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Abstract
A lot of people around the world suffer from alcohol use disorder (AUD). Existing detecting
alcohol addiction methods face challenges. This work investigates an improved detection
algorithm based on electroencephalogram (EEG) data and machine learning (ML) tech-
niques. This research uses the private UTP-USM dataset that contains EEG recordings
from individuals with and without AUD, in Eyes Open (EO) and Eyes Closed (EC) condi-
tions. Multiple features are extracted to capture relevant brain activity. Statistical t-test
and LDA ranking methods are used in feature selection. Model training and evaluation are
performed with cross-validation. The classifiers show promising results for the EC condi-
tion. However, performance is lower for EO condition, likely due to the increased signal
noise. These findings suggest that EEG-based ML models hold potential to detect subjects
with AUD and highlight the importance of the signal preprocessing and feature selection.

Abstrakt
Poruchou způsobenou užíváním alkoholu (AUD) trpí mnoho lidí na celém světě. Stáva-
jící metody zjišťování závislosti na alkoholu se potýkají s problémy. Tato práce zkoumá
vylepšený algoritmus detekce založený na datech elektroencefalogramu (EEG) a technikách
strojového učení (ML). Tento výzkum využívá soukromou datovou sadu UTP-USM, která
obsahuje záznamy EEG od osob s AUD a bez AUD, a to v podmínkách otevřených očí
(EO) a zavřených očí (EC). Pro zachycení relevantní mozkové aktivity je extrahováno více
funkcí. Při výběru příznaků jsou použity statistické metody t-testu a řazení LDA. Trénování
a vyhodnocování modelu se provádí pomocí křížové validace. Klasifikátory vykazují slibné
výsledky pro stav EC. Výkonnost je však nižší pro stav EO, pravděpodobně v důsledku
zvýšeného šumu signálu. Tato zjištění naznačují, že ML modely založené na EEG mají
potenciál pro detekci subjektů s AUD, a zdůrazňují důležitost předzpracování signálu a
výběru příznaků.
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Rozšířený abstrakt
Porucha užívání alkoholu (AUD) je závažný zdravotní problém, který postihuje miliony lidí
po celém světě. Nadměrná konzumace alkoholu může vést k těžko zvratným následkům,
mezi které patří zpomalení mozkových funkcí, problémy s pamětí, snížení pozornosti a další.
Alkohol ničí nervové cesty, což vede ke zpomalení interakce mozkových laloků, dysfunkci
některých oblastí mozku a zpomalení reakcí. Elektroencefalogram (EEG) zaznamenává
nervovou aktivitu pomocí elektrod, které se umisťují na pokožku hlavy podle standardu
pro umístění elektrod, např. systému 10-20. Zkoušky lze zaznamenávat se zavřenýma
očima (EC) nebo s otevřenýma očima (EO), přičemž signály EC jsou obvykle stabilnější,
což usnadňuje detekci abnormalit.

Tyto EEG záznamy se využívají v algoritmech strojového učení (ML) pro detekci osob
s AUD. Z signálů se vypočítají charakteristiky a pro použití v modelech se vyberou nejvýz-
namnější rysy, které se liší v jednotlivých skupinách. Každý krok zpracování signálu je v
algoritmickém procesu rozhodující.

V této oblasti existuje mnoho komplexních studií. Mají své silné i slabé stránky. Přes
přesnost a rychlost algoritmů, které dnes máme k dispozici, stále existují některé výzvy.
Mezi ně patří detekce specifická pro daný subjekt (přesnost se liší u různých datových sad),
přítomnost šumu a artefaktů, které jsou někdy při čištění přehlédnuty, a nedostatek dat
pro testování.

Cílem tohoto výzkumu je vyřešit tyto výzvy vylepšením stávajících algoritmů kombinací
moderních technik v algoritmických krocích a extrakcí široké škály znaků s cílem přispět
k rozvoji dané oblasti. V této studii bylo použito několik metod z knihoven Pythonu.
Manipulovaná data byla převzata ze soukromého datového souboru UTP-USM, který ob-
sahuje dvě skupiny, Alkoholiky a Zdravé, a pokusy zaznamenané za podmínek EC i EO.
První částí bylo předzpracování, které zahrnovalo odstranění šumu a artefaktů (pomocí
nezávislé komponentní analýzy (ICA)), segmentaci očištěných pokusů a normalizaci seg-
mentů pomocí metody Z-score. Poté byla provedena extrakce vlastností. Bylo vypočítáno
několik charakteristik (časová doména, konektivita, vlnové funkce, entropie, výkonnostní
charakteristiky atd.), aby bylo možné zachytit různé vzorce mozkové aktivity. V následu-
jícím kroku, výběru charakteristik, bylo kombinováno několik metod – statistický t-test pro
výpočet nejvýznamnějších charakteristik a lineární diskriminační analýza (LDA) pro jejich
seřazení. Pro klasifikační úkol bylo z 90 charakteristik vybráno 20 nejlepších. Poslední část
zahrnovala trénování modelu, hodnocení a interpretaci. Pro klasifikační úkol bylo použito
šest klasifikátorů – rozhodovací strom, logistická regrese, LDA, k-nejbližší soused (KNN),
podpůrná vektorová stroj (SVM) a Naive Bayes. Trénování a hodnocení byly provedeny
pomocí křížové validace, každý model byl trénován na segmentu datového souboru odpoví-
dajícího konkrétnímu subjektu. Úniku dat bylo zabráněno pomocí GroupKFold v křížové
validaci. Testování bylo provedeno na úrovni subjektu podle segmentu a konečná predikce
byla provedena na základě většinového hlasování (které předpovědělo častější výskyt štítku).
Pro správné vyhodnocení výkonu modelu byly použity různé metriky: přesnost, preciznost,
recall, F1-score a citlivost. Pro interpretaci byly použity graf významu vlastností a graf
částečné závislosti (PDP) k vizualizaci toho, jak konkrétní vlastnosti ovlivnily práci klasi-
fikátorů. Byly analyzovány nejdůležitější vlastnosti, které hrály rozhodující roli v predikci
modelu. Celkově modely dosáhly slibných výsledků při rozlišování alkoholiků od kontrolní
skupiny. Výkon pro signály v podmínkách EC je vyšší než pro EO, což může být způsobeno
tím, že záznamy z podmínek EO jsou obvykle více náchylné k šumu a vnějším faktorům.
Nejlepšího výkonu bylo dosaženo u pokusů v podmínkách EC pomocí logistické regrese
(76% přesnost) s nejdůležitějším znakem Delta Peak Frequency. Tento výsledek naznačuje,



že konzumace alkoholu může narušit funkci mozku, což vede ke zpomalení neuronových
oscilací. To naznačuje, že změny v aktivitě pomalých vln jsou klíčovými charakteristikami,
které odlišují osoby s AUD od osob bez AUD. Podrobné informace o výsledcích a inter-
pretaci lze nalézt v kapitole 5.

Závěrem lze říct, že tato studie úspěšně vyvinula komplexní postup pro detekci závislosti
na alkoholu na základě signálů EEG. Výzkum prokázal potenciál algoritmů strojového učení
a zdůraznil význam extrakce znaků a jejich správného výběru. Tento výzkum přispívá k
diagnostice osob trpících AUD na základě EEG.
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Chapter 1

Introduction

Human beings possess a neurobiological predisposition to addiction, and in contemporary
society, alcohol use disorder (AUD) represents a signi�cant public health concern that af-
fects a large part of the population. The e�ects of alcohol on the central nervous system
(CNS) are studied and documented. There exists a range of neurological changes that im-
pact brain activity and lead to various consequences such as slowed brain function, attention
and memory de�cit, di�culties in emotional regulation, and others. Moreover, heavy alco-
hol disorder can lead to long-lasting neuroadaptive changes that a�ect brain structure and
its function. This highlights the importance of alcohol addiction detection technologies.
The detection of alcohol addiction can be challenging, often relying on subjective assess-
ments, which can be prone to bias. In this context, the analysis of electroencephalogram
(EEG) signals, which provide a direct measure of neural activity of the brain, o�ers promis-
ing results and, at the same time, room for improvement in this �eld. The application of
machine learning (ML) techniques to that EEG data has become prevalent because of their
capacity for rapid and detailed analysis of complex signals. This combination of EEG sig-
nals and ML techniques has promising direction in this �eld and potential to advance the
detection of AUD, allowing research to enhance diagnostic tools and gain a deeper under-
standing of patterns that occur in this disorder.
The purpose of this study is to: �rst, review existing research and methodologies in the
�eld of EEG-based alcohol addiction detection to gain a comprehensive overview of the
strengths and weaknesses of current approaches. Second, based on this review, the study
aims to design, develop and evaluate an end-to-end algorithm that is capable of accu-
rately distinguishing individuals with AUD from healthy subjects using EEG data and ML
techniques. Ultimately, this work aims to contribute to the advancement of the �eld by
providing a robust and accurate algorithm for the detection of alcohol addiction based on
EEG signals.
Chapter 2 provides a theoretical overview of the brain, the fundamentals of EEG, brain
waves, artifacts, frequency bands, and measurements. The chapter concludes with a sum-
mary table of existing techniques, including its strengths and weaknesses. Chapter 3
presents the design of the algorithm, including the diagram, a step-by-step overview, and
the proposed techniques. The implementation, along with visualization plots and detailed
explanations, is described in Chapter 4. The �nal results are shown in Chapter 5, including
performance metrics, visualizations, interpretation, and analysis of classi�cation results.
The �ndings and the developed algorithm have the potential to complement existing ap-
proaches, inform future researches about the potential challenges and their addressing.
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Chapter 2

Theoretical review

The following chapter provides brief but comprehensive details on the structure of the
brain, alcohol impact on it, fundamentals of electroencephalogram (EEG), and the current
techniques for detection of alcohol use disorder through analyzing brain signals gained from
the EEG testing.

2.1 Core concepts of brain anatomy

The human brain is the one of the most complex and unstudied parts of the human's body.
Despite functioning as a uni�ed whole, each part of the brain is responsible for di�erent
activities. The brain is divided into three main parts � the cerebrum, cerebellum and
brain stem. Each of these parts has its own functionality. Communication within the brain
is hold by neurons. Neurons produce certain potential, threshold, this signal is called nerve
action potential. Also, there is another type of potential that is based on the reaction on
some event, event-related potential (ERP). ERPs are recorded in the brain activity test that
known as electroencephalogram(EEG). This test captures brain waves via electrodes that
are attached to the human's scalp. Undesired noise/signals could be produced and recorded
by the EEG test, known asartifacts. Nowadays, artifacts could be removed manually or au-
tomatically. For analyzing data from EEG test, there are speci�c characteristics extracted
from the signals, called features. By analyzing features of the waves, list of disorders can
be detected such as epilepsy, alcohol use disorder, sleep disorders like insomnia, narcolepsy
etc, neurological disorders like Parkinson's disease, Alzheimer's disease etc, depression and
even brain death.

2.1.1 Neurons and the nervous system

Introduction

Neuron is fundamental unit in the brain and in the nervous system nerve cell. Neuron
transmits the information throughout the body. The human brain has over 100 billion of
neurons. Neurons have speci�c jobs in the brain's parts: in temporal lobe they play memory
function, in frontal lobe � planning function, in cerebellum � emotion.

5



Structure of the neuron

Neuron consists of four main parts: dendrites, cell body, axon, synapse, that can be seen
at �gure 2.1.

Figure 2.1: Neuron structure. Taken from [32].

ˆ Dendrites receive information from other neurons.

ˆ The cell body processes and integrates that information to generate an appropriate
response.

ˆ The axon carries the electrical signal (action potential) from the cell body to another
part of the neuron.

ˆ The synapse, located at the axon terminal, transmits nerve impulse to another neuron.

Types of neurons

Certain types of neurons communicate with the brain based on their speci�c functions:

ˆ Sensory neurons are the nerve cells that are activated by sensory input from the
environment � for example, when you touch a hot surface with your �ngertips, the
sensory neurons will be the ones �ring and sending o� signals to the rest of the
nervous system about the information they have received [31]. The source of input
can be physical or chemical. Sensory neurons can react on �ve of human senses (taste,
hearing, sight, smell and touch).

ˆ Motor neurons of the spinal cord are part of the central nervous system (CNS) and
connect to muscles, glands and organs throughout the body. These neurons transmit
impulses from the spinal cord to skeletal and smooth muscles (such as those in your
stomach), and so directly control all of our muscle movements. There are in fact
two types of motor neurons: those that travel from spinal cord to muscle are called
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lower motor neurons, whereas those that travel between the brain and spinal cord
are called upper motor neurons [31]. Motor neurons transmit signals outside the
Central Nervous System (CNS) and control both voluntary (like moving a hand) and
involuntary movements (like re�exes in the muscles).

ˆ Interneurons connect sensory neurons and spinal motor. The main function of in-
terneurons is to transfer information between sensory and motor neurons. Also, they
enable communication in CNS. Interneurons play a role in re�exes. They carry sensory
information and regulate motor activity.

Neuron communication

Human body has nerves that connect its brain with the organs and muscles. In the brain,
neurons communicate with each other through electrical events that are generated by action
potentials. An action potential (is also called threshold) is a brief electrical charge spike
(rapid arising or falling) which occurs when neuron becomes activated. When a neuron
generates an action potential, it is often called as ��ring�. This process enables to transmit
the information throughout the brain and the nervous system, enabling everything from
simple re�exes to complex thoughts. An action potential occurs for example, when we de-
cide to move a hand. The brain sends signals through nerves to the muscles, these nerves
produce lots of electrical impulses (action potentials) that stimulate the muscles to create
movement.
The greater the magnitude of the stimulus, the greater is the number of frequency of action
potentials. That is called frequency coding on the nervous system. For example, the greater
is the intensity on the skin, the more action potentials are propagated to the CNS, telling
us about the intensity of touch. That is principle of frequency coding in the nervous system.

Figure 2.2: Action potential. Taken from [3].
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2.1.2 Key parts of the brain

The brain is the most complex organ in the human body that plays an important role in in-
telligence, sensory processing, memory storage etc. It is responsible for regulating all body
functions, and any damage to it can disrupt the entire nervous system and its functions.
Figure 2.3 shows three main parts of the brain: the cerebrum, the cerebellum, and the
brain stem.

Figure 2.3: Three main parts of the brain. Taken from [2].

ˆ Cerebrum regulates body temperature and controls movements. Cerebrum is a source
of conscious thoughts and actions, holds memories etc. It is the largest part of the
brain and is divided into two symmetrical hemispheres, each containing four lobes:
the frontal, temporal, parietal, and occipital lobes. Brain lobes will be discussed in
the following subsection. Right hemisphere controls the left side of the body, and the
left hemisphere controls the right side.

ˆ Cerebellum (�little brain�) is a structure that is located at the back of the brain,
underlying the occipital and temporal lobes of the cerebral cortex. Although the
cerebellum accounts for approximately 10% of the brain's volume, it contains over
50% of the total number of neurons in the brain [11]. The main function of the
cerebellum is to control voluntary movements, including balance control.

ˆ Brain stem is located at the bottom of the brain. It plays crucial role in securing of
vital body functions like breathing and heart beating. It is a part of CNS. Cerebellum
transmits messages between the brain and others parts of the body.
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2.1.3 Brain lobes and their functions

As mentioned before, cerebellum has two symmetrical hemispheres that consist of four
lobes: frontal, temporal, parietal and occipital. Figure 2.4 represents these lobes. Each of
them plays an important role in brain functionality.

Figure 2.4: Brain lobes. Taken from [21].

ˆ Frontal lobe is located directly behind the forehead. It is made of neurons and glial
cells. Frontal lobe performs reasoning, executive functions, learning, recalling infor-
mation etc. Also, emotional control up is there.

ˆ Temporal lobe is located on brain's left and right sides. Temporal lobe is responsible
for receiving information from the ears, forming and retrieving memories.

ˆ Parietal lobe is located behind the frontal lobe. Parietal lobe is vital for sensory
perception, management of taste, hearing, sight, touch, smell.

ˆ Occipital lobe is located at the back of the head. It is a visual processing area of the
brain. It decodes the messages sent from the eyes.

2.2 Alcohol and the brain

Alcohol Use Disorder (AUD) is a common social issue nowadays. People around the world
are a�ected by it, facing a range of problems from mental health issues caused or exacerbated
by alcohol to physical damages, as their organs � the brain as well � su�er serious harm.
As for mental issues, alcohol can cause depression, anxiety, sleep disruption, aggression etc.
Alcohol use is categorized as unsafe drinking if alcohol consumption exceeds 48g per day or
144g per week. Drinking severity can be classi�ed into heavy drinking, alcohol abuse, and
alcohol dependence [9]. When a person drinks more than is stated in the recommend limit,
alcohol a�ects the brain and consequently, memory and thinking abilities get worse. If a
person heavily drinks over the years, he gets alcohol-related brain damage, that is a brain
disorder.
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There are a few stages of alcohol intoxication: subliminal intoxication, euphoria, excitement,
confusion, stupor, coma, death.

ˆ At the excitement stage, with a blood alcohol content (BAC) from 0.08 to 0.25, you are
now legally intoxicated. This level of intoxication a�ects the occipital lobe, temporal
lobe and frontal lobe in your brain. Drinking too much can cause side e�ects speci�c
to each lobe's role, including blurred vision, slurred speech and hearing, and lack of
control, respectively [27].

ˆ At the confusion stage, a BAC of 0.18 to 0.3 often looks like disorientation. Your
cerebellum, which helps with coordination, is impacted. As a result, you may need
help walking or standing. Blackouts, or the temporary loss of consciousness or short-
term memory, are also likely to occur at this stage [27].

Alcohol impacts the brain and its neural activity, leading to its dysfunction. But what parts
of the brain are a�ected? Alcohol a�ects three major neurotransmitters-chemical messen-
gers that play a crucial role in communication [5]. These include the nucleus accumbens,
glutamate receptors, GABA receptors. Also, other parts, that are a�ected according to the
[5] source: the frontal lobe, the hippocampus, the cerebellum, hypothalamus and medulla.

2.2.1 The nucleus accumbens

The nucleus accumbens (NAc) is regarded as the neural link between motivation and action
[16]. The NAc are located in the forebrain region.�Alcohol consumption in human studies
has enhanced extracellular dopamine levels in the NAc, and these e�ects were correlated
with subjective feelings of euphoria and stimulation� [20].

2.2.2 Glutamate receptors

Glutamate receptors are widely distributed throughout the nervous system, where they
mediate most excitatory synaptic transmission in the brain and spinal cord [12]. Alcohol
appears to impair ion-channel glutamate receptors, leading to changes in the brain main
excilatory signaling pathways [19].

2.2.3 GABA receptors

�Gamma-aminobutyric acid (GABA) is an amino acid that functions as the primary in-
hibitory neurotransmitter for the central nervous system (CNS). It functions to reduce neu-
ronal excitability by inhibiting nerve transmission� [8]. Alcohol enhances synaptic trans-
mittion mediated by GABA [33]. This results in increased relaxation and reduced anxiety.

2.2.4 Frontal lobe

Frontal lobe dysfunction includes attention de�cits and slowed working memory. Since
frontal lobe is responsible for critical and motor functions, after the alcohol assumption all
these functions lose their power, moreover, the individual experiences more relaxed state,
feels himself/herself more con�dent, because alcohol acts like a depressant (can disrupt the
balance of neurotransmitters) [1]. Also, an individual may make reckless decisions and have
more stressful thoughts after alcohol consumption.
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2.2.5 Hippocampus

The hippocampus is responsible for memory in our organism. �Research suggests that
alcohol use can interfere with memory formation by altering nerve-cell communications or
steroid formation especially in the hippocampus� [26]. The function of the hippocampus is
slowed by alcohol.

2.2.6 Cerebellum

Excessive alcohol exposure leads to cerebellar ataxia and disruptions in motor functions,
including altered hand movements, reduced target-striking speed, impaired balance and
postural stability, and slower foot tapping [24]. The cerebellum is vulnerable to alcohol
toxic e�ects.

2.2.7 Hypothalamus

Alcohol consumption signi�cantly a�ects various physiological functions, including regula-
tion of body temperature, sensation of thirst, and appetite control.

2.2.8 Medulla

The medulla is a small organ that is located in the lowest part of the brain stem and serves
as a point between the brain and the spinal cord. The medulla centers respiration, blood
pressure, heart rate, etc. Alcohol consumption slows the function of the medulla leading to
slower respiration, reduced heart rate, and even re�ex actions such as swallowing.
Due to the numerous negative consequences of alcohol misuse, scientists are actively devel-
oping the methods to detect alcohol addiction from brain signals. For this purpose they
use addiction assessment techniques that can estimate the probability of the speci�c type
of addiction of the participant of the experiment. Professionals primarily use electroen-
cephalogram (EEG) to detect alcohol addiction.

2.3 Fundamentals of electroencephalogram (EEG)

Electroencephalography (EEG) is a widely adopted and reliable method for investigating
brain activity and neurophysiological processes, due to its a�ordability, non-invasive nature,
and good resolution on the millisecond scale. [9]. EEG test includes patient preparation,
electrode placement, signals recording during the test, subsequent EEG data analyzing.
EEG testing and further data analyzing are widely used for various purposes, such as de-
tection of some speci�c abnormalities, diagnosing particular disorders.
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2.3.1 Concept of the EEG

Figure 2.5: Electroencephalogram. Taken from [6].

EEG is a painless test that usually lasts from 20 to 40 minutes. Before the test starts,
participant must be prepared � �at metal discs called electrodes, are placed on the scalp.
In the EEG example, as shown above, the electrodes are positioned close together. In
reality, the quantity of electrodes using in EEG vary from 16 to 256. The electrodes are
connected to the EEG machine by wires. Alternatively, sometimes participants wear an
elastic cap with electrodes embedded in it, to not have each electrode adhered directly
to the scalp. Action potentials are the building blocks for electrical singling in the brain,
however they are not what EEG actually records. EEG records voltage potentials in and
around neurons.

2.3.2 EEG artifacts

Signals recorded by EEG, but not generated by the brain are called artifacts. EEG artifacts
can be of diverse types, such as electro-ocular (EOG) (eye blinks, and horizontal and vertical
eye movements), electromyography (EMG) (muscular activities), electrocardiogram (ECG)
(heart activities), gait-related movement artifacts, power line noise (50 or 60 Hz signal
component), and noise, due to �oating electrodes, such as a loose connection with the scalp
or high impedance electrodes, discontinuity in the data, or artifacts due to electric devices
interference [25].

ˆ Ocular artifacts include eye blink and eye movements. Ocular artifact (OA) is recorded
frequently and is considered as one of the most important artifact during EEG. OA
is generated by eye movement that alters the electric �eld around the eye.

ˆ Muscle artifacts occur often during EEG. They can be generated by head movement,
clenching the jaw, swallowing. Heart beat is considered as a muscle artifact as well.
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ˆ Line noise artifacts are produced from the noise from electric power. Commonly there
are from 50 to 60 Hz.

Artifacts are usually removed manually by the specialists, however that leads to the EEG
recording inaccuracy as there are high probability to make a mistake. Also, there are
automated tools developed for artifacts removal, e.g. Independent Component Analysis
(ICA), Principal Component Analysis (PCA), etc.

2.3.3 Waves

EEG records brain waves (also known asneural oscil lations) that re�ect the activity of the
brain. Brain waves are oscillating electrical voltages in the brain measuring just a few mil-
lionths of a volt. There are �ve widely recognized brain waves. These waves are: Gamma,
Beta, Alpha, Theta and Delta [7].

Figure 2.6: Brain waves. Taken from [22].

ˆ Gamma waves are fast oscillations that occur in frontal, temporal and parietal lobes.
These waves are not widely studied. High gamma waves activity in temporal lobe is
considered to be memory processes. Gamma wave is involved in attention and mem-
ories processes and also in psychiatric disorders such as schizophrenia, hallucination,
epilepsy. Gamma waves frequency is above 25 Hz.

ˆ Beta waves are divided into low beta and high beta. Beta waves are observed during
anxious thinking, problem solving, deep concentration in frontal and central areas of
the brain. Beta frequency varies from 13 to 25 Hz.

ˆ Alpha waves are observed in occipital lobe. They are divided into lower Alpha and
upper Alpha. Alpha neural oscillations can be observed spontaneously in relaxed
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state, when there is no mental activity. Also, can be recorded in parietal location
during the eye-closed condition. Attentional tasks attenuate the waves. Alpha waves
frequency is from 8 to 12 Hz.

ˆ Theta waves are in hippocampal formation (in the middle temporal lobe) and are com-
mon in children rather than in adults. The waves are observed in drowsy state. With-
out doing cognitive activity, high theta activities are considered abnormal. Changes in
Theta oscillations are observed in some disorders, e.g. depression in adults. Frequency
range of Theta waves covers from 4 up to 7 Hz.

ˆ Delta waves are observed in frontal lobes and are associated with deep sleep stages.
These oscillations are reported as prominent brain waves, especially in event-related
studies. Delta waves frequency are from 1 to 3 Hz.

P300 (P3) is a widely studied and well-known indicator of cognitive processing in EEG
testing. The P3 wave is a component of event-related potentials (ERPs) that is triggered
during the decision-making process. ERP is the potential (small voltages), that are gener-
ated in the brain in response to some events.
In brain experiments, particularly in EEG, the design of the experiment is of great impor-
tance. In order to achieve high accuracy of the result, experiment steps must be carefully
and clearly set up.
The location of EEG sensors on the scalp follows a standard electrode placement known as
the international 10-10 and 10-20 systems [25].

Figure 2.7: 19 scalp EEG sensor locations. Taken from [25].

2.3.4 Experiments

The proper design of the EEG experiment is highly important, especially when addressing
questions such as �What lobes are responsible for depression/addiction?�. To e�ectively
analyze the results of the collected data from the EEG test, scientists should know what
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brain activities, in what lobe, and with what activity strength are considered normal and
what can be taken as abnormal, signaling that there is some problem.
The idea is to test a hypothesis that is de�ned before the experiment. The hypothesis can
be proved or not.
Typical questions raised in the design of EEG experiments are (according to the source [9]):

ˆ Who are the target participants?

ˆ Which mental process is under study?

ˆ How and which brain region is the responder?

ˆ Which brain modality is to be used?

The setup before the start of the experiment usually takes around 30 minutes. The ex-
perimented person is given the instruction, and then he/she has to perform blocks/trials.
There are a few software programs that are typically used in experiments, such as E-Prime,
EGI EEG, etc.
The next step is EEG data acquisition that is highly important and depending on this,
�nal results can di�er. Nowadays, EEG data acquisition can be done both manually or au-
tomatically. Manually acquisition may lead to errors in the �nal results due to the human
factor such as missing some signal, confusing results, etc.

2.3.5 EEG measurements

Typical measurements in EEG are: latency, sensitivity, resolution, amplitude, frequency,
sampling rate, etc.
Latency is the time interval between the stimulus (e.g. visual) and the corresponding
reaction response (e.g. ERP). Measured in milliseconds (�ms�). The latency measurement
is useful for analyzing the speed of neural processing.
Sensitivity is the ability to detect abnormalities appropriately (to distinguish normal and
abnormal brain signals). Measured in percentage (�%�). Sensitivity evaluates the accuracy
of the EEG tests.
Resolution is the ability to detect small changes in voltage. Used to represent brain waves.
Amplitude is the strength of the speci�c signal recorded by the electrode. Measured in
microvolts (� µV�).
Frequency is the number of waves that oscillate per second. Measured in hertz (�Hz�).
Used for waves classi�cation: Delta, Theta, Alpha, Beta, Gamma waves.
Sampling rate is the number of signal samples recorded per second. Measured in hertz
(�Hz�). Used as a con�guration parameter in EEG testing. For clinical purposes, 250-500
Hz is usually used.

2.4 Datasets

Datasets are collections of data gathered for further research and experimentation. Having
comprehensive and high-quality datasets is important for obtaining accurate and reliable re-
sults in studies. Currently, there are several publicly available and commonly used datasets
for EEG detection methods. Notable examples include UCI EEG Alcoholism Dataset,
EEG Alcoholism Dataset from OpenNeuro. These datasets provide essential resources for
researches that detect alcohol addiction based on these data.
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2.4.1 UTP-USM Private dataset

This private dataset is used in research [29], and the following details are based on that
source. The dataset has two participants groups: alcohol abusers and healthy control peo-
ple. Alcohol abusers group has 30 participants: 12 alcohol abusers (mean age56:70� 15.33
years) and 18 alcoholics with (mean age46:80� 9.29 years). Control group has 15 individ-
uals (mean 42:67� 15.90 years). The trials were collected over a 10-minute period under
both Eyes Closed (EC) and Eyes Open (EO) conditions. The electrodes placement follows
the international 10-20 system, with signal amplitudes measured in microvolts.

2.5 EEG-based methods for alcohol disorder detection

2.5.1 Existing Methods

Nowadays, there are several techniques employed in EEG analysis for detection tasks, in-
cluding machine learning (ML), deep learning (DL), signal processing, etc. The following
list explores the most widely used approaches.

ˆ Machine Learning � this method is described in [30]. In this article, an ML method
was proposed to classify patients with alcohol disorder from healthy controls based
on EEG data from the resting state [30]. ML methods analyze data collected from
EEG to detect abnormalities.

ˆ Deep Learning � classi�cation of alcohol EEG data can be found at [18] article. In
this study there were proposed two deep learning methods to classify EEG signals
as alcoholic and non-alcoholic. DL methods help automatically extract features from
EEG data.

ˆ Wavelet Transformation � this method is described in [10] article. �The proposed
method uses a �exible analytical wavelet transform for time-frequency decomposition
of EEG signals.� [10] WT methods are used to decompose the EEG signal into a
time-frequency component.
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2.5.2 Comparison

For the comparison tables, three surveys from 2023 and 2024 were studied [28], [14], [34].

N o Method
Name

Key Fea-
tures

Strength Weakness Improvements

1 [28] Quantitative
EEG

Analyzes
power in al-
pha, beta,
theta, gamma
rhythms

Identi�es re-
lapse predic-
tors like beta
power

Limited real-
time applica-
bility

Real-time pre-
diction, artifact
removal

2 [28] Spectral
Analysis

Decomposes
signals into
frequency
bands

E�ective for
identifying
theta and
beta changes

Requires
high-quality
signal input

Noise �ltering,
dataset diver-
sity

3 [34] Neural Net-
work

Deep learning
classi�cation
with prepro-
cessed EEG
data

E�ective
feature learn-
ing with
Wavelet-
transformed
data

Performance
varies with
preprocessing
method

Optimize ar-
chitectures for
smaller EEG
datasets

4 [14] Ensemble
Learning

Combines
multiple clas-
si�ers for
improved
accuracy

High clas-
si�cation
accuracy and
robustness
of ensemble
methods

Compu-
tationally
intensive
with large
datasets

Explore
lightweight
ensemble tech-
niques

Table 2.1: Overview of existing methods for alcohol addiction detection.

N o Method
Name

Feature Extrac-
tion

Feature Selec-
tion

Feature Classi�-
cation

1 Quantitative
EEG

Analyzes power in
alpha, beta, theta,
gamma rhythms

Beta and theta
power levels, co-
herence analysis

Logistic Regres-
sion, SVM

2 Spectral Anal-
ysis

Decomposes signals
into frequency bands

Changes in beta
and theta frequen-
cies

Decision Tree,
Random Forest

3 Neural Net-
work

Learned spatio-
temporal features
from transformed
EEG signals

Cross-validation-
based feature
optimization

Random Forest,
Ensemble classi-
�ers

4 Ensemble
Learning

Statistical and
frequency-based
features

Feature impor-
tance metrics

Ensemble classi-
�ers

Table 2.2: Pipeline steps comparison of the existing methods.
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N o Method
Name

Experiment Details Results

1 Quantitative
EEG

Dataset: 78 Alcoholic subjects. Resting-
state EEG.

Accuracy: 83-85%

2 Spectral
Analysis

Dataset: 171 alcoholics, 204 controls. Accuracy: 78%,
Speci�city: 81%

3 Neural Net-
work

Dataset: 66 Alcoholics, 30 Controls.
20 training epochs, cross-validation with
training/test datasets. Electrodes: 16
electrodes in 10-20 system.

Accuracy: 64%, Re-
call: 88%

4 Ensemble
Learning

Public dataset: 77 Alcoholics, 45 Con-
trols.

Accuracy: 85%, Sen-
sitivity: 89%

Table 2.3: Experiment details and classi�cation results of reviewed methods.

Table 2.1 shows an overview of the existing methods used for the detection of alcohol
addiction based on EEG. It compares four di�erent approaches, based on their strong and
weak sides and limitations. From the table we can see that these methods face challenges,
such as computational demands and sensitivity to noise.
Tables 2.2, 2.3 provide a comparative overview of listed methods. Table 2.2 focuses on
classi�cation pipeline steps, including feature extraction, feature selection and models used
for classi�cation task. Table 2.3 complements this by summarizing experimental setups and
classi�cation performance. Most studies report accuracies above 70%.
To summarize the tables content:

ˆ For Quantitative EEG, developing real-time prediction capabilities through optimized
algorithms and advanced artifact removal techniques can signi�cantly enhance its
applicability.

ˆ Spectral Analysis introducing noise �ltering methods and expanding dataset diversity
will improve generalizability across di�erent populations.

ˆ For Neural Networks, optimizing architectures for smaller datasets using transfer
learning or data augmentation techniques will reduce computational requirements.

ˆ Exploring lightweight ensemble techniques in Ensemble Learning that maintain high
accuracy while reducing computational overhead will enhance e�ciency.

Overall, the existing methods for detecting alcohol use disorder through EEG signal analysis
show considerable promise in terms of accuracy and automation. However, they also face
challenges related to data diversity, implementation complexity, advanced feature selection
methods and noise sensitivity. The idea to experiment with di�erent classi�ers should
allow a comparative analysis, helping to identify the e�ective approach with the selected
dataset. By addressing the limitations identi�ed in existing approaches through targeted
improvements, this study can enhance their performance, making them more applicable
within the �eld of AUD detection.
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Chapter 3

Design of Algorithm

Following an extensive review of the existing literature and exploration of state-of-the-art
techniques, this section outlines the design of the implementation of the proposed algo-
rithm. The most promising techniques were identi�ed during the theory overview phase.
The proposed algorithm leverages existing promising techniques for processing data col-
lected from EEG and classifying them as individuals with and without AUD. Additionally,
incorporates multiple datasets, combining public and private for achieving more precise re-
sults when it comes to accuracy, sensitivity. The proposed pipeline is shown in the following
section 3.1. Each step is described in details in the following sections.

3.1 Overview of Algorithm Pipeline

Figure 3.1: Diagram with the designed algorithm.

Figure 3.1 shows the pipeline of the proposed algorithm using traditional machine learning.
The branch consists of a series of structured steps: data acquisition, preprocessing, feature
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extraction, feature selection, classi�er, validation, interpretation. Each of these steps will
be discussed in detail in the following sections.

3.2 Data Acquisition

The �rst step is data acquisition. The idea is to use pre-collected EEG data from existing
dataset. In this research, we propose using a single private dataset mentioned in 2.4.1. The
access to the private dataset will be given by the supervisor of this work. By utilizing a
dataset that includes both Eyes Open (EO) and Eyes Closed (EC) conditions, the pipeline
remains focused and allows a clear evaluation of classi�cation results.

3.3 Preprocessing

After gathering the raw EEG data from the dataset, the data will be cleaned before the
feature extraction.
Preprocessing is a foundational step in analyzing signals and using them in machine learning
applications. Preprocessing contains several steps: noise and artifacts removal, segmenta-
tion, referencing. Each of the steps are crucial for preparing the EEG signals for further
analyzing.

3.3.1 Noise and artifact removal

Noise and artifacts removal is the process when unwanted signals such as muscle artifacts
(EMG), ocular artifacts (EOG), cardiac signals (ECG) and swallowing artifacts, are re-
moved from EEG signals.
There are several techniques used for the noise removal, including Independent Component
Analysis (ICA), �ltering techniques (e.g. Notch Filtering), etc.

ˆ Independent Component Analysis (ICA) is a statistical and computational tech-
nique from data analysis �eld, that is widely used in area of signal processing, brain
imaging, etc. ICA removes artifacts from EEG signals.
The principle of noise removal from EEG signals lies in the following steps:

1. Signal decomposition (process where the ICA is used to unmix the signal into
the underlying sources).

2. Identi�cation of artifacts (a step where researches can identify components that
correspond to speci�c analysis, e.g. EOG, EMG, etc).

3. Component rejection (process where ICA removes embedded artifacts from the
signal and leaves the EEG source untouchable).
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Figure 3.2: ICA output example. Taken from [15].

ICA is recognized as an e�ective technique commonly used in EEG-related researches
for preparing data before the feature extractions.

ˆ Notch Filtering is �a type of band-stop �lter, which is a �lter that attenuates fre-
quencies within a speci�c range while passing all other frequencies unaltered�[4]. It
is used for powerline noise removal in EEG signals.
Notch �ltering has a limitation, it can be not well performed on non-sinusoidal such
as muscle artifacts, etc.

For this study, we propose employing theICA technique due to its e�ectiveness in handling
non-sinusoidal artifacts, such as muscle artifacts, which can improve the precision of the
classi�cation process. Also, combining it with Notch Filtering to reduce line noise that
is caused by alternating current (AC) �owing through electrical wiring.

3.3.2 Segmentation

�The basic idea in signal decomposition is to separate the spectrum into its constituent
subspectral components and then process them individually, based on the application�[23].
Segmentation is a process of dividing the signal into smaller intervals, known asepochs,
that share the same characteristics, such as the amplitude and frequency. Segmentation is
a crucial step because it prepares the signal to be more manageable, it improves feature
extraction and enhances further classi�cation as classifying segments can lead to higher
accuracy in ML algorithms, rather than classifying the continuous data.
These techniques show great potential for EEG signal segmentation:

ˆ In Short-time Fourier transform (STFT) , the signal is divided into data win-
dows, and fast Fourier transform is applied to each one. The output of STFT is a
time�frequency representation of the signal [23]. STFT provides time-frequency sig-
nals. For segmentation, this method uses �xed size for the window, it may not be
optimal for signals that have varying characteristics at di�erent times. This limita-
tion can hinder the analysis of non-stationary signals, as a single window size cannot
e�ectively capture the dynamic changes in frequency content throughout the signal.
As an alternative, Wavelet Transform can be used instead of STFT.
The advantages of STFT include its simplicity and the ability to provide a time-
frequency representation, however, a notable limitation is its �xed window size.
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ˆ Wavelet Transform (WT) decomposes the signal into a set of functions that are
localized both in time and frequency, known aswavelets. Wavelets are functions,
with which we can decompose the signal.�The wavelet transform (WT) can be thought
of as an extension of the classic Fourier transform, except that, instead of working
on a single scale (time or frequency), it works on a multi-scale basis. This multi-
scale feature of the WT allows the decomposition of a signal into a number of scales,
each scale representing a particular coarseness of the signal under study�[23]. For
segmentation, WT uses variable window sizes, which is bene�cial for analyzing signals
with varying characteristics over time.
The bene�ts of WT are the both time and frequency domains signal representation.
Additionally, edge detection and feature preservation which means that WT e�ectively
captures sharp transitions without blurring them, that can be crucial in medicine-
related studies. However, WT has some limitations as computational complexity and
limited resolution in higher dimensions (3D).

For this study, we propose usingWavelet Transform for EEG signal segmentation due to
its signi�cant bene�ts, that include: variable window size (is adaptive for the rapid changes
in the EEG signal), time-frequency signal representation, and the wavelets coe�cients ob-
tained from the transform (they can be further used in the feature extraction).

3.3.3 Referencing

Referencing is an essential step in preprocessing EEG data. It involves a baseline electrode
as a point of comparison for the signals recorded by all other electrodes. The process helps
to ensure that recorded data are consistent and meaningful. Common types include: single
electrode reference, average reference, mastoid reference and re-referencing.

ˆ Single electrode reference is when one single electrode is chosen to be the reference
point for measuring brain's activity. Each electrode measures the electrical potential
at its speci�c location, and this measurement is compared to the potential of the
reference electrode to determine the di�erence.
Simple electrode reference is easy to setup, but if there is a noise or artifacts in that
speci�c electrode, it can deform the measurements from other electrodes, leading to
inaccurate results.

ˆ Average reference is the process, where the electrical activity from all electrodes is
averaged and is used as the reference point for each electrode.
This method helps to measure brain's activity more accurately with reducing the
noise.

ˆ For mastoid reference , electrodes that are placed on mastoid processes (often la-
beled A1 and A2 or M1 and M2), are chosen as a reference point.
On the one hand, mastoid reference is better for noise cancellation, but on the other
hand, the referenced electrodes are located relatively far from the primary source of
brain activity.

ˆ Re-referencing is when the reference point (electrode) is chosen before the EEG
recording and is changed to another after the recording to enhance the quality of
the measurement.In summary, re-referencing can help reduce noise present in the
original reference point, however changing the reference may lead to improper data
interpretation or introduce bias.
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For this work, we recommend usingaverage reference because it provides more reliable
results by minimizing common noise that a�ects all electrodes, resulting in clearer signals.

3.4 Feature Extraction

Feature extraction is the crucial step in biomedical signal processing that follows the sig-
nal segmentation. The process of extracting characteristics from raw data and, therefore,
transforming them to the numerical features. These features can then be selected and used
directly in ML algorithms. Feature extraction helps reduce data complexity and prepares
the data for application in ML models for further classi�cation. The quality of the feature
extraction impacts the �nal classi�cation result (accuracy).
For this work, we propose to extract the following features:
Time-domain features:

ˆ Entropy (En) re�ects the complexity of the bioelectric processes that occur in the
brain. Quanti�es the randomness and unpredictability of the EEG signal.

ˆ Approximate Entropy (ApEn) re�ects the complexity of the system.

ˆ Mean is an average value of the EEG signal over a speci�c time interval. This sta-
tistical measurement shows the overall activity of the brain during di�erent cognitive
states.

ˆ Variance is a statical measurement that represents the extent of dispersion in the
amplitude of the EEG wave over a speci�c time interval. Variance re�ects the levels
of brain activity, providing insights whether the activity is typical or atypical.

ˆ Median is the middle value of the amplitudes of the EEG signal that are sorted in
ascending order over a speci�ed time window. This statistical measurement helps to
determine the central tendency of the wave.

Frequency-domain features:

ˆ Absolute Power (AP) is a feature that demonstrates the total energy in a speci�c
frequency band of the EEG wave. AP re�ects changes in cognitive states.

ˆ Relative Power (RP) is a feature that refers to a measure of the power contained
within a particular frequency band compared to the total power across all frequency
bands. RP o�ers the insights into how di�erent frequency bands contribute to overall
brain activity.

ˆ Wavelet Energy are obtained from the Wavelet Transform. It represents the signal's
energy across the frequency bands. Wavelet Energy provides insights into the brain's
electrical activity.

ˆ Peak Frequency is a feature that re�ects the frequency, where the maximum power
is observed in EEG wave.

ˆ Peak Power refers to the maximum power observed at a speci�c frequency within the
power spectral density. It is helpful for understanding the brain's activity oscillation.
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ˆ Spectral Edge Frequency (SEF) refers to the frequency at which a speci�ed per-
centage of the total power of the EEG signal is contained. This measure is signi�cant
for understanding the overall frequency content of the EEG and how power is dis-
tributed across various frequency bands.

ˆ Total Spectral Power refers to the cumulative power of the EEG signal across
frequency bands: gamma, beta, alpha, theta, and delta. This feature summarizes the
power within these bands.

ˆ Coherence determines the similarity of oscillations between two or more signals
within the same frequency. It helps identify how di�erent regions communicate and
integrate. Coherence shows how two or more signals are functionally coupled.

3.5 Feature Selection

Feature selection is the next step after feature extraction. It plays a vital role in the process.
By reducing the number of unnecessary features in the segments, it simpli�es the input data
for the classi�er and makes the signal more interpretable.
Common techniques used for that include:

ˆ Linear Discriminant Analysis (LDA) is a static technique for dimensional reduc-
tion. LDA de�nes the most signi�cant features that contribute to class separability.
Despite the dimensional reduction, LDA keeps important information. LDA reduces
data size, making it less complex, leading to less computational complexity. However,
if there is a noise left in EEG data, LDA may have less accuracy in results.
LDA is supervised technique, so it takes labeled data into account. LDA typically
performs better with multiple classes.

ˆ Principle Component Analysis (PCA) is applied in study [29]. PCA is the
statical method that reduces dimensions by �nding directions, known as principal
components, that maximize the overall variance in the data. PCA e�ectively �lters
out the noise. However, it may be challenging to interpret the output, that is linear
combinations of the original features, which may complicate the further analyzing.
PCA is unsupervised method, that does not take into account labeled data.

ˆ t-test is used for the feature selection, for example, it mentioned in study [29]. t-
test is a statistical method for determining the di�erence between the means of two
groups. In the context of feature selection, it helps identify features that can e�ectively
di�erentiate between classes, for example, between the Alcoholic and Non-Alcoholic
group. If the t-test value is high, there is a high di�erence between the means and
vice versa. t-test is easy to implement, is e�ective for applying it for two classes. On
the other hand, t-test may not be useful for non-binary classi�cation.

We propose tocombine t-test and LDA in this study. Using labeled data is more bene�-
cial for our study, because labeled data allows the model to learn the speci�c characteristics
that di�er alcoholic and non-alcoholic individuals. For this reason, we chose to use LDA.
Regarding the combination: �rst, perform a t-test to �lter out the features that do not
show signi�cant di�erences between classes. This step reduces the dimensionality of the
feature set by eliminating irrelevant features. Next, use LDA to the remaining features to
determine which ones provide the best separation between classes.
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3.6 Classi�er (Model Training)

The next step after preparing the raw data for analysis is the classi�er. A classi�er, also
known as model, is an algorithm that categorizes input parameters into prede�ned classes
based on the input features. Each input point has an associated label indicating its class.
The aim of the classi�er is to learn how to accurately predict the class of unknown data
with precision. The model is trained on labeled data. The components of the classi�er are:
training data, learning algorithm, model, evaluation metrics and prediction function. There
are several methods designed for a binary classi�cation, including: Logistic Regression
(LR), Support Vector Machines (SVM), K-Nearest Neighbors (kNN), Decision Trees, Linear
Discriminant Analysis (LDA), Logistic Model Trees (LMT) etc.
In this study, we suggest using one simple, one complex and one linear method for a
binary classi�cation of individuals into two categories: Alcoholic and Non-Alcoholic. For
the classi�cation process,Linear Discriminant Analysis (LDA) , Decision Tree and
Support Vector Machine (SVM) will be employed. These models will be used one by
one, and after validating the results, the performance comparison will be done.
LDA is already described in 3.5. LDA is suitable for binary classi�cation, as it projects the
data onto the line that maximizes the distance between the means of the two classes and
minimizes the variance within a class. LDA issimple for computation and implementation
and is linear method.

Figure 3.3: Objects classi�cation before and after applying LDA.

Decision Tree is a non-linear , simple model for a binary classi�cation. Decision
Tree performs recursive partitioning, where it recursively splits the data into subsets based
on the selected features. This algorithm uses tree-like model, where root node is a point of
initial decision. The branches lead to lead nodes, where the �nal decision is made. Decision
nodes have attributes and, based on them, the decision is made.
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Figure 3.4: Decision Tree model.

Support Vector Machine (SVM) is complex algorithm used for classi�cation tasks.
�SVM works by �nding a hyperplane in a high-dimensional space that maximally separates
di�erent classes. This hyperplane can then be used to classify new data points based on their
position relative to the hyperplane� [17]. SVM has high classi�cation accuracy, is capable
of working with complex and noisy data.

Figure 3.5: Support Vector Machine model.

3.7 Validation

The next step is validation process. Validation is a process for evaluating the performance
of a classi�er in a speci�c dataset that was not used during training.
The common approach for dividing dataset is called �The 70/20/10 Data Split�, where
70% of dataset is used for training, 20% of dataset for validation and 10% � for testing.
That means that 70% of the data are used to train the model, where the model learns the
classi�cation patterns; 20% of the data are employed for validation that helps to optimize
the performance; 10% of data are tested on the trained model, where the model performs
the classi�cation on a new, unknown to it data.
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Di�erent metrics are used to evaluate the performance including: accuracy, sensitivity,
F1-score, speci�city, precision etc.

ˆ Accuracy measures the proportion of correct predictions out of all predictions. The
higher is the accuracy of the model, the more accurate the classi�cation is.
The following formula for accuracy calculation is:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

=
TP + TN

TP + TN + FP + FN

where TP is true positives, TN is true negatives, FP is false positive, FN is false
negatives.

ˆ Recall (Sensitivity) is a metric that measures the proportion of actual positive
instances that are accurately identi�ed as positive by a model. This metric is highly
important metrics where detecting all relevant instances is crucial.
The following formula for recall (sensitivity) calculation is:

Recall =
TP

TP + FN

TP is true positives, FN is false negatives.

ˆ F1-score is a measurement that combines precision and recall metrics. F1-score is
useful in cases where the distribution of class is imbalanced. F1-score is crucial when
it comes to false positive and false negative results accuracy.
The following formula is used for F1-score calculation:

F1-score= 2 �
P recision � Recall
P recision + Recall

where Precision is calculated according to the formula:

Precision=
TP

TP + FP

where TP is true positives, FP are false positives.

ˆ Speci�city is a metric that determines the proportion of how many negative instances
are correctly predicted by a model. Speci�city is useful for showing how much model
is able to distinguish between positive and negative cases. The formula for speci�city
calculation is:

Sensitivity =
TN

TN + FP

where TN is true negatives,FP is false positives.

In this study, we suggest using�70/20/10� split data approach and evaluating the
results with described above metrics:accuracy , sensitivity , F1-score , and speci�city .

3.8 Interpretation

The last step in the pipeline algorithm is the interpretation. Interpretation is a crucial
step in machine learning. It is the process of analyzing the relationship between the input
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features and output predictions. In this step, the most signi�cant feature is determined.
There are a few common techniques that are used for that: Feature Importance, Partial
Dependence Plots (PDPs), Decision Trees etc. Interpretation helps to understand, which
feature a�ected the model classi�cation the most and to visualize it.
Feature Importance is typically calculated using a metric that quanti�es each feature's con-
tribution to the model's prediction accuracy [13]. This helps to guide which features to
remove and which to keep.
PDPs provide insights into the relationship between input features and prediction by illus-
tration how predictions change when one or more features are applied [13].
Decision Trees o�er insights into feature relationships, they also help to de�ne areas that
may require improvement. They reveal weaknesses in predictive models, particularly where
accuracy scores are low for speci�c subsets of data points or in regions where over�tting
may have occurred due to insu�cient training samples [13].
We propose using bothFeature Importance and Partial Dependence Plots methods,
because they will provide a comprehensive understanding of the features impact and reli-
able features importance estimation that is crucial in a �eld of bioinformatics.
After the data interpretation, the most signi�cant features can be identi�ed and determine
which brain lobes they correspond to. This process is crucial because it will facilitate a
deeper understanding of the relationship between these features and their implications for
neurological conditions caused by alcohol use disorder. This knowledge may improve the
future researches on the similar topics.
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Chapter 4

Implementation

The entire implementation is developed in Python 3.12.3. Each functional step of the
pipeline is modularized into separate Python scripts for clarity. The whole pipeline can be
executed through the main script, pipeline.py , which orchestrates the complete work�ow
from raw data loading to the evaluation results.
The algorithm was executed on MacBook Air (Apple M2, 8GB RAM) and the overall
runtime was approximately 1 hour, with peak memory usage around 318 MB. The most
complex part was feature extraction in terms of performing.

4.1 High-Level Algorithm Overview

The algorithm is implemented in the following sequential steps:

ˆ Copy raw EEG data from dataset in .edf format, categorized by condition EO, EC.

ˆ Cut �rst 60 seconds and last 30 seconds in each trial.

ˆ Apply �lters: band-pass �lter (0.1-45 Hz) and notch �lter (50-60 Hz).

ˆ Remove artifacts using Independent Component Analysis (ICA) method.

ˆ Segment each trial into �xed-length epochs of 5 seconds.

ˆ Normalize the preprocessed data using Z-score standardization.

ˆ Extract features (wavelet-based, statistical, time-domain, etc.) per segment in trial.

ˆ Scale extracted features usingStandardScaler from the sklearn.preprocessing
module.

ˆ Select signi�cant features using t-test and LDA.

ˆ Train models using GroupKFold cross-validation to prevent data leakage.

ˆ Evaluate classi�ers performance using metrics (accuracy, precision, F1 score, recall)
and confusion matrices.
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4.2 Code Structure

The implementation is structured into the following logic blocks, including those generated
throughout the pipeline steps and private dataset:

ˆ UTP-USM-Private-dataset/ : Contains the private dataset.

ˆ copy_data.py : Helper function for copying original .edf data from the dataset to a
dedicated directory.

ˆ data/ : Contains the original, clean (preprocessed), and normalized EEG data.

ˆ preprocessing.py : Script that applies bandpass and notch �ltering, ICA artifact
removal, and data normalization.

ˆ feature_extraction.py : Script for extracting time-domain, frequency-domain,
wavelet, and connectivity features.

ˆ extracted_features/ : Stores extracted features from EEG signals for each subject.

ˆ feature_selection.py : Script for performing feature selection using statistical t-test
and LDA ranking.

ˆ selected_features/ : Contains selected feature sets after the feature selection pro-
cess.

ˆ model_training.py : Script for training classi�ers (LDA, Decision Tree, KNN, etc.)
and evaluating their performance.

ˆ results/ : Contains model evaluation results, performance metrics, plots with impor-
tant features.

ˆ pipeline.py : Main pipeline script that orchestrates the whole process. Is used for
running the entire algorithm.

ˆ README.md : Markdown �le that provides an overview of the codebase, lists
required libraries, and includes instructions how to run the algorithm.

ˆ requirements.txt : File with Python package dependencies.

4.3 Data Acquisition

This thesis utilizes a private UTP-USM dataset. Originally, this dataset includes 12 Al-
coholic subjects and 15 Control subjects. To achieve class balance, 3 trials were removed
from the Control group, resulting in 1:1 subjects ratio. The UTP-USM-Private-dataset/
directory contains this modi�ed dataset.
The .edf �les from dataset are copied into a dedicateddata/original/ directory to en-
sure data integrity. This separation allows safe manipulation of EEG recordings without
altering the original data. This operation is implemented in the copy_data.py script. The
copied data are organized by condition (EO, EC), group (Control, Alcoholic), and subject
folders. For example: data/original/EC/Control/02/02 01.001.01 AGE 31 EC.edf .
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4.4 Data Preprocessing

The preprocessing step involves several key actions to prepare EEG raw signal for further
analysis. These steps include bandpass �ltering, notch �ltering, channel con�guration,
artifact removal using ICA, and segmentation of the signal into �xed-length epochs. The
entire process is implemented in thepreprocessing.py �le.
Before performing the cleaning steps, the signal is cropped to remove potentially noisy
intervals � �rst 60 seconds (when the subject is adjusting or nervous) and the last 30
seconds (when the trial's end may introduce artifacts).
For illustration purposes, the �gures in this section use data from a trial: the eyes-open (EO)
condition from a Control group subject (�Subject 01�, trial �01 03.001.01 AGE 26� ).

4.4.1 Electrode con�guration

The private dataset originally includes 22 EEG electrodes named according to a custom
convention. While these names contain reasonable substrings, they do not fully align with
the standard 10-20 system. To ensure compatibility, the following steps are performed:

ˆ Channel renaming: All channels are renamed according to the 10-20 system. For
example, �EEG O1-LE� is renamed to �O1�, �EEG Fp2-LE� is renamed to �Fp2�,
etc.

ˆ Channel dropping: three channels are excluded from the analysis: �EEG A2-A1� (not
a scalp measurement), �EEG 23A-23R� (not part of the 10-20 standard), and �EEG
24A-24R� (not a part of the 10-20 system). Preprocessing works with22 - 3 = 19
channels.

ˆ Montage setting: A standard 10-20 montage is applied to ensure accurate electrode
placement accross all trials.

These steps are necessary because the original dataset uses an older naming convention
known asModi�ed Combinatorial Nomenclature (MCN), which partially overlaps with the
10-20 system. To ensure compatibility with the tools applied, channels are renamed ac-
cordingly, and non-standard channels are removed.
The described logic is implemented inpreprocessing.py script and leverages key methods
from the mnePython library:

ˆ mne.io.read_raw_edf : loads the raw EEG data from .edf �le.

raw = mne.io.read_raw_edf(os.path.join(subj_path, file),
preload=True, verbose=False)

ˆ rename_channels: renames channels using a prede�ned dictionary to match 10-20
system.

raw.rename_channels(rename_ch_dict)

ˆ drop_channels : removes channels that are not part of the 10-20 system or are not
scalp-related.
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