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Abstract

Identifying robust and non-invasive biomarkers of psychiatric diseases in the brain is still an open challenge.
These unknowns prevent the effective treatment of patients suffering from alcoholism, depression and anxiety
for example. In this work, we investigate whether it is possible using machine learning algorithms (SVM,
random forest, ..) to predict from EEG and structural MRI data whether subjects are alcoholic, depressive
or anxious. To do this, we used two datasets collected at St-Luc University Hospital. The first one includes
210 alcoholic, depressive, anxious and control subjects for whom structural MRI data have been collected.
The second dataset includes 43 alcoholics with anxiety and depression comorbidities at the end of their
withdrawal, for which EEG data (resting state and event related potentials) were collected. The results based
on our two datasets showed that, (i) the structural MRI data allowed to differentiate alcoholics from controls,
(ii) the most different variables between alcoholics and controls corresponded to the cortical thickness of the
brain structures, and (iii) it was possible to identify slight differences between the ERP components of
depressive and non depressive alcoholic patients. These results indicate that EEG and structural MRI data
could be used to help diagnose psychiatric patients and that their potential should be exploited to devise
new treatments and to study more complicated problems such as relapse in alcoholic patients.
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Introduction

The links between psychiatric pathologies and their pathophysiological mechanisms are still unclear. In-
deed, the study of the brain was still limited a few years ago, which has caused research to lag behind.
Moreover, the difficulties in producing explanations between mental, biological and physical states could be
due to intrinsic differences between biology and psychology. Given the current limit of scientific knowledge of
psychiatric pathologies, some different pathologies are believed to be the same because they have a number
of similar symptoms, but their neurological causes are not always the same. Thus, they are often treated
in the same way, which results in their treatment not always being effective. Nowadays, clinical diagnoses
in Belgium are mainly made by a psychiatrist after a discussion with the patient, using the Diagnostic and
Statistical Manual of Mental Disorders (DSM V), and/or via the results of questionnaires answered by the
patient.

With the advent of new technologies, mainly structural Magnetic Resonance Imaging and Elec-
troencephalogram , other types of clinical diagnosis are now available to improve the diagnosis of
psychiatric patients. EEG is a method which records the neuronal activity of the brain using electrodes
placed on the scalp. Structural MRI is a technique which produces images of the anatomy of the brain.
These methods are currently not widely used in psychiatric wards in Belgium and their potential is not fully
exploited. The aim of this thesis is therefore to identify, using machine learning algorithms, whether MRI
and EEG data can be used to identify alcoholism and its comorbid diseases such as anxiety and depression.
The research question is therefore: "Is it possible to identify anxiety, depression and/or alcoholism from
EEG (resting EEG and event related potentials) and structural MRI data? ".

To achieve this objective, we focus on one EEG and one structural MRI dataset, each collected at the end
of the alchohol withdrawal period, i.e., approximately twenty days after the start of the patient’s care by the
psychiatrist. These data were collected from the archives of clinical examinations performed in recent years
in psychiatrist department of St-Luc Hospital.

The MRI dataset is composed of 210 subjects, including 141 alcoholics and 69 controls. Among these
subjects, 69 are also in a depressive state and 44 in an anxiety state. For the latter, we will apply machine
learning methods that will allow, based on the MRI data, to classify the subjects as alcoholic or not, in
a depressive state or not, in an anxious state or not with the whole dataset or only within the subset of
alcoholic patients.

The EEG dataset contains 43 alcoholic subjects from the withdrawal ward of St-Luc Hospital. This one
was also collected after the withdrawal period and contains features extracted from evoked potentials and
EEG at rest. For the EEG dataset, we will apply machine learning methods to classify the alcoholic patients
in an anxious and/or depressive state.

The report is divided into two subparts: the literature review and the proof of concept. First, a theorical
background relates the characteristics of the EEG and MRI signals, the diseases studied, and the machine
learning methods used. The second section is a proof of concept and focuses first on the types of data that
were used and the characteristics of the signals that were extracted. Then, a section is dedicated to the
machine learning algorithms and the strategies implemented. It concludes with a section on the results we
have obtained from the machine learning algorithms we implemented and a discussion of these results.
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State of the art



Chapter 1

Cerebral examinations

This chapter focuses on the two types of medical brain data that have been used as input to our machine
learning algorithms. The first part of this chapter focuses on electroencephalogram. It tries to answer the
following questions: What is an electroencephalogram ? What does it record? What is the interpretation of
the characteristics of the EEG signal? The second part of this chapter will focus on MRI and will explain the
physics behind the recording of this signal. It will also present the different characteristics that are studied
for this signal.

1.1 Electroencephalogram

Electroencaphalography is a non invasive method introduced by Adolf Beck in 1890 [1], giving a global
overview of the functional work of the brain. Electroencephalogram (EEG) is a record of the oscillations of
brain electrical potential recorded via some electrodes on the scalp. Brain cells communicate information to
other neurons through other cells via electric or chemical signals. The transmission of information through
neurons leads to the creation of an electromagnetic field which can be recorded by electrodes on the scalp. In
the literature, we often consider two kinds of EEG, resting state EEG and Event-Related Potentials
. As the name suggests it, resting EEGs provide information about the neural activity of a subject at
rest, whereas ERPs are concerned with the neural activity of a subject after a certain task or stimulus.

1.1.1 Structure of the neuron

Neurons are the cells that form the basis of the EEG signal. A neuron is a cell of the nervous system
specialized in the communication and treatment of information. The total number of neurons in the brain is
more than 100 billion and are therefore capable of creating an incredibly complex network, sometimes with
more than 100,000 synapses per neuron.

The neuron is composed of the following parts [2]:

e A cell body, also called the nucleus, which contains chromosomes, responsible for the production of
proteins.

e Numerous dendritic branches from which information comes from.

e An axon, through which the information is diffused. Synapses enable to put into contact axons and
dendrites of different cells which enable the passage of information.
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Figure 1.1: General illustration of the neuron structure, from [2].

Neuroscientsts claim that brain behaviors are related to the result of interaction of neurons and assemblies
of neurons [3]. Neurons are excitable cells, which means that a stimulus (voltage) can lead to the formation of
a bioelectric signal in the cell, which can be transmitted to other neurons or to other tissues to activate them
(muscles, secretory glands, etc.) [4]. Those stimuli can be measured with an electroencephalogram. The
scalp potentials which are measured by electrodes on the scalp are generated by millisecond-scale modulations
of synaptic current sources at the cortical surfaces [5, [6], see figure More precisely, the movement of
ions in the membrane of neurons creates an excitatory postsynaptic potential. An excitatory postsynaptic
potential is characterized by a temporary reduction in the membrane potential. This can be excitatory
inducing extracellular potentials and creating a current. The electrical potential recorded with the EEG is
created via those extracellular currents. Those currents are measured at far distance from its source and can
thus be approximated by a dipole moment per volume [5]. This approximation is valid in the case of EEG,
for a mathematical proof see [7].

1.1.2 Brain structure

As the EEG signals record the brain activity, a short reminder of the brain structure is needed. The
brain is composed of white and grey matter. Grey matter is composed of different cell bodies and
few axons. White matter is mainly composed of axons and is responsible for communication between
the different neuronal cells. The brain is divided in three primary regions, they are called the brainstem,
cerebellum and cerebrum (see figure [I.2)).
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Figure 1.2: General overview of how the EEG signal is recorded and its origin, from [5].

The brain is also separated in two cerebral hemispheres, the left and the right one and are connected via the
corpus callosum, containing axonal fibers, enabling interaction between the two hemispheres. Hemisphere
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interaction occur thanks to more than 100 millions callosal axons connecting the two hemispheres and that
is the reason why the brain structure is often compared to a neural network or even to an electrical circuit.
Circuit elements could be compared to unique neurons or even to groups of neurons of different size. The
axons could then be imagined as wires connecting the circuit elements. In this simple picture, the circuit
elements would be controlled via electrical and chemical inputs form the brainstem [5].

1.1.3 System of Electrodes Placement

As the recording of the EEG signals depends on the locations of the electrodes, a general system placement
for electrodes is often used [§]. To record EEG signals, at least three electrodes are needed, two measurement
and one grounding electrodes. For most system placements, the grounding electrode is placed on the neck
or on the ears. It provides a reference voltage which enables to prevent amplifier drift and to reject environ-
mental artefacts. The measuring electrodes are placed on the rest of the scalp and, as the name suggests,
they record the electrical activity of the scalp.

The most widely used electrode placement system is the 10-20 System (see figure[1.3), used by Cognitrace,
the company having sold its electrodes to the St-Luc hospital. It is an international method which was
introduced by the American Electroencephalographic Society [9]. This method ensures that

e Inter-electrode spacing is equal.
e Tests are reproducible.

e The complete brain region is covered.

B Masion 10%

Preaurical
Pa1 poirt

.
Inion 10%

Figure 1.3: Tllustration of the position of the electrodes on the scalp of the 10-20 System, from [I0].
The code/name of each electrode, composed of a sequence of characters followed by a number, gives
information about its position on the scalp [10]:
e A : Fear Lobe
e C : Central Lobe

e Fp : Frontral Polar

O : Occipital Lobe
e P : Parietal Lobe

e Pg: Nasopharyngeal

T : temoral Lobe
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1.1.4 EEG frequency ranges/ Frequency Bands

We often consider the resting EEG signal as the mixture of different signals with varying frequency ranges,
considered to reflect certain cognitive states. The EEG signal is thus often decomposed in different subbands
: Delta band (1-4Hz), Theta band (4-8Hz), Alpha band (8-12 Hz), Beta band (13-30 Hz) and Gamma band
(>30Hz) [I1]. For a comparison between the different brain waves, see figure
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Figure 1.4: Illustration of the delta, theta, alpha, beta and gamma bands of an electroencephalogram wave
from [I1I]. The recorded EEG signal (above) is the mixture of different sub-signals (below), each oscillating
in a specific frequency.

Delta Waves

The delta waves have a frequency in the range 1-4Hz. They are high-amplitude waves associated to deep
sleep, coma or hypnosis. The delta waves are also linked to different brain functions other than deep sleep,
e.g., high frontal delta waves in awake subjects are associated with cortical plasticity [II]. Reductions of
delta amplitudes are often observed for schizophrenia and alcoholic patients during sleep.

Theta Waves

The theta waves are in the frequency range 4-8Hz. They are more often observed when people are in a
drowsy state and they are more common for children than for adults. The hippocampus contains large layers
which are major contributors of the theta waves formation. Increase in the theta activity for awake subjects
is often related to brain abnormalities or diseases [12].

Alpha Waves

The alpha waves have their frequencies in the range 8-12Hz. Activity in alpha waves is related to different
stages of sleep. Those waves are having higher amplitudes when people are relaxed [12]. The boundary
between theta and alpha waves is not clear, they are both associated to memory actions [13].

Beta Waves

The beta waves are in the range 13-30 Hz (on average). They have a lower amplitude than the waves
described before. The activity of beta waves has been observed during different activities such as: activeness,
anxious thinking or concentration. Engel and Fries proved that beta activity was linked with cognitive
processing and the motor system [I4]. The beta waves over the motor system are correlated with muscle
contractions. When the activity of beta waves is more important, it is often due to the use of sedatives or
drugs.

Gamma Waves

Gamma waves are the waves with a frequency higher than 30 Hz. They often get small amplitude and
high contamination due to noise, due e.g. to muscle artifacts or eye blinking. Still some studies proved that
high activities in temporal locations are associated with memory processes [12].
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1.1.5 Event related potentials (ERP)

The event related potential is a part of the recorded EEG signal, starting after a stimulus or a certain
event. The ERP components can be quantified by averaging the activity in the EEG according to a specific
event. The result is a waveform associated with the processing of that specific event. The characteristics of
the ERP components are [15] [16]

e Its position : the brain-response will not be the same in the central or occipital lobes.
e Its polarity : positive or negative; P300 and N100 peaking respectively positively and negatively.

o Its latency : P50 and P300 peaking on average 50 and 300 ms after a stimulus.

We observe two types of event related potentials, displayed on figure after a certain stimulus [I5]:
e Sensory or exogenous waves :

— They peak roughly the first 100 ms after a stimulus.
— They depend on physical features of the sensory stimulus.

— They are independent of the level of concentration and cognition processes.
e Cognitive or endogenous waves :

— They peak later than the exogenous waves.
— They do not depend on physical features of the sensory stimulus.

— They depend of the level of concentration and of the resources required for stimulus processing.

They are influenced by cognition processes.

Event Related Potential (ERP)
P200

Exogenous

N220

Endogenous

N100
I . . . . .
0 100 200 300 400 500

MSEC

Figure 1.5: Example of exogenous (until almost 100ms after the onset of a stimulus) and endogenous (peaking
later) ERP waveforms from [16].

In the end of this section, we mainly focus on the ERP components that have been used in our case-study.
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P50

The P50 can be observed after a pair clicked paradigm [I7]: two auditive clicks (S1,5S2) are presented after
each other to the patients with a certain interstimulus interval (ISI). Each click enhances a stimulation in
the brain and creates what we call the P50 S1 and P50 S2 component. The P50 is the ERP component
which peaks first, on average 50 ms after an auditory click and it is the one with the smallest amplitude of
all [I8]. The P50 is one of the first step of the signal processing related to the attentional filtering, occuring
in the brain after the stimulus. The P50 is sometimes also called P1, as on figure [1.5

P200

The P200 waveform component is observed between 150 and 280 ms and peaks around 200 ms after a
stimulus. The P200 component could return pre-attentive alerting mechanisms that help improving stimulus
perception. For our case study, the P200 wave was examined after an oddball auditory stimulus, see next
section for a better explanation.

P300

EEG low-frequency components, especially delta bands, are the primary contributor to the P300 peak of
event-related potentials. The P300 wave would take its source in the limbic system and the hippocampus
[19]. Different methods have been used to highlight the P300 wave among which the oddball paradigm.
The oddball paradigm was discovered by Nancy Squires et al [20]. Different stimulus are presented to the
subject, with a less frequent stimulus referred to as the oddball. This infrequent stimulus triggers the P300
respouse.

The P300 wave peaks roughly between 280 and 500 after the oddball. The latency is often associated
to the speed of the stimulus classification such that shorter latencies are associated to people with higher
mental performances. The amplitude of the P300 wave is associated with and short memory [21]. "Reduced
P300 amplitude is an indicator of the broad neurobiological vulnerability that underlies disorders within the
externalizing spectrum, such as alcohol dependence, drug dependence, nicotine dependence, conduct disorder
and adult antisocial behavior" [22]. Studies proved that the P300 latencies and amplitudes decrease with
age [23].
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Contigent Negative Variation (CNV)

The CNV is an ERP component introduced by Walter et al. in 1964 [24]. The CNV can be generated
by a standard reaction time paradigm (S1-S2-motor response) [15]. A warning signal (S1) is broadcasted to
the subject, a sound or an image on a screen for example. This signal is followed by an imperative signal
(S2) to which the patient must react, this signal is potentially different from S1. The CNV component is
the part of the EEG signal recorded between S1 and S2. Two different waves are observed in the CNV, the
early CNV taking place 1000 up to 2000 ms after the warning stimulus and the late CNV which takes place
2000 to 3000 ms after the warning stimulus. The early CNV would be generated by the warning stimulus
[25], while the late CNV would be linked to the motor preparation of the second stimulus [26].
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Figure 1.6: Example of CNV recorded wave at the Cz electrode highlighting early and late CNV, adapted

from [27].
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1.2 Magnetic resonance imaging (MRI)

Magnetic resonance imaging (MRI) is a medical non-invasively imaging technique that provides two and
three-dimensional views of the interior of the body and enables to offer great contrast of soft tissues (gray
and white matter). Compared to computed tomography (CT), MRI often gives less accurate images but it
is safer for human since it does not produce any radiation. The first MRI on humans was done in 1977 and

is since used on average oo; inhabitants/year [28].

1.2.1 Magnetic properties

In quantum mechanics, all atomic nuclei with an odd atomic number (IH, 1B, 31P) have a spin, also
commonly called angular momentum, the fundamental principle on which MRI images are obtained. Due
to the large number of hydrogen atoms bound to water molecules in the human body, "H-MRI is the most
commonly used technique.

A spinning charge and therefore a spinning 'H particle creates an electric field and a magnetic field (1)
aligned with its spin axis. When no magnetic field is applied to a set of rotating charges, the resulting sum
of these magnetic fields is equal to the vector null.

However, when a By external magnetic field is applied to this same set rotating charges (protons for 'H),
these charges align themselves parallel (spin %, low energy state) or anti-parallel (spin f%, high energy state)
to the magnetic field [29]. These magnetic moments induce a torque proportional to g and to the By field
so that the rotation axis of the protons is not perfectly aligned with By, see figure

B,

\\ anti-parallel
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Figure 1.7: Formation of parallel and anti parallel spins due to magnetic field By from [29].

The Larmor frequency describes the precession frequency of protons subjected to a magnetic field By. The
Larmor frequency is given by the following equations where v represents the gyromagnetic ratio, equal to
21 x 108 rad,

sT

or
vo = - B, (1.2)
2T

Due to the external magnetic field By, the magnetic fields induced by each proton sum up together and
create a magnetic moment, called macroscopic magnetisation.

M = Z/I (1.3)
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The macroscopic magnetisation induces an energy difference between protons with a parallel and anti-
parallel spin.

hy
AE = hvg = —B 1.4
Vo om 0 ( )

The state occupancy between the two states is given with Boltzmann equation.
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Where h, k,T are respectively Planck’s constant, Boltzmann’s constant, temperature in Kelvins.

1.2.2 Radiofrequency pulses(RF)

Transition between the two states of energy can be done by applying RF pulses with a frequency equal to
the frequency of protons such that resonance takes place. There are two main kinds of impulse :

e 90° RF : The number of protons in the low energy state is initially higher. This pulse ensures that
there are as many protons in the high and low energy states and that they are all in phase and aligned
such that a non-zero resultant in the xy plane is created and the M, component is equal to zero, see

figure

e 180° RF : the pulse flips the total net magnetization from M to —M , protons in the lower energy state
transit to higher energy state. This is seen on figure , where M was initially in the same orientation
as By and is then flipped.
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Figure 1.8: Illustration of the system after 90° RF( left) and 180° RF(right) after being initially in resting
state , see figure [1.7| from [29].

With a 90° RF, protons return from a high energy state to their initial state. The time needed to pass from
one state to the other is called relaxation. We mainly encounter two types of relaxation in the literature,
the T1 and T2 relaxation.

T1 relaxation

The longitudinal or T1 relaxation is characterized by an exchange of energy between the spins and the
surrounding lattice (spin-lattice relaxation). The recovery of the longitudinal magnetization follows an expo-
nential curve whose recovery rate is characterized by the tissue-specific time constant T1. After the time T1,
the longitudinal magnetization returns to 63 % of its final value. The closer the collision frequency between
the molecules is to the Larmor frequency, the smaller the T1 is, and the reverse is also true.
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T2 relaxation

The transverse relaxation also called spin-spin relaxation is due to the phase shift of the spins. Interactions
between the induced magnetic fields of the spins can occur when the spins move together. These magnetic
fields then influence the precession velocity of the spins which causes a cumulative phase loss that results
in a decrease of the transverse magnetization. The transverse magnetization loss is characterized by an
exponential equation characterized by the time constant T2. After a time T2, the transverse magnetization
lost 63 % of its initial value. The T2 time varies according to the molecular structure of the tissue and the
state of the material, an example is shown in table Those changes in relaxation times can be used with
MRI sequences in order to differentiate brain tissues.

Brain tissue | T1(ms) | T2(ms) | %H20
Gray Matter 900 100 80
White Matter 780 90 72
Fat 260 80 0

Table 1.1: Relaxation times and water importances of brain tissues at 1.5 Tesla, modified from [29].

Bloch equations

The T1 and T2 relaxations are deduced from the Bloch equations when 8, = By [30].

d]\f;(t) = y(M{t) x B{t))s — M;(t) (16)
2

DO _ o ((arfe) x 5oy, - 2 n

dMth(t) — ,Y((M_(t) X B(t))z _ w (1.8)

(1.9)

1.2.3 Spin-echo sequence

The spin-echo sequence is one of the first MRI sequences that was introduced. The simplest form of
spin-echo sequence consists of a -90° pulse followed by a 180° pulse and an echo. A spin echo sequence is
characterised by its echo time which corresponds to the time between the 90° impulse and the echo.
The sequence is also characterised by the repetition time which corresponds to the time between the
two 90° RF impulses. A scheme of the sequence is illustrated on figure [I.9]
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Figure 1.9: Spin echo sequence from [31] [32].
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T1 weighted images

The T1-weighted image highlights the differences in T1 relaxation times of tissues. It allows to differentiate
anatomical structures on the basis of T1 relaxation times of brain tissues, see table In order to have T1
weighted images, both TE and TR should be short.

The choice of a short TR allows that not all protons find their alignment with the main magnetic field,
which would display an image with a uniform intensity. The choice of a TR shorter than the recovery time
of the tissues also allows to differentiate the different types of tissues. Figure[1.10]shows how to obtain this
type of image and what it looks like. "The white matter is represented in light grey, the grey matter in a
darker shade of grey and the fluids in black" [32].

signal A

) TR court - TE court

u 3 A =2 contraste T1

— —

>
TE = 15ms -

Figure 1.10: Illustration of T1 weighted image recording sequence (left) and obtained result (right), from
[31, [32).

T2 weighted images

The T2-weighted image highlights the differences in T2 relaxation times of tissues. This is done by applying
a spin-echo sequence with a strong T2 contrast with a long TE and TR. Figure shows how to obtain
this type of image and what it looks like."The white matter is in dark grey,the grey matter is in light grey
and the cerebrospinal fluid is in white" [32].

TR = 2000 ms
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Figure 1.11: Tllustration of T1 weighted image recording sequence (left) and obtained result (right), from
31, 32.

1.2.4 Structural MRI features

In the medical field, different features of the brain structures are extracted from MRI images such as the
volume, area, mean and standard deviation of the cortical thickness of the brain structures (grey matter).
The curvature of brain structures is also studied. To understand this concept of curvature better, let’s first
explain what the principal curvatures of a surface at a given point are. The principal curvatures ¢; and cy
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are the eigenvalues of the shape operator S at that point, given by the negative derivated of the unit Normal
vector field of the surface at that point.
cu = S(u)u

They measure how the surface curves by different amounts in the main directions at each point of the
surface. The mean curvature at a certain point is given by the average of ciand ¢y or by the trace of S at
that point. In two dimensions, the mean curvature at a certain point of a line is given by the inverse of the
radius length of the osculating circle [33], see Figure Gaussian curvature is obtained via the product
of ¢; and ¢y, the determinant of S a that point. The mean curvature depicts the extrinsic shape, while the
Gaussian curvature is an intrisic feature, it quantifies expansion or distortion of the surface. The principal
curvature ¢, at a point on a line is defined as the inverse of the radius of the inscribed circle at that point,
see the upper left of figure Same happens in 2 dimension but this time with R; and Rs, see upper

right of figure [[.12}

Mean Curvature
H=(c+c)/2

Gaussian Curvature
K=cXc,

Mean Curvature Gaussian Curvature

Figure 1.12: Mean curvature and Gaussian curvature illustrated from [33]. Above figures show mean curva-
ture in 2 and 3 dimensions. The below figures illustrate mean and Gaussian curvature obtained on a brain.
Positive and negative curvature are drawn in red and green.
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Chapter 2

Psychiatric diseases

This section covers the three psychiatric diseases that were studied for our case study, alcoholism, anxiety
and depression. Each section begins with a general overview of the disease : its symptoms, the questionnaires
to identify it and its links with other psychiatric diseases. Each section also looks at EEG and MRI findings
related to these psychiatric diseases.

2.1 Alcohol Use Disorder

This section focuses on the first disease we studied, alcoholism. This section is divided into two sub-
sections, the first focusing on the on the psychiatric side and the second on the link between brain structures
and alcoholism.

2.1.1 General Overview

Alcohol use disorder (AUD) is a psychiatric disease which is characterized by harmful drinking patterns
leading to negative emotional, physical and social ramifications [34]. AUD is an illness spread overall the
world, each year 3 million deaths are due to alcohol on average. In the age group 20-39 years approximately
13.5 % of the total deaths are alcohol-attributable. Excessive alcohol use can damage all organ systems, but
it particularly affects the brain [35]. The major causes of alcoholism are not yet known. However, certain
factors can increase the risk of alcoholism [36]:

e High weekly consumption: more than 15 drinks for a man, more than 12 drinks for a woman.
e Binge drinking: high consumption once a week (more than 5 drinks in one day).
e Genetics, family history of alcoholism.
e Psychiatric illnesses: depression, anxiety, etc.
There is currently no cure for alcoholism. However, professional treatment in a rehabilitation centre can
help people with alcohol use disorders to recover and stay sober. Detoxification is an important first step

towards recovery from an AUD, but it often does not lead to long-term abstinence. In fact, the risk of relapse
after a detoxification is around 80% within a year [37].

The Alcohol Use Disorders Identification Test was developed in 1982 by the World Health organ-
isation. Since it was introduced, it has been the most used psychological test to detect alcoholism. The test
is composed of 10 multiple choice questions about the frequency of alcohol consumption, drinking patterns
and alcohol-related problems. The test can help identify excessive drinking as the cause of the presenting
illness [38]. Each question is ranked from 0 to 4, the total score of each subject is then quantified in order
to assign a certain level of alcohol use disorder. The most used cutoff for the moment is the following

e Audit score < 8 : Control

e Audit score > 8 : AUD
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2.1.2 MRI and AUD [39]

Alcoholism affects a fairly large number of structures in the brain and for the most part, a reduction in
volume, area and/or density of white matter or gray matter is observed in these structures. In particular,
several studies have found a reduction in gray matter in the cerebral cortex [39, [40]. Alcoholic patients who
smoke experience even more extensive gray matter changes, this was for example reported in the prefontal
cortex and the anterior cingulate cortex [41].

Regarding cortical atrophy, the most affected areas by alcoholism are the frontal lobes and the posterior
cingulate, [42], [43] which are related to memory and attention [44] and also the cerebellum, related to balance
and other motor functions, see figure Aging does also alter the cortical atrophy, one studied showed
that cortical thickness was even smaller for old and young alcoholic with the same consumption of alcohol
during their life [45].

The subcortical structures,which are located below the cerebral cortex and are responsible for memory
and emotions are also affected by alcoholism. White matter reductions of volumes in the corpus callosum,
pons, thalamus, hippocampus, ganglia, putamen have been reported [39].

Figure 2.1: Brain structural MRI imaging. First picture shows most impacted regions by alcohol, the second
one shows significant differences between AUD and controls [39].

For a more detailed explanation of brain structural imaging and alcoholism, see [32].

2.2 Depression

This section gives a brief overview of the depression disease. It is divided into four parts: the first part
deals with psychiatric side of the disease, the second and third with the findings linking EEG, ERP and
depression. The last part focuses on links between brain structures and depression.

2.2.1 General overview

Depression is certainly the current major health and economic concern. Depression is a mental illness
which affects the way you feel, think and act. Depression is characterized by a high feeling of sadness and
desperation [46]. We identify different types of depression such as Major Depression and bipolar
depression which are not treated the same way. We will mainly focus on major depression in the following
part. The lifetime prevalence of major depression is at least 10% with the risk in women twice that in men
[47]. Depression is a disease which may be influenced by different factors such as
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e Biochemistry : Chemical or biological differences in the brain [48].
o Genetics: Heritabilty is about 40 to 50% in twins studies [49].

e Personality: People who have less self-esteem or people who are more stressed are more likely to be
depressed [50].

e Environmental factors: Violence or events can lead to depression [50].

e Other mental diseases : alcoholism [36], anxiety [51].

The correlation between alcohol or other substances consumption and mental illness such as depression is
a subject that creates some conflicting evidences. For example, Hanyes et al. told in 2005 that high AUD
may not be correlated with depression [52]. Plant claimed that the correlation is one sided that after heavy
drinking problems, people get often more and more depressive [53]. In addition, alcohol-related problems
have been shown to make recovery from depression more difficult [54]. At the inverse, Babor et al. in 1997
suggested that the correlation between both was bidirectional, alcohol affects mental wellness and mental
wellness affects alcohol consumption [55].

Efficient treatments exist for depression. Contrary to AUD, depression is a disease for which 80 to 90%
of subjects response well to treatment and almost all patients finally recover from their illness. Depression
can be treated by medication, psychotherapy and by electroconvulsive therapy.

The Beck Depression Inventory was first published in 1961 by Aaron T. Beck. The BDI-II was
modified in 1996 to be more consistent with the new criteria of depression and is currently one of the most
well known tools used to asses depression [56]. The inventory contains 21 self-reported multiple questions.
Each answer is ranked from 0 to 3, the total score of each subject is then quantified in order to assign a
certain level of depression. The most used cutoffs are the following [56]:

e 1-9 : No or small depression
e 10 -18 : Mild mood disturbance
e 19 -29 : Moderate depression

e > 30 : Severe depression

2.2.2 Resting EEG and Depression

Relations between resting EEG and depression have been widely studied in the literature. The main
analytical paradigm studied is the power spectral decomposition of EEG bands. Studies showed that there
was a reduction in the delta activity and an increase in the alpha and beta activity for depressed subjects
[67, 58]. New studies focusing on the gamma band suggest that

e There are differences between major depressed subjects and controls. A study observed that there was
a reduction in the gamma power spectral density for MDD in the anterior cingulate cortex [59].

e Medications for depression, such as ketamine could alter the gamma band [60].

e There are differences between unipolar and bipolar depression. Some studied using magnetoencephalo-
graph (MEG]) showed that the gamma power spectral density was superior for MDD in the whole brain
after an auditive stimulus in comparison with subjects suffering from bipolar depression [61].
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Some studies tried to classify MDD thanks to resting state EEG data. A report studying correlation be-
tween resting state EEG and depression for almost 100 subjects achieved 70% sensitivity and 76% specificity
using power spectral density (PSD) of the bands of the EEG signals. They first used Linear Discriminant
Analysis (LDA) to change the initial feature space (reduction of dimension) and then the Genetic algorithm
was used to find the most important features. Decision trees were then used to classify depressed from
non-depressed subjects [62]. Another research using resting state EEG achieves 97 % of accuracy in order
to detect control subjects and MDD. The different features extracted from the EEG signals were the power
spectral density and EEG alpha interhemispheric. The most important characteristics were selected by as-
signing a weight to each characteristic that was more significant if it could separate each class on its own.
Different classifier models were used such as Logistic Regression, Support Vector machine or Naive Bayesian

[63].

2.2.3 ERP and depression

A research studying the P300 wave elicited after an oddball paradigm for 17 melancholic, drug-free de-
pressed patients, 22 controls and 13 patients after recovery from MDD, showed that there was no significant
difference for the latency between depressed, controls and for subjects after recovery. At the inverse, there
was a significant difference in the amplitude of the P300 wave. They claimed that the P300 amplitude for
MDD subjects was smaller compared to controls and recovered patients, was negatively correlated with the
severity of depression and kept increasing after recovery [64].

Another study using an auditory oddball paradigm to assess significant differences between P200 and P300
waves between MDD and control subjects found that the latency of P300 waves of MDD was significantly
higher as the amplitude of the P200 wave [65].

Features of P300 waves such as amplitudes and latencies of the Fz, Cz and Pz electrodes have also been
used in order to classify MDD and controls. By using t-test to take most significant features into account and
by using logistic regression, the highest classification accuracy achieved was 85.1% [66]. A last study using
P300 features with an auditory oddball task using more than 100 subjects obtained 73% of accuracy using
logistic regression in order to classify MDD and and post traumatic disorder patients and healthy controls

[67].

2.2.4 Structural MRI and depression [68]

Researchers who studied depression and its correlation with brain structure noted an overall decrease in
the volume of gyrus material in the frontal lobe and particularly in the orbitofrontal cortex [68], 69} [70]. Other
studies also agreed that there was a reduction in the volume of the temporal lobe, the hippocampus, the
gyrus and the left posterior cingulate for depressed subjects [71} [72]. An Enigma mass study including 1728
MDD and 7956 control patients was performed to analyze differences in subcortical volumes and cortical
thickness. Depressed subjects did not show significant differences with control adolescents in subcortical
volumes. Adult patients showed a reduction of the cortical thickness of the orbitofrontal cortex, the anterior
and posterior cingulate cortex, the insula, and the temporal lobe. It was also observed for these patients
that their brain appeared on average more elevated and that this was even amplified when they were taking
antidepressants [43]. A better overview of the cortical thickness changes (in yellow) for MDD is shown on

figure 2.2

MDD

Figure 2.2: Cortical thickness of Orbitofrontal, cingulate cortex and insula, and temporal lobe are the most
impacted regions for MDD, from [43].
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Reductions in subcortical volumes such as the putamen and basal ganglia are also observed, these are
problems also observed for alcoholic patients [73].

2.3 Anxiety

The last psychiatric illness we looked at is anxiety. In this section, we first focus on the different types
of anxiety that exist, the risks that can induce anxiety and the questionnaires that can assess anxiety. We
then look at the studies linking resting EEG, structural MRI and anxiety.

2.3.1 General overview

Anxiety disorder is one of the most psychiatric illnesses spread in the world. It affects more than 40 millions
adults in the US each year. Despite being one of the most widely spread mental illnesses in the world, it
is also certainly one which is the most misunderstood as only 27.6% of people suffering from anxiety gets a
treatment for it [74]. Anxiety can be decomposed in five different classes [75]:

e Generalized Anxiety Disorder (GAD)) is characterized by exaggerated worry.

o Obsessive-Compulsive Disorder (OCD]) is a disease which is characterized by compulsive behavior which
can be observed which different tests such as the OCDS obsessions.

e Panic disorder is characterized by repeated panic attacks and fear moments.

e Post Traumatic Stress Disorder (PTSD)) is an an anxiety illness which can occur after some traumatic
events such as personal assaults, moment of excess fear, etc..

e Social anxiety disorder, also called social phobia, is characterised by strong anxiety and excessive
self-consciousness.

Several factors can increase the risk to develop anxiety :
e Personality [76]: people who are more stressed are more likely to be depressed.
e Psychiatric illnesses: alcoholism [36], depression [5I]. Withdrawal can cause or worsen anxiety.

e Stress [75]: induced by an illness or an event.

Anxiety is mainly treated in two different ways. The first way, psychotherapy, is to work on these anxiety
disorders. For this, cognitive behavioural therapy is often used. If therapy is not effective, or as a supplement,
medication is also used to treat anxiety.

The State-Trait Anxiety Inventory (STAI) was introduced by psychologist Charles Spielberger in 1983
[77]. The is a multiple-choice questionnaire with each item ranging from 1 to 4, with the total score
ranging from 20 to 80. A cutoff score of 40 is generally used to define likely clinical levels of anxiety [78]. The
STAI can measure two different types of anxiety, state anxiety and trait anxiety. The STAI-state assesses
the patient’s current state of anxiety, using items that measure subjective feelings of apprehension, tension,
nervousness and worry. The STAI-trait instead assesses patients’ self-confidence, calmness and safety.

2.3.2 Resting EEG and anxiety

There are few studies which focused on the correlation between the power spectral density of EEG bands
and generalised anxiety disorder. One of those researches found that the power spectral density of the gamma
bands in the posterior sites was superior for anxious subjects compared to controls and suggested that it
could have a correlation with negative affect of those people [79].
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Another study working on patients with and without panic attacks and more precisely with agoraphobic
disorders found that agoraphobic anxious subjects had a reduction in the power spectral density (PSD) of
the alpha and beta waves in the right hemisphere. Plus, they also emphasized that anxious subjects had
a significant increase of the PSD of the theta wave in the temporal areas of the right hemisphere [80]. A
study counting 52 patients suffering from panic disorder and 104 controls investigates the correlation with
overall PSD of subjects and anxiety. Their major finding was that the overall power spectral density of panic
disorder subjects was lower compared to controls and this mostly when eyes are closed [81].

A study using SVM with different kernels such as Gaussian kernel and polynomial kernel obtained an
average of 83% of accuracy by using as features the PSD of the EEG bands. To increase the number of
subjects, they cut the EEG signal of each subject in different signal and consider each segment as a different
subject such that they obtain more than 5000 patients [82] (maybe overfitting as soon as each patient is
similar to itself). Given the noise of the EEG signal, by slicing the signal into 2-second bands, the spectral
density of each band of each electrode may be completely different from one slice of the signal to another.
For clinical purpose, it is then difficult to choose a slice of the signal that completely characterizes a patient.

2.3.3 Structural MRI and anxiety [83]

The main studies using MRI structural to study PTSD have mainly found differences in the hippocampus,
which is thought to be the origin of posttraumatic symptoms [83], 84l 85]. However, this is not the case for
all studies and this could be due to the fact that these changes are very fine and therefore very complicated
to detect [86]. A more advanced study comparing hippocampal volume reduction for PTSD can be found in
[87]. Other studies also noted reductions of the corpus callopsum [88] volume, which may involves cognitive
impairments [68].

The main studies concerning OCDS noted a reduction in the orbitofrontal cortex of the left and right
hemisphere [83] 89, [90]. Another study showed that people with OCDS had increased white matter volume
compared to controls and that the volume of the right and left thalamus was greater [91], but most of the
studies did not agree on regions other than the orbitofrontal cortex [83].

Concerning panic disorder, a reduction of the volume in the left temporal lobe, the hippocampus, the
gyrus and the putamen was detected [83], 92 [03] [94]. It was also suggested that the duration of the disease
was positively correlated with the volume of the left hippocampus [92].

Concerning GAD, studies were carried out indicating differences in structures related to emotions and
social behaviors such as the amygdala, the prefrontal cortex and the temporal areas [95], [96]. A summary of
the most impacted brain regions by GAD are reported on figure [2.3

t Gray matter volumes and hyperactivation in:

Amygdala ]

Anterior cingulate cortex

Postcentral gyrus

1 Gray matter volumes and hypoactivation in:

Dorsolateral prefontral cortex

l Gray matter volumes and hyperactivation in:

Ventrolateral prefrontal cortex -

Figure 2.3: GAD mainly affects volumes of the amygdal, anterior cingulate cortex, postcentral gyrus, dor-
solateral and ventrolateral prefrontal cortex. [95].
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It is interesting to see that reductions in the thalamus, hippocampus, putamen and ganglia are observed for
alcoholic and anxious patients which show that those two diseases are also correlated in medical symptoms.
Moreover, it is important to note that different types of anxiety do not affect the same brain regions even if
they are classified the same way by questionnaires.

A study using Markov boundary selection algorithm in order to find most important features with 561
subjects [97] and using a SVM algorithm in order to classify post traumatic stressed soldiers obtained an
area under curve in the range [85-91]% using symptoms scores as the criteria featuresﬂ This shows that
even with symptoms scores and questionnaires scores, the identification of post traumatic (anxious) patients
is not straightforward.

IFor more information of Markov boundary selection, see [98].
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Part 11

Prediction of alcoholism, depression and anxiety
from EEG and MRI data: A case study
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Chapter 3

Methods

This chapter outlines the different steps we have taken during this work. Figure [3.1] summarizes the
different steps required to predict alcoholism, depression and/or anxiety from the EEG and MRI data. First
data should be recorded, the EEG and MRI signal should then be preprocessed. From these preprocessed
signals, features can be extracted. From these features, machine learning algorithms could be applied to
predict if someone is alcoholic or not, depressed or not, anxious or not (only binary problems). This is
explained in further details in the machine learning section. The strategies section is strongly linked to the
machine learning section as it explains how the machine learning algorithms have been applied on our data.

MRI

Machine
learning
. Feature
Data Preprocessing extraction Input data ————>Classification
Strategies
— » —_— —>

Figure 3.1: Pipeline of the project separated in 5 steps: data acquisition, preprocessing, features extraction,
machine learning and strategies.

3.1 Data

To understand what kind of data were used to perform our experiment, it is first necessary to understand
how the collection of MRI and EEG data is organized during the withdrawal of alcoholics in Belgium and
more specifically at the St-Luc hospital in Brussels. This collection is carried out in three distinct periods.

First, the T1 period takes place during the first days of the alcoholics’ internment. During this period,
the alcoholic patients have consultations with a hospital psychiatrist, answer questionnaires about their
state of depression, anxiety and craving. Most of these patients also receive EEG examinations, as this is
the only clinical brain examination reimbursed by the National Institute for Health and Disability Insurance
(INAMI). Some patients also undergo MRI examinations, which are diverse (see figure[3.2)) : structural Mag-
netic Resonance Imaging (sMRI), Diffusion Magnetic Resonance Imaging (dIMRI) and functional Magnetic
Resonance Imaging (fMRI).

Then, when patients have completed their withdrawal, they can leave the hospital and go home. This
is the T2 period. At the end of the 20 days of withdrawal, a new clinical examination is often performed,
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Figure 3.2: Type of data at disposal for the moment at St-Luc hospital. Data is mainly available for sMRI
and EEG in T1 and T2.

adapted to each individual case. Patients with alcohol use disorders are asked to complete a number of
questionnaires. At this point of treatment, alcohol-dependent patients may still receive for the most part
clinical EEG examinations and for some MRI examinations at a certain frequency, see figure [3.2]

Finally, the T3 period occurs six months after their hospital stay. At this period, electrophysiology or MRI
medical examinations may be carried out. To date, very few examinations of this kind have been performed.

For this work, only data collected in T2 will be used. Two different datasets were used to carry out our
experiments and analyze whether from EEG or MRI data we could predict psychiatric diseases :

e MRI-based dataset : This dataset includes 210 subjects, 141 alcoholics at the end of their withdrawal
(14 to 18 days) and 69 control subjects for who structural MRI data were obtained between the years
2015 and 2018 at St-Luc hospital.

e EEG-based dataset : This dataset includes 42 alcoholic patients at the end of their withdrawal (14
to 18 days). Resting state EEG data and event related potentials were recorded: P50, P200, P300 and
CNV. Data was obtained between the years 2016 and 2020 at St-Luc hospital.

3.1.1 Group segmentation and problem statement
For our study, we define four possible conditions or states

e healthy or control subjects.

e Subjects with alcohol use disorder based on their alcohol consumption, more than 500g of alcohol per
week on average.

e Subjects in anxiety state if their STAI score > 50.

e Subjects in depressive state if their Beck score > 8.
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Note that combinations of these states are possible. E.g., a patient suffering from AUD can be in a
depressed state or not or can be both in a depressed and an anxious state simultaneously.

From there we define five machine learning prediction tasks

1. AUD vs controls (MRI dataset)

2. Anxiety state vs non-anxious (MRI dataset)

3. Depressive state vs non-depressed (MRI dataset) E|

4. AUD in an anxiety state vs AUD not in anxiety state (MRI and EEG datasets)

5. AUD in depressive state vs AUD not in depressive state (MRI and EEG datasets)

Machine learning algorithms with structural MRI features were performed to resolve problems 1 up to 5.

As EEG signals that were recorded concerned only AUD patients, classifications with EEG features tried to
answer problems 4 and 5.

3.1.2 MRI-based dataset

A total of 210 subjects were recruited to conduct this study. 141 alcoholic patients were recruited from the
full-time alcohol detoxification unit of the Cliniques Universitaires St-Luc, Brussels, Belgium. The patients
had to abstain for alcohol for at least 14 to 18 days (T2). The criteria for inclusion were the following [99] :

e Meet the Diagnostic and Statistical Manual of Mental Disorders criteria for alcoholism, see [100].
e Be able to speak French.
e Consume more than 500g of alcohol per week before being hospitalized.
e Providing written consent for participation before engaging in the experimental procedures.
69 control subjects were also recruited to realise the experiment. The criteria for inclusion were the
following [99] :
e Be able to speak French.
e A reasonable drinking consummation, i.e., less than 14 standard drinks a week for a woman and 21

standard drinks a week for a man.

For each subject, the following parameters were collected: age (in years), gender, BECK and STAI state
score.

For the structural MRI data, 3D T1 weighted images were recorded on a 3 T Achieva Philips scan-
ner(Philips Healthcare) with a 32-channel phased array head coil. Data was acquired through a spin-echo
sequence with an inversion prepulse (Turbo Field Echo) acquired in the sagittal plane (it is an anatomical
plane which divides the body into right and left parts). The spin echo sequence was performed using the
following parameters [99]:

e TR = 9.1 ms, TE = 4.6 ms
o flip angle = 8°
e 150 slices; slice thickness = 1 mm

e in-plane resolution = 0.81 x 0.95 mm? (reconstructed in 0.75 x 0.75 mm?)

FOV 220 x 197 mm?, acquisition matrix = 296 x 247 (reconstruction 320x 320 )
e SENSE factor = 1.5 (parallel imaging)

LOne could say that it is more interesting to compare depressed patients to control patients but this would not be interesting
because it would almost be like comparing alcoholic patients to controls given our dataset. It is the same for anxiety, see figure

B3
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The following figures give a better view of how the data is distributed.

AUD (141) AUD (141)

Anxious (37) m Depressif (64)
Non-Anxious(104) ® Non-depressif (77)
Anxious (7) Depressif (5)
Non-Anxious (62) Non-depressif (64)

Controls (69) Controls (69)

Figure 3.3: Data distribution of the MRI-dataset showing the correlation between AUD and anxious subjects
(left) correlation between AUD and depressed subjects (right).

As shown on figure [3.3] most people who are in an anxious state are also alcoholic, most depressed patients
are also alcoholic but at a lower level. Almost half of the alcoholic patients are in a depressive state, which
shows to what extent these two disorders are correlated. It is not shown in the above figure, but almost all
patients who are in anxious state are also in a depressive state, 39 of the 44 anxious subjects.

3.1.3 EEG-based dataset

The electroencephalogram data was acquired from 42 subjects suffering from AUD from the full-time alco-
hol detoxification unit of the Cliniques Universitaires St-Luc, Brussels, Belgium. Participants had abstained
from alcohol consumption for 14 to 18 days before being enrolled in the study. The electroencephalogram
data was acquired with the program EEVOKE 3.1.5 a the hospital between 2016 and 2020. The total number
of patients who were interned during this period for alcohol problem is higher, but EEG signals were not
collected for all patients. Most of them got EEG examinations at the end of their withdrawal, but all clinical
diagnostics were not available. The EEG tests collected are varied: resting state EEG and ERP components
such as P50, P200, P300 and CNV. The characteristics of the amplificator used to record the EEG signals
are the following :

e Type : Refa 8 Clinical.
e 23 electrodes ( see figure for their positions):

— 19 basic electrodes.
— Reference electrodes : Al and A2.
— Fpz and Oz.

e Sampling frequency : 256 Hz

To conduct this study, we had initially EEG data for 42 patients. For each patient, data was collected on
a 2-day time period. Some EEG signals were not available for each patient. Some of them got only resting
state EEG or event related potentials. For huge dataset, when some features are unavailable for certain
subjects, those features are often replaced by the mean values of the available data or by other techniques.
This was not possible in our case as the dataset was really small. By replacing some missing values by the
mean values of the population, it could strongly bias our data. The best way to use the largest amount of
data was to thus to split our initial dataset in two :

e A resting EEG-based dataset using features of the resting EEG signal.
e An ERP-based dataset using CNV, P50, P200 and P300 features.
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Resting EEG-based dataset

The resting EEG-based dataset contains 36 AUD patients, 12 in a depressive state and 7 in anxious state.
On the first day of the recording, the patients got 10 min of resting EEG with different periods of eyes open
and closed. The Eyes Open protocol lasted 4 minutes as the Eyes Closed protocol. They also got 3 min of
recording during hyperventilation and visual flashs in order to detect epilepsy.

ERP-based dataset

The ERP-based dataset contains 38 AUD patients, 6 in an anxious state and 16 in an depressive state.
On the second day of the recording, the patients got 3 different types of ERP examinations.

First, electroencephalograms were recorded while an oddball stimulus was presented to the patients in
order to extract the P200 and P300 waves. Two types of tones were presented, with varying times and
probabilities and the patient was asked to respond directly after hearing the rare tone. A richer description
of the parameters of the experience is presented at table

Tone Form Frequency | Duration | Rise,fall time | Probability
Frequent | sine wave 1000Hz 60 ms 10 ms 0.8
Rare sine wave 2000Hz 60 ms 10 ms 0.2

Table 3.1: Description of the experimentation in order to trigger the P300 component.

CNV was ellicited with a S1-S2 paradigm. The CNV paradigm consists first of an auditory beep (S1),
which warns the subject. The warning stimulus is followed by an auditory beep, the imperative signal(S2).
The subject has to respond as quickly as possible to this beep by pressing a button. The auditory beep
lasted 60 ms and had a frequency of 1000Hz. The duration of the S2 flash was 1000ms.

The P50 wave was extracted via two paired-click stimulation with an interstimulus interval (ISI) of 300ms
between the S1 and S2 clicks. Time between two experiences was about 3200 ms. S1 and S2 clicks had the
same properties : they lasted about 5.6 ms, the frequency was 1500 Hz and the rise/fall time was 1 ms. The
total recording time was 5:20 minutes for about 180 stimuli in total.

3.2 Preprocessing

The first step realised after data recording is preprocessing, see figure[3.1] This step consists in transforming
raw data to a smoother signal from which we can extract interesting features. This section is separated in
three parts : the preproccesing of rEEG, ERP and MRI signals.

3.2.1 Preprocessing of Resting EEG signals

The preprocessing of EEG signals is the simple procedure of transforming raw EEG data to a more suitable
format in order to be able to extract biomedical features from the signal. The EEG signals contain a lot
of noise and should thus be filtered. Some bad channels are sometimes also not well recorded and should
be removed. The preprocessing of resting state EEG signals is similar to the one applied for event related
potentials.

Filtering

A finite impulse response high pass filter at 0.5 Hz on eeglab [101] was first applied to the raw rEEG to
remove low frequency noise. A low pass filter was also applied to remove high frequency noise and to remove
frequencies greater than the Nyquist limit.



CHAPTER 3. METHODS 28

The electrical circuits surrounding the electrodes create some noise around 50 Hz. This is illustrated
on figure [3.4] which displays the power spectral density of resting EEG signals. A peak around 50 Hz is
presented and should be discarded [102]. This peak was discarded by applying a Notch filter to the signals
between 49 and 51 Hz [I02]. The effect of the filter can be seen on next figure.

Figure 3.4: Power spectral density of the recorded EEG signals at the 23 electrodes(each corresponds to a
different color) before (left) and after (right) applying a Notch filter where the peak around 50Hz is then
deleted.

Removing bad channels

Bad channels are channels which do not provide accurate information. It is really important to detect and
to delete them in order to be able to interpret extracted features further. Bad channels are due to different
problems :

e Some channels are malfunctioned initially.
e The electrodes were not properly placed or were not in contact with the scalp.

e Electrodes can get saturated when electrodes are wet.

Bad channels can be discarded by inspection and this was realised for this study. Some numerical tech-
niques are also used on eeglab in order to reject bad channels. Bad channels are removed if the signal of
one electrode flats more than 5 second or if the correlation signal recorded by one electrode with is nearby
channels is lower than 0.8 in absolute values. Bad channels are also removed if the standard deviation of the
signal is higher than 4 pV [I0I]. After detection, bad channels were interpolated by spherical splines. The
method which is proposed on eeglab and mne [I03] consists of 3 different steps [104] :

1. The channel locations are projected on a sphere, based on the positions proposed on figure [T-3]
2. Compute a matrix correlation between the good and bad electrodes.

3. Finally, the bad channels are interpolated via strongly correlated good channels.
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Artefact correction

Artefacts are elements of the signals that are recorded by the electroencephalograms, but do not actually
originate from the brain, see figure for an illustration. In the literature, two types of artefacts are often
reported [5] :

e Environmental artefacts are due to outside-world interference, electrical noise or electrodes losing
contact. Those effects can be minimized by adjusting the environment, f.e. shielding the room and
properly secure the electrodes.

e Biological artefacts find their sources from the body. Those artefacts are mainly due to movements
and eye blinking.
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Figure 3.5: Type of artefacts presented on eeglab. Linear trend, discontinuity and transient high frequency
are often due to environmental artefacts or electrodes malfunction, while low frequency and high frequency
artefacts are respectively due to eye blinking and muscular movements.

Independent component analysis (ICA) was used to remove such artefacts [105] [I06]. ICA is a signal
processing method which aims at separating independent sources which are mixed in the different electrodes.
By this way, ICA can separate the artefacts as they are supposed to be independent [105], 106].

3.2.2 Preprocessing of Event-related-potiential

The preprocessing of the P300 and the P200 component was realised via erplab [107], an extension of
eeglab. The filtering of the EEG signals in order to extract ERP components, is similar to that applied for
the resting EEG signals. A high pass filter was also applied at 0.5 Hz. No Notch filter was applied as a low
pass filter was applied at 30 Hz.

Extraction of events

For event related potentials, we only focused on the cognitive reactions of patients due to a certain stimulus.
To do so, we must extract data epochs time-locked to events of interest, for example for the oddball paradigm,
frequent and rare tones. The epoch limits were from 100 ms before the event to 800 ms after the time-locking
event. A mean baseline value was removed for each data epoch to counter low-frequency drifts [I07]. Event
related potentials are then created by averaging epochs, ignoring those with artefacts.
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Artefacts detection

The best method on erplab to detect artefacts within a data epoch is called moving window peak-to-
peak threshold and enables to detect bad epochs. The method finds the maximum peak-to-peak voltage,
the difference between the maximum and minimum value of the signal, within a moving window that slides
across the epoch. This algorithm takes different parameters as input such as [107] :

e The threshold voltage, initially set to 100 pV : if the peak to peak difference of the signal recorded by
an electrode is higher than this threshold, then the epoch is suppressed.

e The moving window : peak to peak is not calculated on the whole data epoch but on on small periods
of chosen length, called moving window.

e Window step : the algorithm first finds the peak of the first window and then shifts the window by a
certain amount, the window step.

This method is really efficient to find artefacts for which the voltage changes really fast such as eye blinking.
At the inverse is not really reliable in order to highlight high noise or linear trends that are presented on

figure 3.5

3.2.3 Preprocessing of MRI data

The preprocessing of the MRI images was performed by L. Dricot and will be briefly explained in this
section. The preprocessing contains 5 major steps on freesurfer [I08]|. First, an affine registration is
performed between the 3D MRI image and the MNI305 space [109] [T10], which is assumed to be insensitive
to brain diseases. This step consists in bringing these two images into alignment. Second, a first segmentation
of the brain structures is performed. The next step consists in correcting the magnetic field intensity By.
Then, a non-linear alignment with the MNI305 atlas is performed. Finally, the atlas is labeled using different
atlases.

The reference atlases that were used, were initially made from images labeled by hand by brain experts
indicating for each voxel of the MRI images to which brain structure it belonged. Each image was then
projected in the same space to obtain a voxel by voxel correspondence for all subjects. The labeling of
each point in the space to a certain brain structure is done by finding the segmentation that maximizes the
probability that this voxel belongs to a certain structure knowing the probabilities that each voxel belongs
to each structure in the reference atlases.

For our case study, three atlases were used in order to create the structures of interest :
e Destrieux atlas (see appendix |A.1)) which uses 74 brain areas [I11] .
e Desikan atlas (see appendix |A.2)) which uses 34 brain areas [112].

e Brodmann atlas [IT3], using only 12 areas (BA1, BA2, BA2, BA3a, BA3b, BA4a, BA4a, BA4p, BAG,
BA44, BA45, V1, V2, MT).

3.3 Features extraction

When the EEG and MRI signals are preprocessed, we can then extract features from the signals. This
section is separated in three parts explaining how features were extracted from the resting EEG, the ERP
and from the MRI signals. It lasts with a summary of each extracted feature for each signal.

3.3.1 Resting state EEG features

For the resting state EEG, the power spectral density for each electrode and each band (delta, theta,
alpha, beta, gamma) has been calculated for eyes open and eyes closed . The power spectrum
gives information about the magnitude of the signal at each frequency. It can thus be used in order to assess
activity of the signal at certain frequencies, but it gives no information about the phase of the signal. The
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basic idea to calculate the power spectral density (PSDJ|) of a temporal signal = of length N, is to calculate
its Fast Fourrier Transform (FFT]|) and then its magnitude :

1= —j2nin o
PSD(f):Nchne | (3.1)
n=0

However the EEG signal is a non-stationary signal. Its spectral content varies constantly due to the neural
activity taking place under the scalp, so there is very little chance that a long EEG signal can be decomposed
as a sum of sinusoids. The method presented at equation [3.I] works well for stationary signals, but is biased
for non-stationary signals. Averaging the power spectral density obtained with over short segments over
the original long EEG allows to reduce the bias, this is known as Welch’s method [I 14]ﬂ This comes at the
cost, however, of a lower frequency resolution f,.s as the frequency resolution is defined by:

_fs_ fs 1
fres*ﬁ*fsT*T

(3.2)

where fs and T are the sampling frequency and the temporal length of the signal. The most common
approach is to take a window length which contains at least two full cycles of the lowest frequency of interest,
as in our case it was 1 Hz we choose a window size of % = 2 seconds [I15]. PSDs of the different bands have
been calculated during EO and EC periods . Significant differences were found in PSD of the alpha band as
it was suggested in the literature [116]. Indeed, Welch’s t-test was performed to test the hypothesis that the
means of the PSD of the EEG signals were the same during EC and EO. The sample t-test was calculated
with the library scipy [I17]. It highlighted that the Welch PSDs of the alpha band for EC and EO in the
P3, Cz, C4, T6, O1, 02, P4, F8, T4, F7 and F4 (see figure for a better scheme of the placement of the
electrodes) were statistically different (o < 0.05).

3.3.2 ERP features

The P300 and P200 components were observed after an oddball paradigm. The P200 component after
an oddball paradigm is typically observed 150 to 250 ms after the auditory stimulus. The P300 component
is observed 300 to 600 ms after the auditory stimulus. The absolute latency, fraction peak latency and
amplitude of those components were obtained via erplab at the Fz, Cz and Pz electrodes. Amplitudes and
latencies were measured including the local peak option. This option prevents rising edge of a component
near to the edge of the measurement window from being selected as the peak. The latency is the time interval
between the exposition of the stimulus and the peak of the EEG signal. It is expressed in milliseconds and
it represents the time needed for the brain to generate the ERP component. The amplitude represents the
maximal peak (negative or positive) that was recorded. It is expressed in x4V and it gives information about
the number of neurons that were stimulated and its activation synchrony during the component generation.
The fractional peak latency is useful to register the onset of a component. Because of the variability in
latency across trials, the start time of an average waveform will be significantly earlier than the average start
time of individual trials, and the 50% maximum amplitude point may be more representative of the average
start time of an individual trial [107].

The P50 features, the peak amplitude and the peak latency, were extracted at the electrodes T3, Cz and
T4 after the first click stimulus (S1) and after the second click stimulus (S2). Amplitudes at the Fz, Cz
and Pz channels of the M1 (500 - 700 ms post S1), M2(200 - 0 ms pre S2), PINV (500-700 ms post S2)
were extracted from the CNV component. ANT Neuro [118ﬂ the company which installed and sold the
electroencephalograms to St-Luc, also sold a program which extracts features of the ERP waves and stores
them in pdf and/or doc files. In order to read those files in python, the packages pypdf2 [I119] and docx2txt
[120] were used. An overview of those reports is shown at figure

2Welch’s method was applied on mne for our case study.
3The preprocessing that was performed via ANT Neuro in order to extract the P50 and CNV components was similar than
the one done on eeglab. For a better overview see [118].
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Figure 3.6: Report from ANT Neuro for the P50 wave, from [I1§].

3.3.3 MRI features

When the preprocessing was over, freesurfer rendered the following information from the MRI images for
each atlas:

e Volume of brain structures
e Area of brain structures
e Mean and standard deviation of cortical thickness of brain structures

e Curvature of brain structures

Age has been shown to influence the brain structure [121), [122]. it was advised to correct this effect before
using the MRI data for machine learning algorithms. Laurence Dricot proposed to calculate the linear model
linking the different MRI metrics and age. Then, for each metric of each patient, calculate the prediction via
the linear model linking each metric and each patient. Finally, calculate the residual = prediction - initial
metric and keep this residual value as MRI metric. In this way, the MRI metrics are no longer correlated
with age, but a lot of information about the MRI data is lost. This transformation was initially perform but
the results obtained with the machine learning algorithms were not conclusive such that this method was
finally abandoned.
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3.3.4 Summary of extracted features

33

The following table summarises the features that were extracted for each clinical examination:

Medical Examina- | Features Position Software (prepro- | Software (features
tion cess) calculation)
Resting State | Welch Power Spec- | 23 electrodes eeglab (Matlab) mne (Python)
EEG tral Density for

EC and EO
Paired clicked | Amplitude and la- | T3, Cz, T4 ANT Neuro ANT Neuro
paradigm tency of P50 wave

after S1 and S2
Oddball Paradigm | Amplitude, frac- | Fz, Cz, Pz erplab and | erplab

tion peak latency erplab (Matlab)

and latency of

P200 and P300

wave after fre-

quent and rare

event
Standard reaction | Amplitudes of M1, | Fz, Cz, Pz ANT Neuro ANT Neuro
time paradigm M2, PINV
Structural MRI Volume, Area, | Brain structures | freesurfer freesurfer

cortical thickness | relative to De-

mean and gaussian | sikan, Destrieux

curvature, stan- | and Brodman

dard deviation of | atlas

brain structures

Table 3.2: Table regrouping the features from different clinical exams.

3.4 Machine learning methods

How can alcoholism, anziety and/or depression influence the EEG and structural MRI data collected from
subjects?

In this section, we try to answer this question using machine learning methods. We try to create a predictor
function from EEG or sMRI data that would predict the subject’s class introduced in section :

frx—ye{£l}

Where 2 represents the structural MRI or EEG data and y the class (disease) of the subjects. y will be
equal to 1 if a subject is ill (depressive, alcoholic, anxious) and to -1 if he is not. For notational purposes, we
will define by X € RN¥*™ the feature matrix, where N and m are respectively the total number of samples
and features. We will denote by ' the i*" observation and by X} the k-th column of X, which represents a
single feature.

In this part, we start by defining in a global way the different machine learning methods we have used :
support vector machine, logistic regression, linear discriminant analysis and random forest. Next, we focus
on the transformations that need to be performed on our data for our machine learning algorithms to work
properly : standardisation, correlation analysis and feature selection. We conclude by explaining how our
algorithms were tested and how the hyperparameters of our algorithms were determined.

3.4.1 Support Vector Machine (SVM)

The support vector machine was developed in 1995 by Vladimir Vapnik and is currently one of the most
well known classification algorithms [123].
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The idea behind the algorithm is to find a m-dimensional hyperplane (the set of points x which
satisfy w’z + wy = 0), separating the features of the two classes. Features on one side of the hyperplane
would belong to a certain class, while features on the other side would belong the other one (blue and red
points on figure . To do so, the SVM algorithm tries to find w, which maximises the width of the margin
(dashed lines on figure , equal to —2—

w2

The optimisation algorithm related to the SVM algorithm can be formulated as (if we define y; = 1 if

element i belongs to class 1 and y; = —1 if element i belongs to class -1) as :
2
MAXy 4 (3.3)
© wll
sty (wla +wo) >1 Vi{l,2,., N} (3.4)
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Figure 3.7: Example of data separation with a Support vector machine by maximising the margin, illustration
from [124].

However, the optimisation problem defined previously is not always feasible and the problem is then called
non-linearly separable. To tackle this problem, the concept of slack variables is introduced, denoted by €’
attached to each point x!. When z’ is misclassified, ¢ measures the distance between z* and the margin
relative to its class, otherwise €’ is equal to 0. SVM also deals with unbalanced dataset, a pretty common
problem. This problem happens when a dataset is composed of more instances of one class than the other
one. In that case, machine learning can easily fail to work well on a dataset independent of the training set
by overfitting and classifying most elements in the class the most present in the training set. If we consider
a dataset of size N, composed of two classes each containing A/ and P elements, we can tackle these two
problems by adapting the SVM optimisation problem [125]:

Mty |[w]|* + C(B™ Y€+ 5T ) (3.5)

1EN ieP
s.t yi(szi +wg)>1—¢€¢ Vie{l,2,.,N} € >0 (3.6)
(3.7)

where the 87 and 3~ are adapted such that misclassification of elements of the class containing the least
elements is more costly. The value of C should also be chosen before optimisation and corresponds to the
general misclassification cost. When w* is found, a new element z, is assigned to class 1 if w*Tz + wg > 0
and to class —1 otherwise.
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3.4.2 Logistic regression

The assumptions of logistic regression are the following [126]:

e Observations should be independent of each other, observations should not come from repeated clinical
exam for example.

e Little or non multicollinearlity among the independent variables.

e Linearity of independent variables and log odds.

The last assumption can be rewritten as :

wTlaz?

e

Pyt = +1zt,w) = ————
v =l w) = =

= hy(z?) (3.8)

Equation [3.8] assumes that the probability to belong to a class is linearly correlated with = and weights
w, the parameters to be found for this method. The weights w* which maximise the likehood of observing
(X,y) following equation can be found by maximising the log likehood function :

N
S(—y'wTa (1 + ")) st ]l <C (3.9)
=1

l(w) :%

Where a norm constraint is added on w in order to have a bounded w and to avoid overfitting. Finding
w* for equation [3.9] can be done using gradient descent as the function is convex in w. The problem can
easily be adapted for an unbalanced dataset. If we consider a dataset of size IV, composed of two classes
each containing ' and P elements, we can rewrite the empirical loss function as [126]:

I(w) = NW > (—y'w’z + In(1+ e ™) + B~ > (—y'w'a +In(1+ e ™)) st Jjwllz < C (3.10)

i€P ieEN

where the 87 and 3~ are adapted such that misclassification of elements of the class containing the least
elements is more costly. When w* is found, a new element x is assigned to class 1 if P(y = 1|z, w*) > %,
else to class —1.

3.4.3 Linear Discriminant Analysis

Linear discriminant analysis was developed by R.A. Fisher in 1936. For binary classification, the
algorithm supposes that the features belonging to each class follow a multivariate normal distribution with
means, f;—+1, with the same covariance matrix ¥ [I27]. Under those assumptions and knowing the prior
probabilities to belong to a class m;—41, the probability that an element x belongs to a class can be estimated
using Bayes rule. The class that gets the highest probability is the output class and a prediction is made :
element z is assigned to the class j ifE|

1
j = argmax 2T, — i,ulrE_lui + logm; (3.11)

Equation 311 is linear in x such that boundaries between classes in the feature space can only be linear.
If we assume that the covariance matrix is class specific, boundaries can be quadratic and we assign x to
class j if :

1 1
j= argmax—§10g|§]i\ — 5(33 — ) TS (@ — ) + logm; (3.12)

4The principle of this method is to find a new feature space(linear) which maximises the separation between features.
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Assuming that the covariance is the same for each class is as strong assumption and often not realistic.
To the contrary, assuming that the covariance matrix is different for each class is more realistic but the
number of parameters to estimate for the model then increases quadraticly with the number of features. The
estimation is thus often poor when the number of samples is low. A tradeoff between both methods is to
use shrinkage, individual covariance matrix shrink toward a common pooled covariance [128]:

() = (1— )X +aS (3.13)

Where X, S and Xi(a) are respectively the estimated covariance of class k (poor when the number of
features is low, S the diagonal matrix which contains the variance elements and the shrinkage covariance
matrix.

3.4.4 Random Forest

Random forest is an ensemble method, introduced by Breimann in 2001 [I129]. His idea was that simple
classifiers (decision trees) combined together could outperform more sophisticated models.

Decision tree are very convenient to use as they handle both categorical and continuous input variables.
They are also not sensitive to outliers. Moreover, trees contain integrated methods for feature importance
and can be used for classification and regression. Despite all these advantages, decision trees can easily
overfit and that is the reason why they are not often used alone in practice.

To tackle the overfitting problem of decision trees, the random forest algorithm randomly generates an
ensemble of different decision trees. More precisely, random forest uses bagging, short for Bootstrap ag-
gregating. In its construction algorithm, a training sub-sample of size N with replacement of the original
data is taken, to serve as input of each decision tree, containing approximately 63% of the dataset. Instead
of using all the features of X as input features of the decision trees, \/m features are randomly chosen for
each tree to create a new feature matrix. This ensures that each tree in the forest sees a different subset of
the training samples. The tree growing algorithm is then randomised in order to decrease the correlation
between the trees. The predicted value of a random forest classifier is given by the majority votes of the
trees in its forest (the one which is the most predicted by the decision trees), in the case of classification, or
the average of each terminal leaf for regression, see figure

Instance

Random Forest // \
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Figure 3.8: Example of majority vote for random forest algorithm from [I30]. For each tree of the forest, a
new matrix of size N X y/m given as input, each returning a class (£ 1). The output of the random forest
is given by the majority vote of these outputs.

5See appendix for a more in-depth approach to tree formation.



CHAPTER 3. METHODS 37
3.4.5 Comparison of methods
Table shows the major differences between the machine learning algorithms presented previously:
Algorithms SVM Logistic regression | LDA Random Forest
Type of data Continuous Continuous Continuous Continuous  and
categorical
Feature impor- | weights assigned | weights assigned | Impossible Ginni Importance
tance to each feature | to each feature or Permutation
(w) in equation | (w) in equation Importance  (see
. . appendix [B.2
Non linear bound- | Possible with ker- | Possible with ker- | Possible but lim- | Impossible

aries

nel trick

nel trick

ited to quadratic

boundary with

QDA
Tricks for unbal- | Cost associated to | Cost associated to | None (similar to | Cost associated to
anced Dataset misclassification misclassification prior probabilities) | misclassification
Prone to overfit- | A little YES NO NO
ting
Handle  outliers | YES NO NO YES
well

Table 3.3: Advantages and drawbacks of machine learning methods used for this thesis.

3.4.6 Standardisation and correlation

The first two transformations performed on our dataset were standardisation and the removal of linearly
correlated variables.

Standardisation

Standardisation consists of rescaling variables such that each new standardized variable has its mean equal
to 0 and its standard deviation equal to 1. Standardisation (scaling more precisely), is needed in our case
for different purposes.

First, as we explained it before, the empircal loss for the logistic regression model is convex in w (see
7 so that gradient descent is used in order to find optimal w. Gradient descent is an iterative method
which looks for mininum /maximum of convex/concave functions. At each iteration t, a new w' is calculated
depending on previous w!~! [131] :

w' = w™t FaVi(w'™h) (3.14)

By looking at equation we see that VI(w) depends on the input features such that the step size of the
gradient descent depends on the scaling of the features. If the features are not scaled properly, it results in
different step sizes for each weight element. This can lead to too large step sizes and prevent the convergence
of this method. Scaling enables lower step sizes and can thus tackle this problem.

The other reason why scaling was needed for logistic regression and SVM was the norm constraint on w. If
features are not scaled, features which are smaller in magnitude will have higher weights than other features
which have higher magnitudes and which have potentially as much importance as them for classification.
However, due to the norm constraint which avoids overfitting, those weights will be forced to be lower such
that all variables are not on the same level.

Plus the performances of random forest and linear discriminant analysis are not affected by the scaling
of the variables such that rescaling was applied before applying each algorithm. Although for the variable
importance methods of random forest (see the section on feature selection), this can cause some problems if
the variables are not scaled cleanly [132].
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Correlation Analysis

A correlation matrix was calculated with all features in order to delete redundant variables, the ones which
are strongly correlated with each other. This was performed using the Pearson coefficient [133]. The Pearson
coefficient between two random variable X and Y can be estimated with :

iy (@ — &) (yi — )

RSV o SN - 3.15
RV DU COREEIED DU (P I (3.15)

where T, § are respectively the sample mean of X and Y and n is the total number of samples X and Y.
T,y ranges between -1 and 1, the closer |r; ,| is to 1, the more the linear correlation between X an Y. If
|72y = 1, it means that there is a perfect linear correlation between X and Y.

If the Pearson coefficient between two features was above 95% one of both variables was deleted as the
one that was kept could derive the other one. Deletion of correlated features does not necessarily improves
the performances of the algorithm, but the simpler the better.

3.4.7 Feature selection methods

Since our dataset was small and the number of features was high :
e 210 subjects for problem 1, 2, 3 with 1800 structural MRI features
e 141 subjects for problem 4 and 5 with 1800 structural MRI features
e 37 subjects for problem 4 and 5 with 55 ERP features

e 36 subjects for problem 4 and 5 with 100 resting EEG features.

This has resulted in a feature matrix that is much wider than it is long. This is a phenomenon known as
the curse of dimensionality. This can lead to problems such as overfitting [I34]. Overfitting happens when
the machine learning algorithm using the training samples fits too closely to the datapoints. In such a case,
the model learns the details too much of the training samples, different from the test set. When faced to the
test set, the model does not work as well as in the training phase as noise was used as learning concept for
the predictor [135]. Overfitting occurs very often when the number of input features is large compared to
the number of samples. Thus, several methods have been implemented to reduce the number of dimensions
while keeping the variables contributing most to the classification. This is referred to as feature selection.

Feature selection is a process by which the features contributing the most to classify output features of
the machine learning algorithms are selected. The feature selection methods that are proposed in the next
section are heuristics since the problem of finding best features as input of machine learning models is NP
hard [I36]. Feature selection methods thus do not necessarily identify the variables that contribute the most
to the output variables [137]. For this thesis, we present four types of feature selection methods, see figure
for a global overview:

e Filter methods

e Projection methods
e Wrapper methods
e Embedded methods
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Figure 3.9: Feature selection methods: sub-figure a represents filter methods, sub-figure b represents embed-
ded methods and sub-figure ¢ wrapper methods. Projection methods are not the figure but can be compared
to filter methods, instead of importance score, projection in a new feature subspace is done.

Filter methods

Filter methods use statistics of the data in order to find the best features. Anova’s t-test was applied in
order to assess any statistical differences between the EEG and MRI features between the different groups.
The Anova’s t-test is a statistical test that is used to find out whether the distribution of a variable is
statistically different from one population to another. It assumes that the distributions of the two groups
have equal variances, follow a normal distribution and are independent.

From those assumptions, we can calculate the t-statistic of feature X* to check whether y affects X° or
not :

L x-x

HX?) = M
(o1)2 (e ,)?
1\}1 + N_ll

Where )_(J’:, 0’;: are the sample mean, standard deviation of the it" feature for class j. N corresponds to the
number of samples for class j.

After calculating the values of the t-statistic for each feature, we sort these values in descending order in
order to select the most important features.
Applying this method before feeding SVM, logistic regression, LDA and random forest algorithms are re-
spectively called filter SVM, filter log regression, filter LDA and filter random forest.

Projection methods

Dimensional reduction can also be performed using PCA [138]. PCA reduces the number of dimensions in
the dataset while keeping as much variation in the dataset as possible. To do this, the original variables are
transformed into a new set of variables, the principal components of X (our dataset), which are uncorrelated
with each other and such that the first principal components contain the largest variance of the dataset.
The first k principal component directions of the standardised matrix X, V,,,xx, can be found by solving the
following optimisation problem :

Vinxk = argmax 4 qr_y, trace(ATLA) (3.16)

where ¥ is the covariance matrix of the dataset given by < Zf\il(m’ —z)(z' —2)T with z = & Zil .
The easiest way to apply PCA for dimensional reduction is to compute H = AAT . From H, we can then
project each sample of the dataset X; into the space of the first k principal components. It is interesting
to note that the principal components with high variance are not necessarily useful for separating two
populations. This is because the direction of the highest variance may not separate the sample means well
after projection [139]. Other projection methods such as Isomap, Locally Linear Embedding and ICAE' were

6The results will not be displayed as the obtained results were not better than with PCA.
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also tested. Applying PCA before logistic regression, SVM and LDA are respectively called PCA logistic,
PCA SVM and PCA LDA.

Wrapper methods

The two methods that were proposed before based on the statics of the data. Wrapper methods are a
little bit different, they are dependant of the learning algorithm, see see figure [3.9] for a better overview.
Filter and projection methods can be executed without prior knowledge of the machine learning algorithm.
In contrast, wrapper methods select the best features according to the performances of the algorithm. The
features that are selected by wrapper methods depend on the algorithm used and may not be suitable for
another algorithm. They are more easily subject to overfitting since they involve training with multiples
sets of feature combinations [I40]. A better explanation of those methods is given in appendix Those
methods were not retained for this thesis.

Embedded methods

Embedded methods also depend on the machine learning algorithm (see figure used and cannot be
realized for each of the machine learning algorithms listed above.

Embedded methods using logistic regression are called Lasso regressions. In order to understand this
method, let’s reintroduce the empirical loss function E] of the logistic regression.

N
Z(—yinxi +1In(1+ e“’TIl)) (3.17)
i=1

l(w) :%

The goal of the logistic regression algorithm is to find w* that minimizes the loss function [3.171 For
standard logistic regression, a Lo norm constraint is added on w to avoid overfitting, it is simply written
as ||w||z2 < C, where C is a hyperparameter of the model. When the L; norm is used for this constraint :
[lw|]1 < C, we talk about Lasso regression. In that case, the coefficients related to minor contributions are
put to 0 and w becomes sparse and it can thus also be seen as feature selection method. This method can not
work as a feature selection method if the features are not scaled properly. Lasso regression is computational
less expensive and less prone to overfitting compared to wrapper methods [141]. This method will be called
Lasso regression or simply embedded log regression.

Random forest gets different embedded methods. For this project, we mainly focused on the Gini impor-
tance of features derived of the Gini impurity. For a better explanation on random forest embedded methods
and Gini impurity, take a look at annex [B.2] This method will be called embedded random forest until
the end of this thesis.

3.4.8 Training and test phase

To evaluate the performances of the different methods, a two-stage approach was adopted. The first one
is called the training phase. The second one is called the test phase. The training phase is used to find
the best parameters for the machine learning algorithms and to train the models. There are two types of
parameters:

e Model Parameters : these are the parameters specific to the model, they depend on the data and the
hyperparameters given to the model (f.e. w in equations and [3.17)).

e Hyperparameters : those parameters that are taken as input to the models, they should be tuned in
order to obtain the best performances of the machine learning algorithms, see table [3.4] for a list of

them (f.e. C in equations and |3.17)).

"It corresponds to the maximum likehood of the probability density defined at equation
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Figure 3.10: Grid search cross-validation from [142]. Above figure shows data separation in training and
test. The bottom figure shows 5-split cross-validation where the blue part is for each split the validation set
and the green part the training set.

Before the training and test phase, the whole dataset is splitted in a training and a test set, respectively
containing 80% and 20% of the data. During the training phase, the training set is splitted in 5 different
sets. % of the training data is used to train our model and % of the training set, the validation set, providing
an unbiased evaluation model fitted on the training set, is used to evaluate the model. This is repeated 5
times, see figure 3.10] The value of the best performing hyperparameters, averaged over the five validation
tests, is retained for the test phase. We call this 5-fold-cross grid search validation, see figure for a
better understanding.

During the test phase, the model obtained during the training phase is used (the one with the best
hyperparameters and fitted with the training data set) to predict the results of the test set. The predicted
outcomes are then compared to the test outputs to evaluate the performances of our models. It is really
important to separate the training set from the test set, such that no overfitting can take place. Moreover,
it is very often recommended when the dataset is small to repeat this training and test phase several times
as the performances of the classifiers depend on the choice of the training and test set. In our case, the
procedure was repeated 20 times with a random shuffling of the MRI data before each repetition.

When the dataset is really small, another strategy is often used to assess the performances of machine
learning algorithms, called Leave-One-Out . LOO is similar to what we have seen previously, the
training phase remains the same, the splitting is just different. Instead of initially splitting the data in a
training set containing 80% of the data and a test set containing 20% of the data and repeating this 20 times,
we iterate over each element of the dataset. At each iteration, the training set contains the whole dataset
except the iterated element and the test set contains the iterated element. This method is computationally
more expensive and it is the reason why it was not applicated for the MRI dataset, but it ensures that all
elements are taken into account in the test set, that there is no bias due to the random shuffling and that the
size of the training set is higher (more learning). When the dataset size is larger, the performances obtained
by the two test methods presented above do not vary greatly [143].

3.4.9 Parameters tuning

When our machine learning models are chosen and our dataset is created, the elements that will influence
the most the performances of our machine learning algorithms will be the hyperparameters. The next
paragraphs explain what values the hyperparameters could take for the grid search selection, presented in

table 3.4
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| Method | Parameters | Value(s)
All' methods except method | Number of features to keep (num- | Ranged from 1 to 60
Lasso regression ber of principal components for
PCA)
All methods except LDA meth- | Cost associated to misclassifica- | Ranged from 0.2 up to 0.8
ods tion error for example AT and 3~
in equations [3.5] and [3.10]
SVM methods Cin equatiorﬂgfﬂ Ranged from 0.0001 to 0.01
Logistic regression with filter and | C in equation3.10| Ranged from 0.01 to 2
projection methods
Lasso regression C in equation [3.10| with L; norm | Ranged from 0.0001 to 0.01
constraint on w
LDA methods Shrinkage, « in equation |3.13| Ranged from 0.1 to 1
All random forest method Number of features per decision | log,(features)
tree
All random forest method Number of trees 400
Embedded random forest Feature importance method Ginni importance (see ap-
pendix , permutation impor-
tance

Table 3.4: Hyperparameters of the different methods. Words in bold are choices that were not optimised
during grid-search.

Some values of hyperparameters of the machine learning algorithms always obtained better performances
by cross-validation than others. Therefore, to test the performances of our machine learning algorithms,
these values were no longer optimised to save time. These values are shown in bold in the table

The higher the number of input features, the more the machine learning algorithm can learn. However,
the more input features, the more chance of overfitting during the training phase. That is why, the number
of features to keep for feature selection method was limited, see table If the number of the samples
was really higher, there would be no meaning to select the most important features as the machine learning
algorithm would select them by itself during its training phase.

Cost associated to misclassification error is needed in order to handle unbalanced dataset. Initially,
misclassification cost were put to be proportional to the number of elements of each class in the training set,
so that the class with the least number of elements was favored, but after a few tries it was seen that this
cost could be adapted and could lead to better performances. Another way to counter this problem is to use
subsampling. Subsampling can be performed using down-sampling or up-sampling [144]. Down-sampling
consist in taking a training set which does not contain 80% of the data, but to take a training set with a
lower size but which contains as many elements of each class in the training set [I44]. Elements of the most
predominant class are removed from the training set until the number of elements of both classes in the
training set is the equal. The problem with this method is that the training set is now having a lower size
such that the machine learning methods learns less. Up-sampling consists in taking a training set containing
80% of the data but elements from the minority class with random replacement are added (so that there
may be duplicates) until the number of elements from both classes are equal in the training set [I144]. By
adding new data, we add more importance to some elements in the minority class, but we also add bias as
we have duplicates.

The higher the value of C for SVM [125] and logistic regression [126], the higher the probability
of overfitting. Indeed, when the number of samples is low and the number of features is high for logistic
regression and SVM [125], the weights w are chosen during the training phase in order to have the best
performances and will then often fit too close to the data. By adding, a term of regularisation, the values of
the weight parameters w are limited and thus prevent overfitting. The regularisation term is regulated by
C. A high value of C can promote overfitting, while a low value of C can lead to underfitting, which makes
the choice of C tedious.
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The shrinkage parameter a [128] for LDA is as C for SVM and logistic regression a term of regularisation.
The value of « is always between 0 and 1. When the value of « is equal to 0, this corresponds to zero shrinkage
and we are in the case of QDA, which does not work well when the number of samples is low and the number
of features is high. This will tend to overfitting. Conversely, a value of a of 1, implies a complete shrinkage
which implies that the diagonal matrix of variances will be used as an estimate of the covariance matrix of
class k and will tend to underfitting.

The number of trees for the random forest methods were not tuned and kept to 400. For binary
classification problems, each decision tree in the forest returns the value 1 or 0. The decision is then made
by majority vote. This can be thought of as taking the average of these outcomes and applying the step
function. The application of the weak law of large numbers in this case implies that, for each
sample, the set will tend towards a particular average prediction value for that sample as the number of
trees tends to infinity [145]. By using different numbers of trees to generate our forest, we realised that from
400 trees the results tended to this value.

3.4.10 Performance metrics

There are many ways to assess the performances of a binary classification problem. To understand them,
let’s first introduce the concept of confusion matrix, central in the assessment of performance. To do so,
let’s consider a simple example where the classification problem consists in assessing that people are ill or
healthy. The true positive are the samples which are predicted as ill and are ill, the false positive
are the samples which are predicted as ill and which are healthy. The false negative are the samples
predicted as healthy and which are ill. The true negative are the ones which are predicted as healthy
and which are healthy [146].

Confusion matrix for binary classification

A TP FN
Actual
value
B FP TN
A B
Predicted value

Figure 3.11: Example of confusion matrix for binary classification problem (where A = ill, B = healthy)
from [146].

For our algorithms, the first metric that was evaluated was the accuracy. The accuracy is the ratio of
number of correct predictions to the total number of input samples and is given by the following equation
[147] -

True Positive 4+ True Negative

Accuracy = (3.18)

Total Sample

The problem with accuracy is that when the population is not balanced, which means that there is more
samples of one class than the other one, the accuracy can be really high even if the machine learning algorithm
always predicts the same class. For example imagine a test sample with 100 individuals, 80 AUD patients
and 20 controls. The train accuracy can easily get 80% of accuracy by simply predicting each individual as
AUD patient. That is why, accuracy can not be used alone as performance metric for unbalanced dataset.

8The weak law of large numbers is applicable as the decision of all trees is identically distributed and that since each tree
returns the value 0 or 1, that each experiment has a variance of finite size.
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Let’s take a look at another performance metric widely used in the literature. The precision of a class is
the number of correct positive results divided by the number of positive results that were predicted by the

classifier [147].

True Positive
N 3.19
recision True Positive + False Positive ( !

The recall or sensitivity of a class measures the proportion of positive that are correctly labeled [147].

True Positive
Recall = 3.20
eea True Positive 4+ False Negative ( )

Recall and precision are relevant metrics to analyse which class is well classified and which class is not.

The last metric that was used to assess performances of the machine learning algorithms was the Cohen’s
Kappa «, introduced by Cohen in 1960 [I48]. The Cohen’s x enables interrater and intrater reliability. It
ranges between -1 and 1, where 0 means that the predicted outputs were obtained by chance and 1 means
that the predicted and the actual outputs are completely similar. Negative Cohen’s « is really rare. For
example, if we go back to our previous example, classifying all the items in the AUD class will give a Cohen’s
k value of 0 and an accuracy of 80% [149]. Cohen’s k is given by the following formula:

Pa — Pec
K= 3.21
T (3.21)

where K, pq, pe are respectively inthe Cohen’s x, the percentage of agreement between y predicted and the
true y and, the chance agreement.
An interpretation of the value of « is listed below [149]:
e <0 : no agreement
e 0-20 % : slight
e 20-40% : fair

40-60% : moderate
60-80% : substantial

80-100% : almost perfect agreement

However there is no consensus on this interpretation of the value of Cohen’s x in the literature [147].

3.5 Strategies

This section covers how the EEG and MRI data have been used in order to address the predictive tasks
introduced in the section[3.1.1] Four different strategies have been introduced to try to solve machine learning
prediction tasks. The first and second strategies use only the MRI data, while the third strategy uses the
EEG data. The last strategy tries to use the MRI and EEG data together, but as the number of samples
which had EEG and MRI data was too low, a multi-modal MRI strategy was used.

3.5.1 All-sMRI strategy

The all-sMRI strategy uses the structural MRI data. All structural MRI data is initially taken into
account to make predictions. MRI images are first preprocessed and different MRI features (see figure
are extracted from each region which are described by the Desikan, Destrieux and Brodman atlases. The
input matrix is then subdivided in a training (80%) and a test set (20%), cross-validation on the training set is
used to find the best hyperparameters and the most important features (see table . Finally, performance
metrics are evaluated on the test set. The purpose of this strategy is to see to which extent structural MRI
data can be useful to detect psychiatric diseases. For this strategy, the machine learning algorithms listed
below are used :
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e SVM, logistic regression, LDA and random forest with filter methods.
e SVM, logistic regression, LDA with PCA.
e Ridge Regression and random forest with Gini importance.

A better scheme of this method is shown on figure [3.12

Structural
MRI

Desikan
68 regions

Destrieux
28 regions

ean
thickness and
white area

Gray matter
volume and
area

Standard
deviation
(cortical
thickness)

& --H\
Input feature
space
v A
. R 2
~ »
Training set Test set

Y
Select Feature selection and Select |
features hyperparamereters features

C

Figure 3.12: Scheme of the all-sMRI strategy. All sMRI data is given as input features of the classifiers,
data is then split in a training (80%) and a test set(20%). Filter or embedded methods or PCA are then
used in order to reduce the number of dimensions (the number of dimensions is chosen by cross-validation
as the hyperparameters of the model). The classifier models are then fitted with the training set and
hyperparameters are found by cross-validation. Performances of the classifiers are then evaluated on the test
set (repeated 20 times).

ML classifier (SWM,
log regression, rd
forest, LDA)

3.5.2 Separate-sMRI strategy

The separate-sMRI strategy is similar to the previous one except that using all structural MRI as input of
the machine learning algorithms, the MRI features, standard deviation of cortical thickness, mean thickness,
gray matter volume and curvature, are studied separately. Instead of using them together to create a huge
dataset containing a high number of features and a low number of samples, each MRI feature gives rise to an
input dataset, see figure By this way, the problem of curse of dimensionality is easier to address since
the number of features of each dataset is lower. It also allows us to see which variables are important for our
different classification tasks. Plus, this strategy enables to look at the agreement between the predictions
performed with different information. For this strategy, not all methods presented in section are used, only
filter random forest and filter SVM have been implemented as those were performing well with the previous
strategy and are not too complex. After separation of the MRI data, the data is then standardised and the
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most correlated features are removed. Filtering methods are then used to reduce the number of dimensions,
see figure Performances of the classifiers are then evaluated on the test set (repeated 20 times).
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Figure 3.13: Scheme of the separate-sMRI strategy. There is one classifier per MRI data, the same steps as
for the all-sMRI strategy are then performed.
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3.5.3 Resting EEG and ERP strategy

This strategy uses the same algorithms than the all-sMRI strategy, see to handle the classifications
tasks with the ERP and resting EEG features. The EEG signals are first preprocessed and EEG features are
extracted from each of them, see table[3.2]for the complete list of them. The resting EEG and ERP features
are not put together in the same dataset to resolve classification tasks 4 and 5 as some patients did not get
some ERP or resting EEG exams. Plus, some resting EEG exams were really noisy such that it was not
possible to extract consistent resting EEG features from them. That is why, the resting EEG and the ERP
features were fed to machine learning algorithms separately, see figure [3.14 The data is then standardised
and the most correlated features are removed. The data are further separated into a training set and a test
set using the Leave-One-Out method. Filtering, embedded or PCA methods are then used to reduce the
number of dimensions. The classifier models are then fitted with the training set and hyperparameters are
found by cross-validation. Performances of the classifiers are then evaluated on the test set (for each element
of the dataset). A complete overview of this model can be seen on image
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Figure 3.14: Scheme of the EEG strategy. The EEG dataset is splitted in two (resting EEG and ERP
dataset), each giving rise to a input feature matrix. Same steps as for the all-SMRI strategy are then
performed, except that training and test set are split by LOO.

3.5.4 Multimodal strategy using sMRI data

Initially, the purpose of this thesis was to combine EEG and MRI features together in order to detect
depression state and anxiety state for alcoholic patients. However, this was finally not an option as the
number of individuals having EEG and MRI features was really low, 23 patientsﬂ The idea was to take
the outputs of SVM filters obtained via EEG and MRI features separately and used them as input of a
perceptron. A perceptron is a simple single-layer neural network. The perceptron takes its input values and
multiplied them by a weight, specif to each input feature, learned during the training phase. Those values
are then summed and applied to an activation functions, which mapped the weighted sum to the values
0 or 1. The perceptrons do not perform well when the input features are categorical, which means that
the perceptron would not perform well and improve the results obtained with the MRI and EEG features
separately if we put the predictive class of each model as input to the perceptron. To address this problem,
instead of putting the output classes({-1: healthy, 1: ill} for example) as input for the perceptron, distances
to hyperplanes of SVM could be put as input of the perceptron. A negative distance would mean that the
individual belongs to class -1 and a positive one would mean that it belongs to class 1. Moreover, further away
points are from the hyperplane, more the points are considered to be well classified such that perceptron.
From the distances of the points to the SVM hyperlane, Platt devised a model that would estimate the
probability of an element belonging to the class 1 or the class -1 [I50]. The parameters of this model are
estimated by cross-validation. The model then takes as input a distance from a point to the SVM plane
and as output a number p between 0 and 1. This number indicates the probability estimated by the SVM
model that this element is sick (y = 1). In principle, if p > 0.5, it means that the element is estimated to be

9Moreover, data was strongly unbalanced for the 23 patients only five elements were depressive and 4 anxious which would
result in classifying all elements as control.
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Figure 3.15: Mulitmodal strategy using sMRI data : combination of structural MRI data.

sick by the model. The closer p is to 1, the greater the probability that the subject is ill and vice versa. To
facilitate the learning of the perceptron and to have a better understanding of the inputs to the perceptron,
these probabilities p were given as input to the perceptron, this is the probabilities case on figure [3.15]

This strategy is different for the all-sMRI data as it combines all structural MRI data. Indeed, as it
was explained earlier, as the number of features is too high and the number of samples too low, feature
selection is needed. For this selection, for example, the most important features for alcoholism were usually
information on cortical thickness and other types of features were often not taken into account. The purpose
of the fourth model was to see if each MRI information could be combined.

80% of the initial dataset was used to train the SVM (train on figure[3.15). 20% of the dataset was left as
test set. By cross-validation, the probability density of belonging to a class was estimated, the probabilities
were then estimated for the elements of the test set. This was then repeated 5 times to get a new set, which
is the concatenation of the 5 previous test sets. From this new dataset, 80% of the set was used as training
for the perceptron and 20% to evaluate the performances of the classifier. This step was repeated 20 times
and mean values of the performances were retained. The predictions of the training samples to belong to a
class to train the SVM could not be used to train the perceptron as they were biased due to overfitting.
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Chapter 4

Results

This section is separated in four parts, one for each strategy we proposed in the previous sectiorﬂ For
each strategy, we then present the results we obtained for the classification tasks we defined in section
The Cohen’s x and accuracy are displayed as the recall and precision of our methods.

For this chapter, it is important to understand what a baseline is. Since we are dealing with unbalanced
datasets, it is easy to get an accuracy above 50%, but this does not mean that learning is done, see section
3.4.10] The baseline corresponds to the proportion of elements of the predominant case in our dataset. The
baseline is therefore more or lessEl equal to the accuracy of the classifier that would classify all the elements
in the most represented class in the training set. To see if learning is taking place from our data, we will
mainly compare the accuracy of our methods with the baselines.

4.1 All-sMRI strategy

In this section, we present the results obtained in order to detect depression, alcoholism and anxiety from
all structural MRI data, obtained with the strategy defined in section [3.5.1

4.1.1 Problem 1 : Detection of alcoholism

The following figure shows the performances we obtained in order to detect alcoholism using all-sMRI
strategy.

---- Baseline

82.8 82.1 81.4 81.0 —+ ?:f;chuer:iy

74.0

8

Rd Forest SVM Rd Forest Log reg Log reg Log reg LDA
PCA

Embedded Filter Filter Filter Embedded Filter

Figure 4.1: Accuracy and Cohen’s x using model all-sMRI strategy in order to predict alcoholism.

IThe methods that were used for each strategy were implemented using the package sklearn.
2Some bias is possible due to the random shuffling of the data before creating the training and test set. For the Leave-One-out
test method, both are equal, see section for a reminder of the test methods.



CHAPTER 4. RESULTS 50

Sum Precision Sum recall

LDA
PCA

Rd Forest
Embedded

Log reg
PCA

SVM
Filter

Log reg
Filter

Rd Forest
Filter

Log reg
Embedded

SVM
PCA

LDA
Filter

s Controls mmm  Alcoholic

Figure 4.2: Recall and Precision using model all-sMRI strategy in order to predict alcoholism.

All methods are performing better than the baseline, showing evidence of the effect of alcohol consumption
on the brain. Moreover, we can see that the Cohen’s x of all methods is higher than 40%, meaning that the
agreement between the predicted outputs and test outputs is moderate. With the second image, we can see

that the recall for AUD patients is higher than for controls, certainly due to class imbalance, it is prefered
to classify an element as AUD.

4.1.2 Problem 2: Detection of anxiety

The performances of the machine learning algorithms implemented for this problem are not better than
the baseline, equal to 80%. For this problem, the recall and precision are not very informative. The dataset
is strongly unbalanced and no learning was done such that the precision for the controls was almost equal

to 100%, while the precision, as the recall, for the anxious patients are next to 0 for almost all methods, see
appendix [C.1.]] for a better overview of the results.

4.1.3 Problem 3: Detection of depression

The following figure shows the performances of the different methods we obtained in order to detect
depression with all structural MRI information.

40 -

go.1
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Figure 4.3: Accuracy and Cohen’s k using all-sMRI strategy in order to predict depression.
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Figure 4.4: Recall and Precision using model all-sMRI strategy in order to predict depression.

The method obtaining the best results was LDA with PCA with an accuracy of 69.1%. Still the accuracy
is just above the baseline (67%) and given the value of the Cohen’s k, this method is not reliable. No
any method is performing significantly better than the baseline and the best strategy consists in classifying
almost all elements as controls, value of Cohen’s k near 0. The recall is also higher for non-depressed subjects
due to the missclassification weights.

4.1.4 Problem 4: Detection of anxiety for alcoholic patients

The performances of the machine learning algorithms implemented for this detection of anxiety for alcoholic
patients are not better than the baseline, equal to 74%. For this problem, the recall and precision are not
very informative. The dataset is strongly unbalanced and no learning is done such that the precision for the
controls was almost equal to 100%, while the precision, as the recall, for the anxious patients are next to 0
for almost all methods, see appendix [C.I.2] for a better overview of the results.

For this problem, we get the same problem as for problem 2, due to the class imbalance. the best method
is simply to assign each patient as anxious alcoholic and this renders results not better than the baseline.

4.1.5 Problem 5: Detection of depression for alcoholic patients

The following figures give an overview the performances of the different methods implemented in order to
detect alcoholism with structural MRI information.
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Figure 4.5: Accuracy and Cohen’s k using all-sMRI strategy in order to predict depression for AUD patients.
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Figure 4.6: Recall and Precision using all-sMRI strategy in order to predict depression for AUD patients.

There is an amelioration compared to the baseline, 55% by using machine learning algorithms in order to
asses depression for alcoholic patients. It looks like that the only way to classify patients as depressive or
not is by transforming the initial feature space to a new one, in our case by using PCA. For most of the
methods, the recall is almost the same for AUD and depressed AUD.

4.2 Separate-sMRI strategy

In this section, we present the results obtained in order to detect depression, alcoholism and anxiety from
MRI data separately using random forest and SVM.

4.2.1 Problem 1 : Detection of alcoholism

The two next figures show the results we obtained with the separated sMRI strategy respectively using
random forest and SVM to classify patients as alcoholic or not :
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Figure 4.7: Accuracy and Cohen’s k using separate-sMRI strategy in order to predict alcoholism.
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Figure 4.8: Recall and Precision using separate-sMRI strategy in order to predict alcoholism.

The machine learning models obtained with mean cortical thickness are the ones which are working the
best, while the other models have an accuracy just above the baseline. From the other metrics than cortical
thickness, we see that most of the elements are well classified for AUDs but much less for controls which is
due to the large class imbalance and the low learning.

4.2.2 Problem 2 : Detection of anxiety

No method is working better than the baseline for this problem with the separate-sMRI strategy. The
most accurate method consists in classifying all items as controls, see appendix for a better overview
of the results.

4.2.3 Problem 3 : Detection of depression

The two next figures show the results of the separated sMRI strategy we obtained, using respectively
random forest and SVM to classify patients as depressive or not :
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Figure 4.9: Accuracy and Cohen’s k using separate-sMRI strategy in order to predict depression.
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Figure 4.10: Recall and Precision using separate-sMRI strategy in order to predict depression.

There is no amelioration compared to the baseline with none of the methods. Moreover, the Cohen’s & is
always close to 0, meaning there is no learning.

4.2.4 Problem 4 : Detection of anxiety for alcoholic patients

For this problem and with this strategy, the most accurate method is to classify all items as controls. The
accuracy is just below the baseline for all methods, for a better overview of the results see appendix [C.2.2]

4.2.5 Problem 5 : Detection of depression for alcoholic patients

The two following figures give a summary of the performances we obtained with the separate-sMRI strategy
respectively using random forest and SVM to classify alcoholic patients as depressive or not:
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Figure 4.11: Accuracy and Cohen’s k using separate-sMRI strategy in order to predict depression of AUD
patients.
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Figure 4.12: Recall and Precision using separate-sMRI strategy in order to predict depression of AUD
patients.

There is no learning when using structural MRI separately and when no projection methods are used.

4.3 Resting EEG and ERP strategy

In this section, we present the results obtained in order to detect depression and anxiety from EEG data.

4.3.1 Problem n°4 : Detection of anxiety for alcoholic patients

The performances of the machine learning algorithms with the EEG and ERP datasets are not better than
the baseline to predict anxiety, for a better overview of the results, see appendix
4.3.2 Problem n°5 : Detection of depression for alcoholic patients

The following figures give an overview of the performances of the machine learning implemented on the
ERP and resting EEG datasets :
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Figure 4.13: Accuracy and Cohen’s k obtained with resting EEG dataset in order to predict depression for
AUD patients.
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Figure 4.14: Accuracy and Cohen’s k obtained with ERP strategy in order to predict depression for AUD
patients.

With the resting state EEG data, there is no learning, the accuracy is always under the baseline. However,
with the ERP data, some methods have an accuracy higher than the baseline. In the next chapter, we will
analyse if those results can be considered as significant or not.

4.4 Multimodal strategy using sMRI data

There was no real interest to use this strategy in order to predict anxiety as each SVM model classified
patients as non-anxious due to the class imbalance. Still, we use this model in order to predict alcoholism
and depression. The results of this strategy are shown on the next table :

‘ Metric ‘ Alcoholism ‘ Depression for AUD ‘ Depression ‘
Accuracy 80.3 £9.4 56.7 £15.7 60.3 £15.5
Precision illness 88.1 £15.1 37.1 £30.5 67.8 £30.5
Recall controls 73.4 £20.3 60.7 25.3 63.8 £20.5
Recall illness 85.1 +12.8 23.6 +20.1 12.1 £17.2
Cohen’s & 52.4 +15.4 4.4 +14.7 0.0 £10.0

Table 4.1: Results of Multimodal structural MRI strategy in order to detect alcoholism and depression.

The results obtained with this strategy are worse than the best results obtained with the all-sMRI strategy.
For the detection of alcoholism, some learning is made. This is not the case for depression.
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Chapter 5

Discussion

This section is separated into 8 different parts, starting with a brief summary of the limitations of our
work. It then looks at the results obtained for our 5 classification problems. A section is also dedicated to
the choices we made for this project and what could have been considered. It continues with a section on
why the use of EEG and/or MRI data is interesting for predicting psychiatric diseases, especially alcoholism.
The chapter ends with the perspectives to be considered after having carried out this work.

5.1 Limitations

The limitations of the MRI-based dataset are first its size and also its unbalance. Compared to other
state of the art datasets, 210 samples is relatively high for medical based problems. Still this a small number
for machine learning algorithms, especially when the number of features is high. Feature selection methods
ensure performances of the algorithms. However, in absolute terms, by dropping some features, we drop
information that could be interesting for the algorithms. By increasing the amount of data, the machine
learning algorithms will be able to learn the features that are important and will not need feature selection
methods anymore, this could have be done with neural networks for example if the number of data was
higher [I511, 152, [153]. Furthermore, given class imbalance, even by using higher costs when the algorithm is
wrong for the minority class, class imbalance is a problem since the algorithms will tend to overfit and make
the most predominant class the most easily forecast to increase the accuracy of the algorithms.

The same limitations arise for the EEG-based dataset to an even larger extent. Indeed the dataset has a
real small size, 37 patients. It will be difficult to be able to draw any conclusions from a so small dataset as
learning is not really possible when the correlation between the features and the output is not straightforward.

Another limiting factor for classification of psychiatric disorders is the label noise of the psychiatric di-
agnoses [I54] and also the heterogeneity that exists between psychiatric diseases, perhaps a little less so in
terms of alcoholism, but which is quite high between depression and anxiety [155], [156].

One problem that arose for the MRI dataset was variables such as age and gender that were varying in
our population. It has been shown that those features influence the brain structures in previous studies
[121] 122]. As explained in section one strategy to remove these correlations, for MRI features, is
to compute a linear model relating age and MRI features and to take the residuals of the linear model as
MRI features. This transformation of the MRI data was abandoned because it did not allow the machine
learning algorithms to better classify the data. Moreover, to make sure that age did not influence the MRI
features too much and that no transformation on them should be done, the median age of the dataset was
calculated to create two subgroups, the first one containing patients older than the median and the second
one containing patients that were younger than the median. After that, a SVM was implemented in order
to classify subjects as younger or older than the median based on the MRI data. The method obtained an
accuracy on the test set around 70%. If there was one variable which was highly linearly correlated with age,
the accuracy could easily be higher than 90%, which is not the case. An accuracy around 70% (with a 50%
baseline) stills means that age indeed influences the MRI data and could thus influences the performances
of our classifiers, but slightly.
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5.2 Classification of alcoholism

Classification of alcoholism could only be performed with the MRI-based dataset as the EEG-based dataset
contained only AUD patients. As a reminder, the MRI-based dataset contains 210 patients, 141 AUD and
69 controls.

5.2.1 All-sMRI strategy

As it is shown on figures[£.1]and [4.2] the classification of alcoholic patients using structural MRI features is
accurate. Of course, class imbalance plays a role as the precision and recall are higher for the AUD patients
than for controls, but still the recall for controls is still acceptable. The algorithm performing the best is
the embedded random forest, which is the most sophisticated algorithm. Its accuracy is equal to 82.8%
with a baseline equal to 66% and its Cohen’s x is equal to 57.2%, meaning almost substantial agreement
between y predicted and y test [I49]. As the number of control patients was lower, weights were put such
that misclassified control patients were more penalised. Thus, classification as control is preferred and this
can be seen on figures [I.7) as the precision for controls is low and still the recall is high. These weights
improve the results but are not necessary to classify patients as alcoholic or control. Methods using LDA
have an accuracy 15% higher than the baseline without using class weights.

The good performances of our classifiers are mainly due to a number of structural MRI variables, called
important variables. Filter methods highlight features which are statically the most different, the ones having
the lowest p-value. An illustration of how the data behaves in the most important filter features space is
shown on figure [5.1] It is impressive to see that even with two dimensions, namely the cortical thickness of
the precuneus of the left hemisphere and the subparietal sulcus of the left hemisphere, clusters separating
alcoholic patients from controls are created. Those two features are related to each other as the subparietal
sulcus separates the precuneus from the cingulate gyrus, see appendixes and[A-2] The separation is even
increased when the feature dimension is increased on figure [5.1] Thinning, within precuneus, agrees broadly
with the literature which has shown that the precuneus may be a cortical site for neuroplastic changes related
to drugs (alcohol and cigarettes) [I57] .
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Figure 5.1: MRI data for alcoholic patients and controls projected in the most important variables plane for
the filter method(p-value) showing strong data separation. For a better understanding of the abbreviations,
see Appendices @ and @ The suffix ¢t means it is a cortical thickness variable.

Random forest also has feature importance methods to highlight the most important features. The 15
most important features that were highlighted from it are shown on figure It is first interesting to see
that the most important features given with Gini importance are similar to the ones reported with filter
methods, not necessarily in the same order. By looking more closely at the features, we note that most
important variables are cortical thickness features. This is very much in line with what we have seen in the
literature which indicated a higher atrophy for alcoholic patients in the different parts of the brain [39, [42].
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Figure 5.2: 15 Most important features highlighted by random forest for detection of AUD patients with
MRI features highlighting cortical thickness features as a strong biomarker for the detection of AUD.

5.2.2 Separate-sMRI strategy

The importance of cortical thickness features for classification of AUD patients is also reported on figure
.7 where the machine learning methods using the mean cortical thickness and white matter density of brain
structures are highlighted to be the ones performing the best for the classification of patients as alcoholic
or not (accuracy = 82.2% and Cohen’s k = 56.7%). The performances of the machine learning algorithms
with the other features results obtained better than the baseline with a Cohen’s x higher than 20%, which
means that there is potentially some learning curve with the other features.

It would be interesting to compare our results to what is currently done in the literature. A study used 5
MRI features: grey-matter density (GMDD), cerebrospinal fluid cortical thickness (CT), a basic reward
response signal from task-based functional MRI and nucleus accumbens connectivity from
resting-state functional MRI to classify subjects as alcoholic or control [I58]. The structural MRI features
were also extracted using freesurfer from T1 images with the Glasser anatomical atlas [I59], which contains
358 regions. Their dataset contains 119 AUD patients and 97 controls, which is a more balanced set than
ours. They used balanced accuracy to look at the performances of machine learning algorithms. It is given by
the mean recall of each class. In our case, the balanced accuracy of our best method using all MRI features
equals 81.0 %. With a multimodal approach, they obtained a maximum balanced accuracy of 79.3%. To do
so, they separated their data into 5, (see figure , each data type gave rise to a SVM with radial basis.
They then used the outputs of the SVMs to feed a perceptron.

In their study, the feature which gave the best performances was the grey-matter density (volume for our
study) with a balanced accuracy of 76.3%, which is better compared to us with this modality, balanced
accuracy of 68.6%. However, using cortical thickness they did not obtain a balanced accuracy better than
65%, which is really low compared to our performances using cortical thickness, 81% of balanced accuracy.
There are three reasons that could explain why our studies presented different results. The first reason
could be that they suffer from overfitting as they do not appear to have used feature selection methods.
In addition, they did not use exactly the same variables as we did, as they did not use the same atlases.
Finally, our datasets are both small and it is possible that the populations we used are not representative
and therefore different. Overall, mean cortical thickness still appears to be a more important biomarker of
alcoholism than grey matter density. In fact, a new study using structural MRI data to classify patients as
alcoholic or control also identified cortical thickness and area of structures as the most important variables.
This study included more than 2000 subjects (Enigma) and obtained with these important variables 77%
area under the receiver operating characteristic curve [160].
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Figure 5.3: Multi modal neuroimaging method using NAC, RWR, CTH, CSH GMD data to classify people
as alcoholic or not from [I58].

5.2.3 Multimodal strategy using sMRI data

The strategy shown on figure [5.3] is similar to our multimodal strategy using structural MRI data. As
a reminder, we used the probability of belonging to a class, deduced from the distances of the samples to
the SVM hyperplane, trained with four structural MRI modalities, as input of a perceptron. The results
obtained, 80.5% of accuracy and a Cohen’s & of 52.4%, are similar (less accurate) than the ones obtained with
the all-sMRI strategy or the separate-sMRI strategy. SVM with features other than mean cortical thickness
data perform slightly better than the baseline and therefore do not estimate a probability density close to
reality. Figure [5.4] shows the probability densities estimated from the SVM models fitted with curvature
data, standard deviation of the cortical thickness and volume and area data compared to the mean cortical
thickness. Probability higher than % means that the classifier will assign this element to the alcoholic class.
In this figure, we can see that when features are classified in the same way by both types of data, on the
bottom left and top right of each image, very few elements are misclassified. Conversely, when the results
obtained by the different types of data are different, in the top left and bottom right of the figure, the
predictions from the mean cortical thickness data are less wrong. When the results obtained with the other
types of data are correct (and thus the one with cortical thickness incorrect), the estimated probability that
these data are correct are close to é and therefore do not have enough weight to be able to influence the
choice of the perceptron. Moreover, the perceptron’s weight for probability obtained from the mean cortical
thickness data is 4 times higher than the others. The perceptron therefore relies mainly on this input to
perform its classification. The outputs of the other classifiers are also used to perform the prediction but to
a lesser extent. Given the lower performances of this model, this could indicate what we said earlier, that

there is very little learning from data other than mean cortical thickness.
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Figure 5.4: Probability estimation to be alcoholic according the four different types of MRI features. Prob-
abilities obtained with SVM using other features than mean cortical thickness are not accurate enough
improve the accuracy of the model obtained with mean cortical thickness.

5.3 Classification of anxiety state

Classification of anxiety state could only be performed with the MRI-based dataset as the EEG-based
dataset contained only AUD patients. As a reminder, the MRI-based dataset contains 210 patients, 44
subjects in anxious mood and 166 non-anxious.

The classification of anxiety for all patients with structural MRI features was not a success. Indeed it is
possible to see on figures and [C23] that there are not any machine learning that had an accuracy better
than the baseline. It means that the best way for the machine learning to have the best accuracy was to
classify all elements as control. This can be seen through the Cohen’s x almost equal to 0 and can maybe
be explained by three different reasons.

The first one is the class imbalance problem as there is almost 80% of the total population that is control,
even if the algorithm does find some differences between both groups, it is safer for it to classify all elements
in the same class. "Even by using methods which counter imbalancement, the learning process of most
classification algorithms is often biased toward the majority class examples, so that minority ones are not
well modeled into the final system "[I61].

The second reason why the classifier does not perform well can be explained by the fact that detecting
anxiety with structural MRI information is not an easy task. For example, a study involving 19 patients
with GAD and 24 controls used GM and WM areas and volumes as input to a SVM to predict patient
anxiety [162]. They obtained a classification accuracy of 68% which is higher than the baseline 55%, but
not statistically significant. Plus, the way the machine learning algorithm was evaluated is not really clear.
Indeed to evaluate their performances, they used Leave-One-Out and it is not clear whether they used this
method separately to find the hyperparameters of the model and to test their performancesﬂ

The final reasons that may influence the results of our algorithms are related to the way we have considered
patients as anxious. Indeed, as the STAI-state questionnaires were reported before to make a MRI scanner
which is a stress full moment, it could increase the STAI-state score of patients [I63]. Moreover anxiety state

LIf the test set is dependant of the validation set, their performances will be better as their algorithm will learn on the
hyperparameters of the model.
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is a comorbid state with the begin of alcohol withdrawal and may disappear later [164], such that people
who scored above 50 at the STAI-state questionnaire are maybe not anxious but just in an anxiety state due
to their withdrawal. The use of questionnaires could also distort the results because patients answer these
questionnaires on their own, whereas the best way to classify a person as anxious is through a psychiatrist.
Furthermore, as noted in section 2:3.3] the questionnaires classify all anxious patients in the same class,
even though different types of anxiety do not affect the brain in the same way. In addition, the STAI-state
questionnaire may not be the best questionnaire to indicate the anxiety level of patients. A study claimed
that the most correlated questionnaire with anxiety was the STAI-trait questionnaire and not the STAI-state
[165]. Finally, our "control" group for this problem also contained patients with alcohol use disorder. It has
been proven in the state of the art that these two diseases affect certain parts of the brain in the same way
and are also closely related.

Those are limitations, but differences are still observed between the MRI features of anxious and non-
anxious patients, see appendix [D.2] Thus, one might ask how it is possible that our algorithms do not work
well when we notice sSMRI statistically different variables between anxious and non-anxious patients?

To answer the previous question, let’s have a look at a simple example using one feature and a simple
classifier which uses thresholding (this can be seen as a decision tree) and containing two populations each
containing 100 samples. Let’s look at three different cases. In the first case, a simple t-test is performed to
distinguish the means of the two groups and a p-value of 0.001 is obtained which is statistically significant
(<0.05). However, weak performances of the classifier are observed, see figure A . This because the values
for that feature overlap each other. This means that even if a feature is significantly different from one group
to another, it does not imply high classification results. However, the opposite is not true either and can
be seen on figure 1.B. In this case, the thresholding cannot be done with only one threshold, although with
only one threshold the results will be better than for example A. Finally, it is still possible to have a feature
that is significantly different and that allows to have quite high classification performances (see picture C)
[166].
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Figure 5.5: Statistically-significant differences do not necessarily imply high classification accuracy, and
conversely, from [166].

5.4 Classification of depression

Classification of depression could only be performed with the MRI-based dataset as the EEG-based dataset
contained only AUD patients. As a reminder, the MRI-based dataset contains 210 patients, 69 subjects in
depressive mood and 141 non-depressed.

As shown on figures [L.3] and [£.9] the classification of depression for the whole population did not work
well. The best method consists in using LDA and using Principal Component Analysis in order to reduce the
number of dimensions. This method has an accuracy which is near the baseline (68%). We have a balanced
accuracy of 63% which could indicate learning from the MRI data, but it is not the case as the Cohen’s & is
really low. This method is not reliable and could thus not be taken into account for psychiatric diagnostics.
The reasons why the performances of our classifiers for this problem are bad can potentially be explained
by the choice of the input data and our dataset.

Depression is an illness which mainly affects the functionality of the brain. Studies conducted on major
depression implementing machine learning algorithms to classify MDD patients vs controls showed better
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performances with fMRI data than sMRI data. For example, a study conducted to classify MDD from
controls obtained 74% of accuracy with a population of 30 controls and 30 MDD. The input features were
based on a combination of fMRI biomarkers, which corresponded to the neural responses of individuals to
neutral faces, important rewards and safety [I67]. Indices derived from rs-fMRI such as the Hurst exponent
seem to be predictive biomarkers. Two studies used those biomarkers to predict depression. The first study
used 40 subjects, 20 controls and 20 MDD and obtained 90 % of accuracy with a SVM [168]. The second
study did not only try to classify people as depressed or not, but also tried to classify patients as remitted
or not. To do this, they had access to the Hurst exponent of fMRI signals of 9 current MDD, 19 remitted
MDD and 19 controls. By using a SVM with a radial basis function, they obtained 81% of accuracy between
remitted MDD and controls, 85 % of accuracy between current MDD and controls and 78% of accuracy
between remitted MDD and current MDD [I69]. This shows how powerful the Hurst exponent is in order
to detect major depression even with small populations.

Some studies focused on classifying major depressed individuals compared to controls by using structural
MRI biomarkers and their performances were not as good as with fMRI data. For example, a study involving
33 teenagers, 18 who get depressed within the 5 years and 15 who did not, used cortical thickness of brain
regions of these teenagers to predict whether they will suffer from depression within 5 years and got 69% of
accuracy. Those performances are certainly seen on the rise as they obtain those scores by cross-validation
[I70]. Other studies, using volume of brain structures as input to detect major depression obtained accuracy
which ranged between 64 and 85% [I71], 172 73], 174]. The same purpose was conducted with another
study, they used PCA and locally linear embending methods in order to extract the most important features
of gray and white matter volumes with a SVM and obtained respectively 85.7 and 77% of accuracy [I75].
Finally, a last study using cortical thickness and curvature with a SVM obtained respectively 69% and 48%
of accuracy [172].

Those results are worse than the one obtained with classifiers using fMRI biomarkers. However, most of
the studies using structural MRI data in order to classify patients as MDD obtained better results than the
baseline. Other reasons linked to our dataset could explain those poor performances.

First of all, it is important to remember that depression and alcoholism are strongly correlated [52] 53], [55].
Most of the subjects considered as depressed are also alcoholic in our study. The Beck scores of the subjects
considered as depressed for our study are really low compared to MDD, but higher than 8, synonym of a
low depressive state, which is characteristic of alcoholic patients at the end of their withdrawal [I76]. This
depressive state is often temporary and tends to fade gradually [I76]. Thus, the "depression" (the depressive
state) that we describe in this thesis may not have severe effects on the brain and therefore may not be
visible on MRI images.

In addition, studies that looked at depression compared depressed patients and healthy subjects. Our
"control" group for this problem also contained patients with alcohol dependence, potentially influencing
the results. The purpose of this problem was therefore different from what we see in the literature and the
results are hardly comparable. Our aim was to see whether alcohol-related depression had sufficiently large
effects on the brain to be visible on MRI, compared to alcoholic patients and healthy subjects.

Finally, the Beck scores indicate depression but they are not 100% reliable. Indeed, those questionnaires
are personal and do not always represent reality. The people who are considered as depressed in our survey are
not clinically depressed, at least they are not considered as depressed by a psychiatrist, which is currently the
safest way to diagnostic people as depressed. The "sick" and "control" subjects for this study are therefore
perhaps poorly considered.

5.5 Classification of anxiety for alcoholic patients

For this problem, we could use the MRI-based dataset, containing 141 AUD patients, 26% of them being
in an anxiety state; the resting EEG-based dataset containing 36 patients, 16% being in an anxious mood
and the ERP-based dataset containing 38 patients, 18.5% of them being in an anxious mood.
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Figures [C.2] [C-4] [C.5] and [C.6] show evidence that the prediction of anxiety for alcoholic patients is not
something that has been full-filled with the MRI and or EEG features.

The resting EEG dataset was strongly unbalanced, 6 anxious and 30 controls. The results obtained were
not better than the baseline, but it is difficult to draw any conclusions from those results given the size of the
dataset. Other studies have found alpha symmetry to be an effective marker for rEEG-based classification
of anxiety in AUD patients [I77, [I78]. Alpha symmetry features is therefore a promising avenue for future
research on our data.

The classification of anxiety state with structural MRI data for alcoholic patients did not show interesting
results either and the reason explaining that are similar to what is explained in section [5.3| :

e Temporary anxiety : Anxiety, like depression, is often associated with the onset of withdrawal and
symptoms tend to decline gradually [164, [179].

e Type of questionnaire: The STAI-status questionnaire may not be the best questionnaire for as-
sessing anxiety, the STAI-trait is more accurate [165].

e The use of questionnaires may bias the results as the questionnaires are done personally by the
patients and not by a psychiatrist.

e The strong class unbalance.

5.6 Classification of depression for alcoholic patients

For this problem, we could use the sMRI-based dataset, containing 141 AUD patients, 44% of them being
in a depressive mood, the resting EEG-based dataset containing 36 patients, 33% being in a depressive mood
and the ERP-based dataset containing 38 patients, 42% of them being in a depressive mood. As a reminder,
for this problem, patients considered as depressed alcoholic are those who answered the BECK questionnaire
and obtained a score higher than 8 in T2. The scores of the patients considered as depressed are close to
8, associated with the end of withdrawal for a large number of alcoholic patients, more prone to relapse
[I80, 181l [182]. This depressive state is often temporary and tends to fade gradually and may therefore
affect the brain only slightly. In addition, Beck scores are self-completed questionnaires and are therefore
not always 100% reliable. These two factors are certainly the main reasons why our classifiers do not achieve
significant performances. This section is separated in three subsections, each explaining the results obtained
with the 3 different types of data.

5.6.1 MRI based dataset

As shown on figure a PCA SVM model with sMRI features obtained 62% accuracy, an improvement
of 6% compared the baseline 56%. However, the 10% confidence interval of the model’s test-set accuracy
contained that baseline performance, which we attribute to our limited sample size. Moreover, by using
features separately and without any projection methods, see figure 5.11, the machine learning methods do
not have an accuracy higher than the baseline. It is thus difficult to indicate that it is possible to use
structural MRI features in order to detect depression for AUD patients.

However, there are variables that are statistically significantly different between depressed AUDs and
AUDs for the whole population. The most significant variables that are retrieved are mainly changes of
volume. We can see that there is a reduction in the volume of the cingulate gyrus for AUD depressed
patients compared to AUD patients, see figure This was also suggested in different studies [43] [TT], [72]
which analysed structural MRI differences between controls and major depressed patients. The posterior
and the isthmus of the cingulate cortex are the most affected areas. The posterior cingulate cortex cortex
is used to evaluate emotions and to concentrate [I83] [I84], while the isthmus is involved in memory and
pain processing [185]. This may potentially indicate a correlation between major depression and depression
related to the end of withdrawal.
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5.6.2 ERP-based dataset

As evidence on figure event-related potential features fed to machine learning algorithms obtained
a mean accuracy higher than 60%, thus improving on the baseline 58%. The best method obtained 66%,
8% above the baseline. While encouraging, it is worth noting that an 8% improvement only represents
3 subjects, given the size of our dataset. However it does not look like at it as both logistic and SVM
methods were able to highlight those results. To analyze these results, consider a simple classifier that
would assign the AUD control label to patients with probability p = % ~ (.55 and the AUD label in a
depressed state with probability g =1—p = % ~ 0.45. These numbers are not trivial and correspond to the
proportion of each class in the ERP dataset. The probabilities that an element is well classified is given by
the probability to pick a depressed AUD subject and to classify it as depressed AUD + the probability to
pick an non-depressed AUD patient and to classify it as non-deprresed AUD : P(well classified) = p? + ¢>.
The probability of misclassification is thus given by : P(misclassified) = pg + gp. the sum is equal to 1 since
q> + p? + 2pq = (¢ + p)? = 1. The probability of correctly classifying exactly k patients with this classifier
using a Leave-One-Out method for testing with the ERP dataset is given by the mass density of a binomial
distribution.

P == () (1200 o) 6.

Where N, the number of samples equals 38. In our case, we are interested in the probability that this
classifier has a number of correct answers greater than 25 so that its accuracy is greater than g—g ~ 65.7%.
This is given by

38 24
PX>25)=Y P(X=i)=1-> P(X =1i)~5% (5.2)

Equation [5.2] shows that our results could not be considered as statistically significant, but at least en-
couraging. The non reliability of this model was already highligted with the low value of Cohen’s &, 29.5 %.
The fact that the use of ERP (mostly P300) features in order to detect depression is encouraging has already
been noted in the literature [64], 65], 66]. However, in those cases, the studies compared patients with MDD
and healthy controls and not AUD patients with minor depression and AUD patients.

5.6.3 Resting EEG dataset

Finally, by using resting EEG features, we can not draw any conclusion in order to assess that AUD
patients are in a depressive state or not. The non-correlation between PSD of patients and Beck and STAI-
State score was already highlighted in a previous study conducted on resting state EEG of AUD patients at
St-Luc [180].

5.7 Choices

This section focuses on the machine learning choices that were made for this study and explains what
other algorithms could have been used, what other metrics could have been analyzed.

5.7.1 Choice of the classifier

The choice of the different classifiers used are based on our literature research and on the size of the
dataset, as we would have used deep learning if the number of samples was higher. The SVM algorithm is
certainly the most widely used algorithm in order to assess brain diseases, often with kernel tricks [166ﬂ
This is also the case for LDA, but at a lower level [166]. The choice of the other different methods are based

2Gaussian kernel was tried for the classification problem of alcoholism with the MRI dataset, as the results (80.5% of
mean accuracy for classification) were not better than the ones obtained with linear kernel (initial SVM) and as the number
of presented results were already high, we decide not to show them. The fact that simple models (linear SVM) perform better
than non-linear models is completely in line with what we see in the literature when the number of data is low [I87]. But,
they get really outperformed when the number of samples increase (>500), and if other studies on the subject using more
data should use SVMs or kernels or neural networks as they allow more learning but are more prone to overfitting [I87] (those
improvements also depend on the dataset and correlation between y and X are sometimes linear such that non linear kernel do
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on their properties. The main advantage of the random forest algorithm is its ability to evaluate the most
important features, which is an interesting tool in the medical field, as it could help doctors to examine
certain features when diagnosing patients. The main advantage of logistic regression is its output meaning.
Indeed, the output of the logistic regression is a probability level that indicates the level of class membership,
which could also help patients when diagnosticating as doctors thus have a meaning of the output and not
simply a label.

Other more methods in the medical field are often used such as K-nearest neighbor. K-nearest is one
of the simplest classification method, the only hyperparameter to tune is the number of neighbors. The
method assumes that the predictor function is locally smooth such that the decision function of each point
can be approximated by its k nearest neighbors. In practice, this method is the simplest form of ensemble
classifier as it simply assign a label by the majority vote of its k nearest neighbor. This method has not
been considered since it tends to highly suffer from the curse of dimensionality. Naive Bayes could also
have been considered, as it also often used for machine learning algorithms using medical data [166]. It is
often associated to logistic regression in the literature, as both are based on a probability distribution. The
Naive Bayes classifier uses Bayes rule and maximises the maximum likehood a posteriori, while the logisitic
regression model maximises the maximum likehood in order to find w.

5.7.2 Choice of the performance metrics

In machine learning studies related to disease detection, the most used performance metric is certainly
the accuracy [166]. However, even in this study, this performance metric showed its limitation when the
dataset is unbalanced. Some studies thus put interest in balanced accuracy to assess the performances of
their classifier. It has also shown it limitation as it does not indicate which class is well labeled and the one
which is not. That is why, we prefered to highlight accuracy, precision, recall of each class and the Cohen’s
K.

Still, other performance metrics could have been used in order to condensate the results of our classifiers.
First, let’s introduce the F-measure, introduced at the Fourth Message Understanding Conference [I88]. The
F} score is given by the harmonic mean between the recall and the precision:

2
Fl=—aq"0— (5.3)

recall precision

The F-score can also be adapted in order to put more weight on the recall or on the precision, we then
talk about Fjg. The F-score enables to give the global overview of the precision and the recall of one class
and has the advantage of being more concise than the recall and precision calculation. However, it does not
allow to know exactly how accurate the precision and recall of a class are and this is why when it is possible
to indicate several results, it is preferable to calculate these two metrics separately.

In the medical field, another metric is often used, called the Receiver Operator Curve (ROC|). The ROC
curve shows the performances of a classifier by showing the TP rate in function of the FP rate while varying
a hyperparameter. From this curve, it is possible to extract the area under curve metric, it ranges between
0.5 and 1, where the value 0.5 is a random classifier and the value 1 means a perfect classifier. The area
under curve metric indicates the discriminant capacity of the classifier. It indicates the probability that a

patient would be well classified compared to a control. A quick interpretation of the area under curve is
shown on figure [5.6]

not always outperform simple models when the number of samples increase). SVM with a Gaussian kernel looks like to be a
promising avenue for future research.
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Figure 5.6: Best area under curve is given in top left corner of the graph, while worst area under curve is a
straight line from (0,0) to (1,1).

5.8 Interest of using EEG and MRI features for the prediction of diseases

This section tries to explain what could be the interest of using the machine learning algorithms presented
previously on EEG or MRI data to solve the classification tasks presented in section this section is the
result of a discussion with Sophie Leclerq and exchanges with psychiatrists such as Dr de Timary. In fact,
there is not much interest in using machine learning algorithms on EEG and/or MRI data (that are difficult
to extract) in order to predict a level of depression, anxiety or alcoholism which are not so difficult to collect
with questionnaires.

The interest of using these EEG and/or MRI data to indicate diseases such as alcoholism, anxiety and or
depression is nevertheless important. Let’s focus on alcoholism for which the relapse rate is high (about 80%
after 1 year) and for which drug treatments do not work well [37]. It is necessary to find new biomarkers
to predict relapse. By proving with this work, that there are biomarkers that can predict alcoholism (these
biomarkers may be the effects of alcohol and may not be the reason why people drink, these can be identified
with feature importance methods discussed in section7 it can be envisaged that some of these biomarkers
can identify relapse of patients and that they could be modified by an intervention. For example, using
microbiota, see Appendix [E] for the link between resting EEG and microbiota, one could imagine that
certain bacteria living in the gut could be "predictors" such as potentially intestinal permeability, potentially
intestinal permeability [I89)]. If this is the case, there is a way to vary their levels via nutritional approaches
[190]

e A probiotic approach: giving the live bacteria orally (in the form of food supplements for example).

e A prebiotic approach: giving dietary fibers that would allow the growth of these "good" bacteria.

However, since measuring intestinal permeability is a tedious task (24-hour urine collection, ingestion of
radioactive products), using an EEG or MRI markers rather than measuring intestinal permeability would
be interesting (in terms of saving time and money, and safety for the patient and the clinician).

5.9 Future perspectives

This thesis was initially a proof of concept to see if it was possible to use EEG and/or MRI data to improve
the management of alcohol-dependent patients at St-Luc Hospital. The ultimate goal of Prof. de Timary et
al. is to use the data they collect at T1 and T2 to predict the physical state of alcoholic patients at T3. The
major objective would be to predict which patients will relapse, knowing that today more than 80% relapse
within a year. To this end, all type of information could be collected:

e Personal: age, sex, financial situation, marital status etc..

e Alcohol: Type of consumption, average quantity per week, medication, number of withdrawals, etc..
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e Questionnaires in T1 and T2: BECK, AUDIT, STAI scores.
e Medical examinations: EEG, ERP, MRI, microbiotaﬁ in T1 and T2.

Since very few studies have succeeded in predicting relapse in alcohol-dependent patients, we cannot rely
on any one type of data. Collecting all the types of data listed above will require a lot of effort and will
create a very large database. For this study, we already had more than 1800 different variables counting
only the MRI data. Before we can hope to predict patient relapse from machine learning algorithms, it is
necessary to identify a limited number of markers that are potentially predictive of relapse.

It is therefore necessary to set up a systematic collection of data from alcoholic patients returning to
hospital for withdrawal. One of the major difficulties encountered in this work was to collect all available
patient data. A large proportion of the patients admitted to the psychiatric ward had EEG examinations,
but it was very difficult to find their clinical diagnosis.

To carry out this project, we could imagine a common server for the whole psychiatric department. This
server would contain a very simple database, a list of folders. Each folder would be specific to a patient and
would contain four sub-folders, containing the files related to the name of the folder:

e Questionnaires and medical examinations in T1
e Questionnaires and medical examinations in T2
e Questionnaires and medical examinations in T3

e Personal and alcohol-related information
After setting up this common server, it would be necessary to collect this information for a large number
of patients, at least 300 or 400 as the proportion of patients who do not relapse is really low. This work

would be long and tedious and it might be interesting to use only the EEG data as a medical examinations
since these are the only reimbursable medical examinations, see step 2 on figure

Step 2 : Information gathering

Personal, Questionnaires and Questionnaires and
Questionnaires and Medical Exams Medical Exams and
Medical Exams ?ﬁ ’ﬁ withdrawal? ?
Hospitalisation Return

S Home S

Select most important
features

Step 3 : Selected information gathering

Personal, Questionnaires and Withdrawal?
Questionnaires and Medical Exams
Medical Exams ’ﬂ ’ﬂ ’
Hospitalisation Return

<> <> Home <

Step 4 : Machine learning methods implementation
Yes
et el BN Withdrawal?
No
Figure 5.7: Three last steps of the potential future project : Predicting relapse of alcoholic patients.

Once this information has been collected and knowing the relapse output, it will be possible to identify
some markers potentially predictive of relapse. The collection of biomarkers would make it possible to identify
the differences between those who relapsed and those who did not relapse and how these also evolved during
withdrawal.

3This type of information may be removed due to the difficulty of sampling.
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Then, data should continue to be collected but only for those markers that were identified important in
the previous step, this step corresponds to step 3 in the figure. This would save time and money.

Finally, when a sufficient number of data has been collected, about 1000 patientsﬂ a machine learning
algorithm could be used to link all the predictive markers together and potentially predict patient relapse,
see step 4 on figure

4There is no real rule for how many samples are needed, but it is known that the more data, the greater the learning
potential. Furthermore, given the large amount of data that could be collected and the class imbalance, 1000 patients seems to
be necessary to be able to draw conclusions.
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Conclusion

In this work, we were interested in the links between EEG and structural MRI data and certain psychiatric
diseases. More specifically, we were interested in the use of machine learning methods using EEG and/or
structural MRI data to classify alcoholic and control subjects, depressive and control subjects, anxious and
control subjects, alcohol-depressive and alcoholic subjects, alcohol-anxious and alcoholic subjects.

To do so, we first conducted a literature search on EEG and MRI signals, specifically on biomarkers that
could be extracted to study these diseases. We the developed two different datasets containing MRI and EEG
features studied in the literature research. The first one contains structural MRI data for 210 subjects. The
second one contains electrophysiology data for 43 alcoholic patients. We then researched the classification
methods that would be most suitable for these data and applied them to our data.

The results of the implemented machine learning methods obtained from the structural MRI data showed
that the brain structures were significantly different for alcoholic and control patients and that classification
regarding alcoholism from structural MRI data was possible. More precisely, this work highlighted that
cortical thickness data were the most interesting variables for the prediction of alcoholism. In addition,
classification via SMRI data for depression in alcoholic patients showed encouraging but not yet statistically-
significant results due to the small number of data available.

The classification according to anxiety and depression did not allow to draw interesting conclusions from
sMRI and EEG data in resting state. However, classification of depression of alcoholic patients from ERP
data yielded encouraging results. Given the number of subjects, these results do not allow us to conclude a
significant difference. The classification of anxiety of alcoholic patients based on ERP data did not allow to
conclude significant differences between anxious and alcoholic patients.

The first limitation of this work was the number of subjects for our two datasets, which if new studies on
the same topic were to be initiated, would have to be increased. On the one hand, this would allow for more
learning and better results and on the other hand it would allow for more certainty in our results. One study
indicated that for this type of study to have a confidence interval of 0.1, the number of test items should be
greater than 140, i.e. a set of at least 500 subjects with our method fo testing [T91].

In addition, it would be interesting to change the way patients were classified as depressed or anxious.
If diagnoses could be made by psychiatrists and not by answers to questionnaires, this could improve the
quality of our data. This would certainly lead to better performances for the machine learning algorithms
and also allow more certain conclusions to be drawn.

However, even with these limitations, the results we have obtained with our two datasets are already very
encouraging. They indicate that EEG and structural MRI data could be used to help diagnose psychiatric
patients and their potential should be exploited to design new treatments. The EEG and MRI data could
be used to study more complex problems such as relapse in alcohol-dependent patients, see section |5.9
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Appendix A

Atlases

This section covers the different regions that were used for the brain atlases we used for this thesis.

A.l Destrieux Atlas

Figure A.1: Destrieux atlas [I11]

The labels of the Desikan atlas are labelled below [112]:
1. G_and_S_frontomargin Fronto-marginal gyrus (of Wernicke) and sulcus
2. G_and_S_occipital inf Inferior occipital gyrus (O3) and sulcus
3. G_and S paracentral Paracentral lobule and sulcus
4. G_and_S_subcentral Subcentral gyrus (central operculum) and sulci
5. G_and S transv_frontopol Transverse frontopolar gyri and sulci
6. G_and_S cingul-Ant Anterior part of the cingulate gyrus and sulcus (ACC)
7. G_and_S _cingul-Mid-Ant Middle-anterior part of the cingulate gyrus and sulcus (aMCC)
8. G_and_S cingul-Mid-Post Middle-posterior part of the cingulate gyrus and sulcus (pMCC)

9. G_ cingul-Post-dorsal Posterior-dorsal part of the cingulate gyrus (dPCC)
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10. G_ cingul-Post-ventral Posterior-ventral part of the cingulate gyrus (vPCC, isthmus of the cingulate
gyrus)

11. G_ cuneus Cuneus

12. G_front_inf-Opercular Opercular part of the inferior frontal gyrus

13. G_front_inf-Orbital Orbital part of the inferior frontal gyrus

14. G_front_inf-Triangul Triangular part of the inferior frontal gyrus

15. G_front middle Middle frontal gyrus (F2)

16. G_front sup Superior frontal gyrus (F1)

17. G_Ins lg and S cent ins Long insular gyrus and central sulcus of the insula
18. G_insular _short Short insular gyri

19. G_occipital middle Middle occipital gyrus (02, lateral occipital gyrus)

20. G_occipital _sup Superior occipital gyrus (O1)

21. G_oc-temp lat-fusifor Lateral occipito-temporal gyrus (fusiform gyrus, O4-T4)
22. G_oc-temp med-Lingual Lingual gyrus, ligual part of the medial occipito-temporal gyrus, (O5)

23. G_oc-temp med-Parahip Parahippocampal gyrus, parahippocampal part of the medial occipito-temporal
gyrus, (T5)

24. G_ orbital Orbital gyri

25. G_ pariet_inf-Angular Angular gyrus

26. G_ pariet inf-Supramar Supramarginal gyrus

27. G_parietal sup Superior parietal lobule (lateral part of P1)

28. G_postcentral Postcentral gyrus

29. G_precentral Precentral gyrus

30. G_precuneus Precuneus (medial part of P1)

31. G_rectus Straight gyrus, Gyrus rectus

32. G_subcallosal Subcallosal area, subcallosal gyrus

33. G_temp sup-G_T transv Anterior transverse temporal gyrus (of Heschl)

34. G_temp sup-Lateral Lateral aspect of the superior temporal gyrus

35. G_temp_ sup-Plan polar Planum polare of the superior temporal gyrus

36. G_temp_ sup-Plan tempo Planum temporale or temporal plane of the superior temporal gyrus
37. G_temporal inf Inferior temporal gyrus (T3)

38. G_temporal middle Middle temporal gyrus (T2)

39. Lat_Fis-ant-Horizont Horizontal ramus of the anterior segment of the lateral sulcus (or fissure
40. Lat_Fis-ant-Vertical Vertical ramus of the anterior segment of the lateral sulcus (or fissure)
41. Lat_Fis-post Posterior ramus (or segment) of the lateral sulcus (or fissure)

42. Pole occipital Occipital pole
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43. Pole temporal Temporal pole

44. S calcarine Calcarine sulcus

45. S central Central sulcus (Rolando’s fissure)

46. S_cingul-Marginalis Marginal branch (or part) of the cingulate sulcus

47. S_circular insula ant Anterior segment of the circular sulcus of the insula

48. S_circular insula inf Inferior segment of the circular sulcus of the insula

49. S_circular insula sup Superior segment of the circular sulcus of the insula

50. S_collat transv_ant Anterior transverse collateral sulcus

51. S collat transv post Posterior transverse collateral sulcus

52. S_front inf Inferior frontal sulcus

53. S_front middle Middle frontal sulcus

54. S_front sup Superior frontal sulcus

55. S_interm_ prim-Jensen Sulcus intermedius primus (of Jensen)

56. S_intrapariet _and P _trans Intraparietal sulcus (interparietal sulcus) and transverse parietal sulci
57. S_oc_middle and Lunatus Middle occipital sulcus and lunatus sulcus

58. S_oc_sup and transversal Superior occipital sulcus and transverse occipital sulcus

59. S_occipital _ant Anterior occipital sulcus and preoccipital notch (temporo-occipital incisure)

60. S_oc-temp_lat Lateral occipito-temporal sulcus

61. S_oc-temp med and Lingual Medial occipito-temporal sulcus (collateral sulcus) and lingual sulcus
62. S_orbital lateral Lateral orbital sulcus

63. S_orbital med-olfact Medial orbital sulcus (olfactory sulcus) _orbital-H Shaped Orbital sulci (H-
shaped sulci)

64. S_parieto_occipital Parieto-occipital sulcus (or fissure)

65. S_pericallosal Pericallosal sulcus (S of corpus callosum)

66. S_postcentral Postcentral sulcus

67. S_precentral-inf-part Inferior part of the precentral sulcus

68. S_precentral-sup-part Superior part of the precentral

69. S_suborbital Suborbital sulcus (sulcus rostrales, supraorbital sulcus)
70. S_subparietal Subparietal sulcus

71. S _temporal inf Inferior temporal sulcus

72. S_temporal sup Superior temporal sulcus (parallel sulcus

73. S_temporal transverse Transverse temporal sulcus
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A.2 Desikan Atlas

The different structures retrieved in the Desikan atlas are given below|[112]:
e Banks superior temporal sulcus
e Caudal anterior-cingulate cortex
e Caudal middle frontal gyrus
e Cuneus cortex
e Entorhinal cortex
e Fusiform gyrus
e Inferior parietal cortex
e Inferior temporal gyrus
e Isthmus— cingulate cortex
e Lateral occipital cortex
e Lateral orbital frontal cortex
e Lingual gyrus
e Medial orbital frontal cortex
e Middle temporal gyrus
e Parahippocampal gyrus
e Paracentral lobule
e Pars opercularis
e Pars orbitalis
e Pars triangularis
e Pericalcarine cortex
e Postcentral gyrus
e Posterior-cingulate cortex
e Precentral gyrus
e Precuneus cortex
e Rostral anterior cingulate cortex
e Rostral middle frontal gyrus
e Superior frontal gyrus
e Superior parietal cortex
e Superior temporal gyrus
e Supramarginal gyrus
e Temporal pole

e Transverse temporal cortex



APPENDIX A. ATLASES

Figure A.2: Desikan atlas [112]
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Appendix B

Feature selections

This appendix will try to fill in the gaps in the feature selection sub-section. We will look in more detail
at embedded methods that have not been used during this thesis, but that could at first sight be a good
idea in the future, although the computation time limits its use when the input feature space is large. We
are also interested in the embedded methods available for random forest.

B.1 Wrapper methods

Wrapper methods follow a greedy search approach. The idea is to evaluate a large number of different
variable combinations as input variables to the machine learning algorithm and to choose the set that
performs best on the validation set. When the number of features is high, these algorithms require a very
high computation time and are not very efficient. There exists 3 main wrapper methods [T140]:

e Forward sequential selection
e Backward Sequential selection

e Hill Climbing

To illustrate the different methods, let’s take a simple example : predict whether a person is an alcoholic
based on the following characteristics: age, gender, weekly alcohol consumption and BECK score. The only
constraint of this problem is that we can simply use a random forest algorithm and two input variables.
Let’s imagine that for this purpose we have access to a population of 100 individuals, 50 controls and 50
AUD patients. Let’s imagine that we use 20 individuals to test our performances and 80 for train, we then
divide our train set in a training set and a validation set see figure .

In order to select our two most important features, we start by using the sequential feature selection
algorithm. The goal of this one is to start from an empty set of important features to train our machine
learning algorithm on the training set. The algorithm is iterative and at each iteration we will add a feature
in our set of important features based on the performance of our algorithm with this feature in the set of
important variables. For the example we presented above, the algorithm will work as follows

e On the first iteration: it will try to take each variable (age, gender, alcohol consumption per week and
BECK score) one by one and simply predict from it if the person is alcoholic or not. Let’s imagine
that the accuracy on the validation set using as input variable separately the age, the sex, the weekly
alcohol consumption and the BECK score is respectively 50%, 52%, 92%, 70%. As the performance are
the best with the variable alcohol consumption per week, this variable is kept in the set of important
variables.

e At the second iteration: We look at which variable will help the most the classification scores on the
validation set if we add it to the variable alcohol consumption per week. We thus now try to predict
alcoholism thanks two variables on the validation set. The accuracy of our machine learning algorithm
with the 3 different sets ( age and alcohol consumption, sex and alcohol consumption, alcohol and
alcohol consumption) is compared. The set obtaining the best accuracy is kept.
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The backward elimination is similar to what we have just seen except that instead of starting from an
empty set of important variables, we start from a set with all the variables and at each iteration instead
of adding a variable in the set of important variables, we remove the one that when removed from the set
deters the least the results or improves them the most [140].

Hill climbing is a bit different, the beginning is similar to froward selection, the first iteration is exactly
the same. Then a second variable is added and a backward elimination iteration, one of the two is removed
if the performance is not better, is applied to see if the two variables go "well" together. The algorithm
iterates until it finds a set of features of size k [140)].

B.2 Feature importance for random forest [192]

In order to understand embedded random forest methods, it is necessary to understand how the random
forest algorithm works. As explained previously, the random forest algorithm generates a set of decision trees
in a random way (Bootstrap aggregation) so that each input of each decision tree of the forest is different
from the others and as independent as possible. This is also due to the fact that only \/m features are taken
as input for each decision tree.

As the training data is sampled with replacement, we can use the remaining data, on average 37% of the
data to calculate the out-of-bag prediction error of each tree as the empirical risk on the remaining, unseen
training data. The final out-of-Bag is given by the average over all these values.

The generation of a decision tree consists in choosing nodes and decisions. To make it simple, let us
consider a decision tree which for each split, takes into account only one featureﬂ At each node of each
decision tree, the data is split in two different subsets R; and Ry according to a splitting point s*, such that

Rl(j75) = {(X7Y)|X] S 5} S Nnode (Bl)

and
Ra(j,8) == {(X,Y)|X; > s} € Nnode- (B.2)

For a binary classification tree, we define the proportion level of class | (equal to 0 or 1) as

1
Pkl = —_—— Z 1yi:l (B?))

|Rk (.7’ S)| yi €R(J,8)

To find the splitting point at node k, we use an algorithm minimising the weighted Gini impurity. The
Gini impurity is a measurement of the likelihood of the incorrect classification of a new instance of a random
variable. The Gini impurity of a class is defined at node k by

GI.(j,s) ==Y pr(1 = pri) (B.4)
=0

The Gini impurity of Ry will be the largest possible if and only if there are as many elements belonging
to one class as to the other in Rj, which means that during the training phase, the split obtaining Rj was
useless because it does not allow to separate the data at all. We hope to find during our training phase, the
smallest possible Gini impurities and thus very discriminating splits. j and s are then found at node k by
solving the minimisation problem :

minj’siGIk(j,s)Qle(—j’s?l (B.5)
P 2= | Ba(ds5)]

IThis problem can easily be adapted to ours where each split is done by taking into account a set of features of size
log(features)
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The Gini importance measure is born naturally from the construction of each tree. To study the importance
of variable X, the improvement in the splitting criterion for splits made by this variable X; could be
accumulated across all trees. This is easily implemented in the existing code, the only thing to be adjusted
is to store the AG; during training and then take the k elements for which the accumulated Gini impurities
is the smallest. This method works well in practice and is very convenient as it doesn’t require much
calculation, but results are not always 100% accurate as it looks at the in-bag samples, inverse of out-bag
samples, described above and thus sometimes introduces some bias.

A radically different mechanism can be to try to remedy these flaws. Permutation measures employ the
out-bag samples which remain after the selection of the bagged samples. The prediction accuracy is first
evaluated on this unmodified validation data. The values for the variable X; are then shuffled within the out-
bag dataset. For instance, the cortical thickness of the temporal lobe and the precuneus cortex are replaced
by each other. The impact of this modification on the prediction accuracy then describes the importance of
the variable for the classification model. It has not been implemented because for such a large number of
input variables, this kind of method does not work very well because if we want to be able to swap all the
variables, the calculation time would be too long.
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Appendix C

Machine learning results : extension

This appendix covers the obtained results which were not conclusive for our study.

C.1 All-sMRI strategy

C.1.1 Problem n° 2 : Detection of anxiety

This figure shows the Cohen’s Kappa and accuracy obtained with the different machine learning methods
with the all-sMRI strategy to detect anxiety.
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Figure C.1: Accuracy and Cohen’s x using all-sMRI strategy in order to predict anxiety.

C.1.2 Problem n°4 : Detection of anxiety for AUD patients

This figure shows the Cohen’s Kappa and accuracy obtained with the different machine learning methods
with the all-sMRI strategy to detect anxiety for AUD patients.
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Figure C.2: Accuracy and Cohen’s k using all-sMRI strategy in order to predict anxiety for AUD patients.

C.2 Separate-sMRI strategy

C.2.1 Problem n°2 : Detection of anxiety

This figure shows the Cohen’s Kappa and accuracy obtained with SVM and random forest methods with
the separated-sMRI strategy to detect anxiety.
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Figure C.3: Accuracy and Cohen’s k using separate-sMRI strategy in order to predict anxiety.

C.2.2 Problem n°4 : Detection of anxiety for AUD patients

This figure shows the Cohen’s Kappa and accuracy obtained with the different machine learning methods
with the separated-sMRI strategy to detect anxiety for AUD patients.
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Figure C.4:

patients.
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Accuracy and Cohen’s x using separate-sMRI strategy in order to predict anxiety for AUD

C.3 EEG and ERP strategy

C.3.1 Problem n°4 : Detection of anxiety for AUD patients

Figure C.5:

Figure C.6:
patients.
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Accuracy and Cohen’s k obtained with ERP data in order to predict anxiety for AUD patients.
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Appendix D

Most important features

This appendix summarises the most important variables that have been highlighted from our feature
importance methods for the MRI structural dataset. Specifically, we will first look at the variables that
are statistically most different between groups (alcoholics vs. controls, anxious vs. non-anxious, etc). For
each classification problem studied in this thesis, we will highlight the 5 most statically different variables
concerning mean curvature, volume, mean cortical thickness and standard deviation of cortical thickness of
brain structures. For the latter, we will indicate the significance level of the variables (« value). The data
will then be plotted in the space of the most important variables to see if a separation is impossible. Finally,
we also look at the most important variables highlighted with the Gini importance for all MRI structural
variables this time.

Some abbreviations have been used in this appendix for the different features:
e 1h : left hemisphere

e rg : right hemisphere

e clm_ : mean curvature

e cg : gaussian curvature

e v_ : volume
e s : surface
e wm _: white matter area

e std : standard deviation of cortical thickness

e ct_ : mean cortical thickness.

D.1 Problem n°l1 : Detection of alcoholism

The following figures show the most statically different features to differentiate between alcoholic and
control subjects.
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Figure D.1: 5 most statically significant Gaussian Curvature features comparing AUD and controls.
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Figure D.2: 5 most statically significant cortical thickness standard deviation features comparing AUD and
controls.
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Figure D.3: 5 most statically significant mean cortical thickness features comparing AUD and controls.

Recruitment

18000 - I3 Acoholic
N Control
‘
16000 n
14000 U
[
4
3
12000
.
b4
]
£ 10000
E
2
3 1
8000 —4
6000
.
4000 $ L
2000
) gl A 2N
e\ jad) W ¢ 20
e 0o G500 g% o \ad\e‘iﬂésog"“t" BT
‘;;va\“e M G,‘z:‘\ue‘“ NG VoA v
o

Figure D.4: 5 most statically significant volume features comparing AUD and controls.

As you can see, we have variables that are statistically different for all modalities, but the variables that
are most different between groups are the mean cortical thickness variables.

Finally, the following graph shows how the data behaves in the most static feature plane. we can see that
in this feature space (mean cortical thickness) the data are very separable.
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Figure D.5: Group of AUD and controls in the plan of most important features (p-value obtained with Welch
method).

The following figure shows most important features rendered by Gini impurity:

Feature Importances

ct_S_intrapariet_and_P_transrh
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ct_inferiorparietalih
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ct_precuneusih
ct_banksstsih

ct_paracentrallh

ct_S_intrapariet_and_P_transih
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Relative Importance

Figure D.6: Most important features obtained with random forest algorithm based on Gini impurity for
AUD and controls.

The most important features are mostly mean cortical thickness variables, which is very much in line with
what we saw with the filter (statistic) methods.

D.2 Problem n°2 : Detection of Anxiety

The following figures show the most statically different features to differentiate between anxious and non

anxious subjects.
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Figure D.7: 5 most significant Gaussian Curvature features comparing anxious and non-anxious.
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Figure D.8: 5 most significant cortical thickness standard deviation features comparing anxious and controls.
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Figure D.9: 5 most significant volume features comparing anxious and non-anxious.

It can be seen that the variables that are most significantly different are the volume variables. However,
we can see from the boxplot that the variables are not very separable. In fact, in the design of the most
significantly different variables, one cannot observe two clusters.
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Figure D.10: Group of anxious and non-anxious in the plan of most important features (p-value obtained
with Welch method).

The following figure shows most important features rendered by the random forest algorithm, which are

not necessarily volume variables. There is no real type of data that allows differentiation between the two
groups.
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Figure D.11: Most important features obtained with random forest algorithm based on Gini impurity for
Anxious and non-anxious.

D.3 Problem n°3 : Detection of depression

The first four graphs show the most statistically significant different features between the depressed and
non-depressed subjects.
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Figure D.12: 5 most statistically significant Gaussian Curvature features comparing depressed and non-
depressed.
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Figure D.13: 5 most significant statistically cortical thickness standard deviation features comparing de-
pressed and non-depressed.
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Figure D.14: 5 most statistically significant volume features comparing depressed and non-depressed.
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Figure D.15: 5 most statistically significant mean cortical thickness features comparing depressed and non-
depressed.

It can be seen from the previous boxplots that the most significant variables for this problem are the
cortical volume and thickness variables, this may be related to the fact that most of the patients considered as
depressed are also alcoholics in our dataset. This can also be seen in the plot of the most significantly different
variables, namely the cortical thickness of the transverse temporal cortex, the volume of the pericallosal sulcus
and the volume of the inferior parietal cortex. This space of variables does not allow the creation of real
clusters.
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Figure D.16: Group of depressed and non- depressed in the plan of most important features (p-value obtained
with Welch method).

The following figure shows most important features rendered by the random forest algorithm:
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Feature Importances
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Figure D.17: Most important features obtained with random forest algorithm based on Gini impurity for
the detection of depression from MRI features.

This method does not work very well and does not highlight one type of data.

D.4 Problem n°4 : Detection of anxiety for AUD patients

The following figures show the most statically different features to differentiate between anxious alcoholic
and alcoholic subjects.
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Figure D.18: 5 most statistically significant Gaussian Curvature features comparing anxious AUD and non-
anxious AUD.
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Figure D.19: 5 most statistically significant Standard Deviation features comparing anxious AUD and non-
anxious AUD.
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Figure D.20: 5 most statistically significant volume features comparing Anxious AUD and non-anxious AUD.
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Figure D.21: 5 most statistically significant mean cortical thickness features comparing anxious AUD and

non-anxious AUD.

There are no real variables which are significatively different from one group to the other except eh volume
ones. the following graph shows how the data behaves in the features plan, which does not create any cluster.
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Figure D.22: Group of anxious AUD and non-anxious AUD in the plan of most important features (p-value

obtained with Welch method).

The following figure shows most important features rendered by Gini impurity:
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Feature Importances
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Figure D.23: Most important features obtained with random forest algorithm based on Gini impurity for
anxious AUD and non-anxious AUD.
D.5 Problem n°5 : Detection of depression for AUD patients

The following figures show the most statically different features to differentiate between depressed alcoholic
and alcoholic subjects.
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Figure D.24: 5 most statistically significant Gaussian Curvature features comparing depressed AUD and
non-depressed AUD.
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Figure D.25: 5 most statistically significant cortical thickness Standard Deviation features comparing de-
pressed AUD and non-depressed AUD.
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Figure D.26: 5 most statistically significant volume features comparing depressed AUD and non-depressed
AUD.
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Figure D.27: 5 most statistically significant mean cortical thickness features comparing depressed AUD and
non-depressed AUD.

The most impacted features are the mean cortical thickness and the volumes. the following graph shows
how the data behaves in the features plan, which creates a semblance of a cluster. However, using these
variables to perform our machine learning algorithms directly would be considered overfitting and cheating.
The most important variables should be found from the training set and not from the whole set.
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Figure D.28: Group of depressed AUD and non-depressed AUD in the plan of most important features
(p-value obtained with Welch method).

The following figure shows most important features rendered by the random forest algorithm:
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Feature Importances
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Figure D.29: Most important features obtained with random forest algorithm based on Gini impurity for
depressed AUD and non-depressed AUD.
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Appendix E

Correlation between Resting state EEG and
microbiota

The vast majority of this master thesis has focused on the relationship between EEG, MRI and psychiatric
illnesses. In this appendix we will focus on the link between EEG data and the gut microbiota of alcoholic
patients. It has been argued that the microbiota may be an incriminating factor in alcoholism [I89] [190].
New approaches are considering the use of probiotic or prebiotic methods to treat some forms of alcoholism.
However, extracting the elements of gut permeability is very slow. If we could predict the intestinal perme-
ability of alcoholic patients on the basis of EEG examinations (easy to perform and inexpensive), we could
have an index of the intestinal micriobiota of alcoholic patients and potentially adapt their treatment, while
saving time and money.

E.1 Data

The initial aim of this work was toto predict from the EEG data the intestinal permeability of patients with
alcohol dependence. For this purpose, we analysed a dataset of 19 AUD patients for whom gut microbiota
data and resting state EEG signals had been collected at St-Luc Hospital. The amount of data was too
small to perform prediction methods based on machine learning algorithms. This is why limited ourselves
to a statistical analysis of these data. The intestinal permeability of patients was measured by ingestion
of 51Cr-EDTA, a radioactive molecule that is very weakly resorbed by a normal a normal intestine, thus
a low permeability intestine. A part of this molecule is absorbed by the intestines and then excreted by
urinary tract. The intestinal permeability was measured by urine and corresponded to the % 51Cr-EDTA
compared to the ingested dose normalized for one gram of creatinine. If this measurement was below
2, the permeability was considered a normal, synonymous with healthy patients. Above, the intestinal
permeability was considered as high and would be associated with a higher appetite (craving) for alcohol
[189] .The summary of the data is shown in next table.

Metric High permeability Low permeability P-value or Chi-squared
P value

% 51Cr-EDTA / g creat | 1.26 + 0.3 3.23 £1.19 0.0004

Sexe 3 W-6M 3W - ™ 0.876

Age 50.4 £ 11.5 46.6 = 9.0 0.425

Alcohol  consumption | 186.1 4+ 137.7 177.7 £ 93.5 0.877

(g/day)

Table E.1: Summary of clinical population for permeability experiment.

E.2 Methods and results

The preprocessing of the EEG data was similar to the one we performed for the resting state data in the
methods section. The signals were filtered on eeglab. The noisy segments were deleted on eeglab. ICA was
applied via mne and the Welch power spectral densities of the different bands of the EEG electrodes were
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calculated via mne. The power spectral densities were calculated in the Delta (1-4HZ), Theta (4-8Hz), Alpha
(8-12Hz), Beta (13-30 Hz) and Gamma (>30Hz) bands of the EEG electrodes. The PSDs were calculated
for eyes open and eyes closed separetely.

Groups differences

To perform our statistical analyses, we used the python package scipy to perform a Welch t-test in order
to compare the mean values of the PSDs of our two subgroups. We observed higher PSDs for patients
with a higher permeability. The main differences between the high permeability and the low permeability
population were found in the Delta band for EC. The most affected electrodes, the one with p-values smaller
than 0.05 were the A1, A2, C3, 02, Oz, T4, T5 and T6, see figure [E-1}

le—-11 le-11

High permeability 16 Low permeability 16 P values

Figure E.1: The left and central figures highlight Delta PSD for patients with a low and high permeability.
The last figure shows where those changes are significant thanks to p-values for EC.

For the EO, the only significant difference between the high permeability and the low permeability popu-
lation was found in the T4 Delta band, see figure [E.2}

le-11 le-11

5
High permeability Low permeability P values

Figure E.2: The left and central figures highlight Delta PSD for patients with a low and high permeability.
The last figure shows where those changes are significant thanks to p-values for EO.

Simple regression models

There were no other significant differences between the two groups for the other bands. Pearson [133]
and Spearman [193] correlations did not show strong correlations between the PSDs of the EEG bands and
permeability. Nevertheless, by some transformation of the feature space (logarithmic transformation), it was
possible to see some correlations between the measurements. On figure we can see on the left figure,
the correlation between the logarithm permeability and the logarithm of the PSD of the A2 delta wave for
EC (p-value = 0.0009). On the right figure, the correlation between the logarithm permeability and the
logarithm of PSD of T6 delta wave for EC (p-value=0.04) is shown.
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Figure E.3: Regression model linking permeability and mean PSDs.

These results encourage us to say that there are links between the EEG data and the intestinal permeability
of alcoholic patients. Specifically, gut permeability would be positively correlated with the power spectral
density of the EEG bands at rest during eye closure. However, due to the small number of data, these
results cannot be considered significant. It would be interesting to carry out this study with a larger sample
size to see if there are still statistical differences between the two groups. If this the case, it would then be
plausible to use machine learning algorithms to predict the patients’ intestinal permeability from the PSDs
of the EEG signals.
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