bands after performing cycle ergometer with increased workload while in progress.
A group of 20 men with good health conditions had contributed to the experimental process.
They were setting in a comfort manner on the cycle ergometer with eyes open, while initial
EEG data acquisition was made twice for 1 minute in each session to record the baseline
before activation. The subjects had started the exercise of cycle ergometer with 50Watts with

an increase pace, knowing that every 2 minutes the cycling increases by 50Watts until the
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participant get exhausted. They had collected larger amount of EEG data as they recorded 1
minutes long with 512 Hz sampling rate, but still less than our recordings. Recordings, and
for noise and artefact removal aims, have been low and high-pass filtered between 40 Hz
and 3 Hz respectively. For the studied bands, Theta, Alpha and Beta, band power was noticed
to increase significantly, especially at advanced stages of the exercise where the cortical is
activated when exercise passes the 6™ minute and subjects starts approaches exhaust state.
As the same finding that we deduced, the increase in all bands remained steady near the peak
values it reached and did not fall again to the baseline only after the 10! minute, where the
body starts to relax again and muscles start returning to the normal oxygen levels, and the
lactate enzyme tends to decrease in the blood. When applying machine learning techniques
with the use of EEG data for the goal of utilising this methodology in predicting different
vital human body signs, they had shown a promising result in the literature. Emotiv device
of the low-resolution type was used by a study to give an efficient classification method that
can distinguish accurately between variations of face movements using EEG signals [80].
The signals were gathered using 128 Hz rate and data have been filtered within the 0.1 Hz —
32 Hz range to provide signals with minimal noise and artefact from 14 electrodes. The 10
subjects with healthy body state had participated in the experiment. They have used the
collected data that represent 4 classes, Clench, Right smirk, Left smirk and no-action by
providing them to a K-NN classification method, which had score 96.1%, whereas in our
study, the model had achieved 98.4% with 2 classes band power, and above 99% with 3

classes for both band power and sample entropy features.

While we have investigated the changes in band power driven by fatigue state followed a
Shuttle run exercise, a study had investigated the same criteria but within doing the exercise
[38]. The experiment of maximum free contraction of quadriceps that involves sitting in a
calm fashion on a chair with the knee was bending naturally with 90-. The subject was
required to extend his/her knee to the maximum until he reaches the fatigue state, meanwhile
the EEG signals are being recorded simultaneously by acquisition device with a sampling
rate of 128 Hz. They had passed the desired EEG data, after filtering and feature selection
processes, to a SVM model for classification purpose. They have achieved 90% score result
for their case data, while we have achieved 89% with the BP feature, whereas with the SaEn
feature the SVM model had reached the 99% accuracy score.
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Table 3.8: Results Comparison with Other Studies.

Study | Year | Electrode Study objective Applied | Accuracy | Recording | Affecte
no. algorithm % time d bands
[76] 2004 2 Compute changes NA NA 45 sec Alpha,
of EEG power Beta
levels due to
maximum
voluntary exercise
[30] 2007 4 Investigate beta NA NA 8 min Beta
and alpha
variations after
performing acute
exercise
[79] 2004 8 Examine changes NA NA 1 min Theta,
in EEG spectrum Alpha,
for multiple parts Beta
of the cortex during
exercise.
[80] 2016 14 Predict different K-NN 96.1 NA NA
facial movements
by using EEG
activations
[38] 2019 19 Classification of SVM 90.0 NA NA
EEG band energy
with fatigue level
exercise
[39] 2022 32 Study effect of ANNand | 88.0and 15 Delta,
exercise on spectral SVM 85.0 Theta,
power and signal Alpha,
entropy of EEG Beta
signal
Presen | 2022 16 ) 99.0 10 min Delta,
¢ study Prfedlct lactate K-NN, Theta
using EEG LDA, DT,
recordings SVM Alpha,
Beta
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In the previously mentioned studies researchers had attributed the increase in band power in
some bands of EEG signal, especially for Beta one, to the cause of cortical activation
elevation, or the driven by doing acute exercise, our because that it is associated with the
movement planning and processing in the central and frontal brain areas [12], [81]. For the
best of our knowledge, no one of the literature’s studies had considered examining changes
in the EEG potentials activity derived by acute exercise for the use of predicting human
tiredness levels, denoted by lactate enzyme. As though, we proposed our method and barely
could compare it with the investigations by studies we found in the literature as shown in

Table 3.8 above.
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4. CONCLUSION AND FUTURE WORK

4.1 CONCLUSION

The main finding of our present study is developing the PTCS model that predicts different
human body tiredness states, not-tired, moderate-tired, or tired denoted by blood lactate
enzyme levels affected by brain signal activation after performing a single bout of acute level
exercise. This model was tested on a private collected elite athletic EEG dataset of using a
variety of classifiers (DT, KNN, LDA, LR, SVM).

The first objective set for this study was to define a model which is presented to the goal of
addressing prediction between two classes of BLa concentration in the human body, high or
low. These levels were studied by using an EEG data (16 channels) set collected from a
group of elite level karate members of national Turkish team (9 subjects) before and after
performing exercise. In this part of the research, we applied signal pre-processing methods
and cleaned those signals from unwanted artifacts and noises, then we extracted the power
spectral densities of each band using FFT technique. Power of the band will act as the
classification feature set, before exercise low-class and after exercise high-class.
Experimental results of this part show that BP gave us a very good discriminative feature
that enabled the proposed model to classify the intended lactate classes with a high-
performance measure score, that overcame the performance of the state-of- the-art models.

As the second objective set for this study, we given a model which is presented to the goal
of prediction between three classes of BLa concentration rather than two. While in the first
objective we extracted and discussed only the BP feature set, here we had discussed and
compared between BP and the SaEn as well. The presented model built from a double point

of view:
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a. Accommodating between different signal pre-processing techniques to clean the raw EEG
signals from undesired artefacts and noises.

b. Employing feature extraction methods to extract the best features, complexity, and power
spectral of EEG signals that gives the highest degree of differentiation between instances

belonging to 3 classes reflecting lactate enzyme levels low, mid, and high.

c. Feeding the resulting feature data sets to various machine learning models and compare

between them in terms of performance measure metrics like accuracy and precision.

d. The experimental results demonstrate the robustness of our proposed PTCS model which
shows superiority over the state of the arts feature extraction and classification models,
before and after performing a single bout of acute exercise.

4.2 FUTURE WORK

Several suggestions can be considered as for a future work project from our study. Here we

illustrate different problems as motivations as follows:

a. Use the proposed system scheme for prediction of the human mental tiredness levels by

analysing the EEG recordings.

b. Apply the proposed system or a variation of it for the goal of accurate detection of different
human hormone levels related to the cognitive or physical exercise.

c. Applying a high-level deep learning techniques to provide a better understanding of the
underlying mental activity under a variety of situations for a healthy and sick subject.

d. Employ a feature extraction and selection methods to select the better number of EEG

data channels for the dimensionality reduction purposes.
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