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di passeggiare nella mia mente

con i piedi sporchi

-Mahatma Gandhi-





Sommario

Il disturbo da deficit di attenzione/iperattività (ADHD), è un disturbo neurocom-

portamentale caratterizzato da deficit di attenzione, iperattività e impulsività. At-

tualmente, la diagnosi di ADHD si basa su questionari standard come DSM-IV e

DSM-V. Si tratta di interviste strutturate, compilate da genitori e insegnanti, per

valutare la presenza e il livello di gravità delle sintomatologie in diversi ambiti so-

ciali. Tuttavia, questa metodologia indiretta e soggettiva dovrebbe essere supportata

da misure più obiettive basate sull’analisi clinica strumentale. In passato, l’EEG è

stato utilizzato per estrarre e valutare il rapporto tra le potenze nelle bande theta

e beta (theta/beta ratio). Tale rapporto era stato definito dalla FDA (Food and

Drug Administration) come misura diagnostica per l’ADHD. Negli ultimi 5 anni, a

causa dell’elevato numero di studi che non hanno confermato i valori di specificità

di questo rapporto nell’ADHD, esso è stato dichiarato non utilizzabile ai fini diag-

nostici. Il problema fondamentale nella diagnosi dell’ADHD è la mancanza di un

qualsiasi marker fisiologico o biologico della malattia.

Negli ultimi anni, l’ADHD è stato anche correlato con vari problemi del sonno

e la copresenza di questi ultimi intensifica la sintomatologia preesistente. Sebbene

l’associazione tra disturbi del sonno e ADHD sia ben nota, la correlazione con as-

petti più specifici legati alla microstruttura del sonno e con eventuali modificazioni

del funzionamento cerebrale, durante il sonno, non è stata ancora completamente

compresa.

Uno degli aspetti della microstruttura del sonno che ha visto un crescente in-

teresse nell’ambito della ricerca sui disturbi neurologici e altre patologie sono i fusi

del sonno. Le loro variazioni e anomalie sono state associate alle facoltà cognitive

e all’intelligenza, a varie condizioni di malattia (ad es. Schizofrenia, ritardo men-
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tale, anormale maturazione), a processi di recupero post-ictus, nonché si credono

essere coinvolti nel consolidamento della memoria durante il sonno. In aggiunta

all’interesse per i fusi del sonno, vi è anche un aumento degli studi relativi alle

modifiche dinamiche delle attività del cervello nel sonno.

L’attività oscillatoria del cervello, in termini di potenza dell’EEG e dell’analisi

della connettività, è stata poco studiata nell’ADHD, cos̀ı come anche le variazioni

temporali prima, durante e dopo l’evento del fuso non sono ancora state indagate.

Questa tesi studia l’attività EEG attraverso l’analisi spettrale e attraverso parametri

legati alla teoria dei grafi, al fine di fornire informazioni più dettagliate sul fun-

zionamento del cervello durante il sonno nell’ADHD ed eventualmente valutare la

possibilità di utilizzare queste caratteristiche come nuovi biomarcatori.

La novità descritta consiste nell’analisi di diverse epoche temporali, scelte dagli

spettri di potenza del segnale EEG. L’analisi spettrale e della connettività hanno

evidenziato differenze tra il fuso e le altre due epoche, rispettivamente prima e

dopo il fuso, in entrambi i gruppi analizzati (ADHD e soggetti sani) in quasi tutti

i parametri. Inoltre, il confronto tra i due gruppi ha mostrato che le differenze

erano concentrate nell’emisfero sinistro. Ultimo ma non meno importante, i risul-

tati portano l’attenzione sulla banda gamma e confermano la sempre più crescente

letteratura, riguardante questa banda. Ciò, sottolinea come le attività presenti in

questa gamma abbiano un significato cognitivo in grado di descrivere e differenziare

alcuni disturbi neuropsichiatrici.
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Abstract

Attention-deficit / hyperactivity disorder (ADHD) is a neurobehavioral disorder

characterized by attention deficit, hyperactivity, and impulsivity. Currently, the di-

agnosis of ADHD is based on standard questionnaires such as DSM-IV and DSM-V.

These are structured interviews, administrated to parents and teachers, to evalu-

ate the presence and the severity level of the symptoms in different social fields.

However, this indirect and subjective methodology should be supported by more

objective measures based on instrumental clinical analyses.

In the past, the EEG was used to extract and evaluate the ratio between the

powers in the theta and beta bands (theta/beta ratio). This ratio was defined by

the FDA (Food and Drug Administration) as a diagnostic measure for ADHD. In

the last 5 years, this ratio has been declared not diagnostic, due to the high number

of studies that did not confirm its specificity values in ADHD. The fundamental

problem in diagnosing ADHD is the lack of any physiological or biological marker

of the disease.

In recent years, ADHD has also been related to various sleep problems and their

coexistence intensifies the pre-existing symptomatology. Although the association

between sleep disorders and ADHD is well known, the correlation with more specific

aspects related to the microstructure of sleep and with possible modifications of

brain functioning during sleep has not been completely understood.

One of the aspects of sleep microstructure that has seen a growing interest in

neurological disorders research and other diseases research are sleep spindles. Their

variations and disruptions have been associated with cognitive faculties and intelli-

gence, with various disease conditions (eg. Schizophrenia, mental retardation, abnor-

mal maturation), with post-stroke recovery processes, and they seem to be involved
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Abstract

in sleep-dependent memory consolidation. In addition to the interest in sleep spin-

dles, there is also an increase in studies related to dynamic changes in brain activity

during sleep.

The oscillatory activity of the brain, in terms of EEG power and analysis of

connectivity, has been poorly studied in ADHD, as well as the temporal variations

before, during and after the spindle event have not yet been investigated. Therefore,

this doctoral thesis studies EEG activity, through spectral analysis and parameters

related to graph theory, in order to provide more detailed information about brain

functioning during sleep in ADHD and to evaluate the possibility of using these

features as new biomarkers.

The novelty described in this thesis consists in the analysis of different time

periods, chosen after the power spectra analysis of the EEG signal, in order to eval-

uate temporal and dynamic changes of spindles activity. Spectral and connectivity

analysis showed differences between the spindle and the other two epochs, before

and after spindle onset respectively, in both groups in almost all parameters. Fur-

thermore, the comparison between the two groups showed that the differences were

concentrated in the left hemisphere. Last but not least, the results raise attention

to the gamma band and confirm the increasingly growing literature concerning this

band, thus underlining how the activities in this frequency range have a cognitive

meaning able to describe and differentiate some neuropsychiatric disorders.

iv



Table of Contents

Sommario i

Abstract ii

Introduction 1

1 Scientific background 5

1.1 EEG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.1.1 EEG signal . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.1.2 EEG recordings . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.2 Sleep . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.2.1 Sleep Macrostructure . . . . . . . . . . . . . . . . . . . . . . . 9

1.2.2 Sleep Microstructure . . . . . . . . . . . . . . . . . . . . . . . 12

1.2.3 Spectral analysis . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.2.4 Sleep Spindles . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.3 ADHD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.3.1 Sleep in ADHD . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2 Analysis Methods 23

2.1 Power Spectrum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2 Fractal Dimension . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.3 Connectivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.3.1 Multivariate Auto-regressive Models . . . . . . . . . . . . . . 34

2.3.1.1 Frequency domain MVAR . . . . . . . . . . . . . . . 36

2.3.1.2 Optimum p order . . . . . . . . . . . . . . . . . . . 37

v



Table of Contents

2.3.2 Generalized Partial Direct Coherence . . . . . . . . . . . . . . 38

2.4 Graph Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.4.1 Measures of Segregation . . . . . . . . . . . . . . . . . . . . . 43

2.4.2 Measures of Integration . . . . . . . . . . . . . . . . . . . . . 44

2.4.3 Measures of Influence . . . . . . . . . . . . . . . . . . . . . . 44

3 Materials and Methods 47

3.1 Subjects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.2 EEG recording and pre-processing . . . . . . . . . . . . . . . . . . . 47

3.3 Linear and non-linear analysis . . . . . . . . . . . . . . . . . . . . . . 50

3.3.1 Power Spectra and Fractal dimension . . . . . . . . . . . . . 50

3.4 Connectivity analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.4.1 MVAR application . . . . . . . . . . . . . . . . . . . . . . . . 52

3.4.2 Graph metrics . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4 Results 57

4.1 Power Spectra and Fractal Dimension parameters . . . . . . . . . . . 57

4.1.1 Among epoch analysis . . . . . . . . . . . . . . . . . . . . . . 57

4.1.1.1 Results in Control Group . . . . . . . . . . . . . . . 57

4.1.1.2 Results in ADHD . . . . . . . . . . . . . . . . . . . 60

4.1.2 Between Groups analysis . . . . . . . . . . . . . . . . . . . . 62

4.1.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2 Graph . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.2.1 Node Degrees and Betweenness . . . . . . . . . . . . . . . . . 66

4.2.2 Cluster and Path length . . . . . . . . . . . . . . . . . . . . . 71

4.2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

Conclusions 78

Bibliography 79

Publications 95

Acknowledgements 97

vi



Introduction

The attention-deficit/hyperactivity disorder (ADHD), presenting an incidence of

about 7% in children and 4% in adults [1], is a neurobehavioural disorder which

is characterized by attention deficit, as well as hyperactivity and impulsivity. This

condition tends to persist to adulthood in the 85% of the cases, resulting in poor

quality of life (QoL). Even if the presence of ADHD in adults has been well known,

and it was largely investigated, only a small percentage is adequately diagnosed and

treated.

Currently, ADHD diagnosis is based on standard questionnaires, such as the Di-

agnostic and Statistical Manual of Mental Disorders versions four and five (DSM-IV

[2] and DSM-V [3]). These are structured interviews assessing behavioral symp-

toms, i.e. inattention, hyperactivity, and impulsivity, that occur during daily life

of the children. In particular, these symptoms are measured through information

interviews administrated to parents and teachers to assess the presence and severity

level of this disorder. However, this indirect and subjective methodology should

be supported by more objective measures based on a clinical specific instrumental

analysis. In the past, the EEG was used to evaluate the theta/beta power ratio, that

was defined by the food and drug administration (FDA) as a diagnostic measure for

ADHD. In the last 5 years this ratio has been revoked as diagnostic, due to the high

number of studies that did not confirm it specificity values in ADHD, as highlighted

in Arns [4]. Actually, there are no physiological or clinical biomarkers that could

objectively diagnose this pathology.

ADHD has also been correlated with sleep problems. Indeed, the difficulties in

fall asleep and maintaining sleep [5], are present in almost 70% of children with

ADHD and these problems intensify existing impairments [6, 7]. Children with
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Introduction

ADHD and sleep problems highlight more severe ADHD symptoms and poorer daily

functioning [6]. A good sleep is fundamental for maintaining cognitive function and

for restoring brain and body.

Albeit the association between sleep disorders and ADHD is well known, the

correlation with specific aspects of the sleep microstructure and of brain functioning

modifications during sleep has not been fully understood.

One of the aspects of sleep microstructure with growing research interest in neu-

rologic disorders and pathologies are the sleep spindles. Sleep spindles are character-

istic waves of the sleep stage 2 in humans and are characterized by a fusiform mor-

phology. The spindles are visually identified by the presence of 12-14 Hz rhythms,

lasting from 0.5 to 3 seconds, and a waxing-waning organized amplitude envelope

[8]. This pattern was one of the first electroencephalographic waveform identified by

Hans Berger in his earliest recordings. Since 1969, several studies have been done

with the results of a more complete and detailed description of both the spindles

morphology and the neurophysiological mechanism involved [9].

It has been discovered that the pattern of the spindles within an individual

is quite stable from night to night [10, 11]. Due to the intra-individual stability

of the spindles patterns, De Gennaro [12] suggested that they could be used as a

“fingerprint” of the subject. However, what this fingerprint could identify remain to

be determined. In the last years, the studies have been concentrated on the spindle

function and the empirical evidence indicates that they are associated with cognitive

faculties and intelligence, with various disease conditions (e.g., schizophrenia, mental

retardation, abnormal maturation) and with post-stroke recovery processes, but

recently they are considered to be significantly involved in sleep-dependent memory

consolidation [13]. Moreover, there is growing attention to the studies related to

the dynamic modifications of sleep brain activities, with a specific focus on finding

biomarkers related to dynamic variations of brain networks investigated through the

study of brain functional connectivity and graph metrics.

However, the brain oscillatory activity in terms of EEG power and connectivity

analysis was poorly investigated in ADHD’s as well as the time variations before,

during and after spindle event has not been studied. Therefore this thesis investi-

gates EEG activity through spectral and graph analysis in order to provide more
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Introduction

and detailed information on sleep brain functioning in ADHD and evaluate these

features as novel ADHD biomarkers. This analysis was also conducted to understand

the spindle activity not only in a cognitive sense, but also as a neurophysiological

event which disrupts the brain activity.

The first chapter reports scientific background on Sleep characteristics, ADHD

disorder and electroencephalography. Methods used for spectral and connectivity

analysis are reported in the second chapter. The third chapter describes the study

population and protocols, as well as the application of methods used for EEG anal-

ysis. Results and discussion are reported in Chapter 4 and 5, respectively.

The study was performed in collaboration between the Department of Engineer-

ing and Architecture of the University of Trieste, Department of life sciences and

Child Neuropsychiatry, IRCCS Children’s Hospital “Burlo Garofolo” of Trieste.
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1. Scientific background

1.1 EEG

The brain electrical activity is recorded by mean the electroencephalogram (EEG).

The electroencephalography is a non-invasive and inexpensive technique that allows

measuring the neural functions with high temporal resolutions.

The EEG signal, adequately processed, becomes a useful tool for the diagnosis

and prognosis of many neurological disorders, as well as for monitoring brain func-

tions. The EEG is traditionally described as a stationary a-periodic process, thus it

is usually analyzed by linear methodologies based on spectral analysis. The auto-

correlation of EEG samples and the power of the different frequency bands are the

most quantitative measures used for evaluating the electric brain activity.

The irregular traits of EEG are considered to be produced by chaotic determinis-

tic systems. Accordingly to this theory, randomness can be described by using a non

linear dynamic system with few degrees of freedom. Chaotic deterministic systems

are highly unpredictable due to their strong dependence on initial conditions, but

despite this they are ruled by simple mathematical laws. One of the approaches to

the study this complex systems is to use fractal geometry. The main features of

fractal objects are their fractal size and self-similarity that can be calculated, start-

ing from the time series, directly in the time domain. Therefore, the EEG fractal

behaviour could be characterized by the fractal dimension.
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1. Scientific background

1.1.1 EEG signal

The electroencephalogram is the result of the microscopic synaptic currents produced

by pyramidal neurons that are found within the cerebral cortex, the hippocampus

and the amygdala. A large number of synaptic connections allows pyramidal neurons

to receive/transmit signals from/to many other neurons. When neighboring groups

of pyramidal neurons are synchronously activated, the sum of their synaptic currents

generates an electromagnetic field that can be recorded. Since the amplitude of the

signal related to this electrical activity is very small, due to the attenuation of

the cranial bones and the scalp, only large populations of neurons can produce a

sufficiently high potential to be recorded through the electrodes on the scalp. For

this reason, brain electrical activity must be amplified from 10,000 up to a million

times before being acquired. Furthermore, due to the possible presence of noise

generated inside the brain and by other external electromagnetic source (like the

amplifier), the signal needs to be filtered before any kind of analysis.

Five types of waves are usually identified and quantified in an EEG recording

(Fig. 1.1):

• Delta (0.5 - 4 Hz): these are the slowest waves, appear mainly during the

non-REM sleep state (without dreams) and are also connected to states of

muscular tension;

• Theta (5 - 7 Hz): mainly found during the REM sleep state (dreams), they

are related to changes in mood, emotions and feelings;

• Alpha (8 - 13 Hz): they correlate with a relaxed and thoughtless waking state.

They almost always appear as soon as the eyes close and generally indicate a

situation of psychophysical well-being;

• Beta (14 - 30 Hz): they are correlated with attention;

• Gamma (30 - 45 Hz): they are found in deep meditation.

Generally in the adult, during awake, there are no delta and theta activities (present

in sleep), while there are alpha and beta activity. Between the ages of 0 – 7, children

will spend most of their time in alpha and theta brainwave cycles, which is the same
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1.1. EEG

Figure 1.1: Example of delta, theta, alpha, beta and gamma waves

state that a person is in hypnosis or meditation. From ages 8 to 12 and onwards,

brain activity increases to above 13 cycles per second. This is the world of conscious,

analytical thinking. The mind is awake, focused and alert, as well as capable of

logical thinking. Adults spend most of their time in this cycle.

1.1.2 EEG recordings

EEG is recorded typically by placing 19 electrodes,made of Ag/AgCl with disk shape

and a diameter of less than 10 mm, which impedance is generally kept below 5 kΩ.

They are placed on the scalp according to the 10-20 system. 10-20 indicates the

percentage of the total head perimeter at which the electrodes have to be placed

(10% from nasion and inion, 20% from neighbor electrode). This is a standard sys-

tem for diagnosing electroencephalography and clinical neurophysiology to ensure

standard reproducibility of the measures [14]. Each electrode (called also channel)

is identified by a letter, which indicates the region of the skull, and by a number,
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1. Scientific background

relative to the hemisphere of the brain. The letters are F, T, C, P and are denot-

ing the frontal, temporal, central, parietal and occipital regions of the brain. The

even numbers identify the electrodes placed on the left hemisphere while the odd

ones indicate the right hemisphere. The electrodes of the middle line are an ex-

ception because they are characterized by the letter z and not by a number (Fig.

1.2). There is the possibility to record the signal by two standard derivations based

on the specific experimental requisites: the monopolar derivation and the bipolar

derivation. In the monopolar (or unipolar) derivation, an electrode is placed in an

active site, while the other (reference electrode) in an electrically neutral site (for

example the tip of the nose, the earlobe, the chin). With a unipolar derivation, the

potential of each electrodes is measured in respect of the neutral electrode or to the

average of all electrodes. This type of recording shows the absolute activation level

of the active site. Instead in the bipolar derivation, all the electrodes are placed on

active sites of interest and interest (e.g. Fp1-F3). The amplitude of the EEG trace,

recorded by the cranial scalp, has an amplitude that varies from 10 to 100 µV and

has a frequency band that can reach up to 100 Hz. The signal can be distorted by

physiological and non-physiological artifacts, which usually have a greater magni-

tude than that of the EEG itself. The most common examples of non-physiological

Figure 1.2: Example of electrodes placed by 10-20 standard system with relative nomencla-
ture
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1.2. Sleep

artifacts are those caused by the power line, impedance fluctuations and electromag-

netic interference, but they can easily be corrected by using appropriate recording

and filtering procedures. In contrast, physiological artifacts are more complex to

remove. Most of the physiological artifacts are those related to movement and could

be derived from cardiac activity, muscle tension, eye movement, and blinking. In

particular, eye movements generate the greatest disturbances due to their proximity

to the electrodes. In order to reduce this influence, the EOG (electrooculogram) is

often recorded simultaneously with the EEG by using electrodes placed above and

below the eye. There is, therefore, the possibility of using corrective procedures

that use EOG data to correct EEG traces [15, 16]. In order to obtain the actual

information contained in the EEG, the signal must be filtered. Typically two kind

of filters are applied, a high-pass filter with a cut-off frequency of 0.5 Hz is used to

remove the continuous component, while a low-pass one is applied to reduce noise

due to high frequencies and to prevent aliasing. The cutoff frequency of the latter

one depends on the type of analysis that has to be carried out on EEG data, but

usually the frequency cut off is set to 60 Hz.

1.2 Sleep

Sleep is an active, complex and dynamic process. It is characterized by almost ab-

sent mobility, closed eyes and by reversible unconsciousness from which a subject

could be awaken up by appropriate stimuli. Despite the great scientific interest in

sleep function, its intrinsic meaning remains unknown. Many theories exist on sleep

functions that include body and brain restoration, energy conservation, temperature

regulation and memory consolidation [17, 18]. It is well known that sleep is funda-

mental for life and it has been demonstrated by some studies of sleep deprivation

both in animals and humans [19, 20].

1.2.1 Sleep Macrostructure

From neurophysiological point of view, sleep is characterized by two principal condi-

tions: sleep with rapid eye movements (REM) or desynchronized sleep, often linked

to vivid dreams and high level of celebral activity, and sleep without rapid eye
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movements (NREM) also called synchronized sleep that is characterized by reduced

neural activity.

Retshaffen and Kales [8], standardized the parameters from electroencephalo-

graphic (EEG), electromyographic (EMG) and electrooculographic (EOG) record-

ings in order to subdivide NREM sleep into four sub-types. The phases are subdi-

vided as follows and are represented by their EEG signals in figure 1.3:

• Stage 1: 3-8% of total sleep time, characterized by slow eye movements,

muscle relaxation, losing of alpha rhythm

• Stage 2: 45-55% of total sleep time, characterized by synchronized waves in

the sigma band (12-16 Hz), called spindles that lasts between 0.5 to 3 seconds

[21], that are linked to slow and steep triphasic waves called k-complex

• Stage 3 and 4: 15-20% of total sleep time, these phases are characteristic

of deep sleep and are characterized by slow waves (delta 0.5-4 Hz) with high

amplitude (> 75µV ).

Figure 1.3: Example of the EEG signal in sleep stages

10



1.2. Sleep

To evaluate these sub-phases, sleep recordings are divided into blocks of 20, 30

and 60 seconds (or epochs) and a phase is given to each epoch. This analysis allows

evaluating the so called sleep macrostructure or architecture, based on which cerebral

activities is repeated in cycles of 70-120 minutes every 4-6 times during all night.

Sleep usually goes from the awake state through the 4 phases of NREM sleep

before the arising of the first REM period. In particular, during NREM sleep, EEG

shows a gradual slowdown of frequencies associated with a progressive increase of

amplitude. In the wake-sleep transition, alpha waves (8-12 Hz) tend to be more

anterior and show a reduction of 50%, then in phase 1 they are replaced by theta

(4-8 Hz) and some beta (15-30 Hz) waves with slow rotating eye movements (SEMs)

and the EEG’s activity is irregular and with small amplitude. In phase 2, in a

background of small amplitude and theta waves, series of spindles and k-complex

start to come out. When high voltage (> 75µV ) delta waves become more frequent

and achieve a percentage between 20 - 49% sleep is in phase 3, meanwhile over the

50% it is in phase 4. The union of phase 3 and 4 is also called slow wave sleep (SWS)

or delta sleep and correspond to the deep sleep.

REM sleep lasts about 20-25% of total sleep time and was firstly described by

Aserinsky and Kleitman in 1953 [22]. It is an exceptional physiological state in which

the brain becomes electrically and metabolically active and is characterized by the

presence of bursts of rapid eye movements, by a marked reduction in muscle tone

and by the appearance of theta waves trains with a sawtooth shape in the context of

a desynchronized, fast and low voltage EEG activity similar to that present in awake

Figure 1.4: Examples of hypnogram. Y-axis represent the sleep stages: REM and the four
phases of NREM, while x-axis represent the time in hours starting from eleven o’clock PM.
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1. Scientific background

state. For this reason REM sleep is also called a paradoxical sleep. REM sleep can

be divided into two components: tonic and phasic. EEG desynchronized, hypotonia

or atony of the main groups muscle and depression of the mono and polysynaptic

reflexes characterize the REM tonic. The phasic component is discontinuous and

overlaps the component toned. The phasic events are marked by discharges of

rapid eye movements, myoclonic and myoblastic contractions of facial, lingual and

limb muscles, heart rate and respiratory irregularities with variable blood pressure.

From the macrostructural analysis, it is possible to obtain a sleep diagram,called the

hypnogram, which provides information about sleep architecture like its composition,

representation and succession of the various stages and cycles of sleep [23](Fig. 1.4).

1.2.2 Sleep Microstructure

The macrostructural parameters are unable to fully describe the qualitative charac-

teristics of sleep. In fact, sleep is a dynamic process influenced by numerous exter-

nal and internal stimuli that modify sleep stability by giving rise to microrecaps or

arousals. Arosauls are polygraphically expressed by the appearance of phasic events,

which are not taken into consideration by the classical macrostructural analysis. For

example, it is easy to come across sleepless patients with preserved qualitative and

quantitative representation of the different stages and the same sleep architecture

of not sleepless patient. Such inadequacy of macrostructural analysis to extract all

the clinical information of polysomnography registration has induced to use different

analysis point of view from those commonly provided by the standardized criteria

according to Rechtschaffen e Kales [8].

In fact, it has been identified within the different phases of NREM sleep , a

microstructure of sleep [24, 25], that is a particular pattern in the registration (Fig.

1.5). This pattern consists of the alternation of sequences characterized by superfi-

cialization of sleep, represented by K complexes, alpha intrusion and ”delta burst”

(phase A or activation phase), immediately followed by periods of restoration of the

EEG activity related to that particular sleep phase (phase B or phase of quiescence).

This track was defined Cyclic Alternating Pattern (CAP) because it is character-

ized by the more or less regular succession of CAP cycles (phase A + phase B) and

non-CAP. CAP track is found mainly in the transition phases around the changes of
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1.2. Sleep

Figure 1.5: Example of CAP pattern during a NREM stage 2

the stadium and can be induced by giving the subject appropriate stimuli capable

of superficializing the sleep and of requesting a homeostatic response. Phase A has

an activating power on epileptic paroxysms, on nocturnal crises, on periodic move-

ments and on parasomnias, while Phase B performs opposite inhibition functions

[26]. The CAP rate (percentage amount of CAP compared to NREM sleep) is an

indicator of the quality of sleep: the higher the CAP rate the worse the quality

of sleep. CAP percentage changes with age, indeed its rate is high in infancy (in

the newborn occupies 100% of quiet sleep), it decreases up to 40% in adolescence,

it is reduced to 25-30% in young adults, dates back up to 40% in middle age and

increases up to 50-60% in the elderly.

1.2.3 Spectral analysis

An additional criterion, among those for visual analysis, for analyzing the poly-

graphic recordings made during sleep is the application of computerized techniques

of spectral analysis of the EEG signal. This method of investigation involves math-

ematics transformation of the signal itself from the time domain to that of the

frequencies (section 2.1). It is thus possible to measure the power of each frequency

bands that make up the EEG in a given time and establish how each of the bands
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contributes in percentage terms in the composition of the signal. The use of spec-

tral analysis also allows for construct graphs that express the trend over time of the

values of the relative power of the various EEG bands.

Only delta (0.3-3 Hz), sigma (12-16-Hz) and beta activities (18-28 Hz), bands

intervals defined by Placidi [27] and different from the standard intervals used in this

thesis, show characteristic patterns of fluctuation during sleep [27]. Delta activity is

the one that achieves the highest values during NREM sleep and the lowest values

during REM sleep. It is more visible in the first NREM sleep cycles. The deepen-

ing of sleep is described by the progressive increase of power values of delta band,

until reaching a peak and then a progressive decline followed by the first episode of

REM sleep. This process is repeated cyclically and the resulting graph takes on the

appearance of a sine curve of ever more dampened amplitude.

Sigma activity mainly reflects the quantity and the distribution of spindles dur-

ing sleep. It is high during the NREM sleep and low during REM sleep. During

a single NREM sleep cycle, sigma and delta activities show an inverse relationship,

which reflects the neurophysiological mechanisms underlying the oscillations of tha-

lamocortical circuits that are responsible for the generation of spindles [28].

Beta activity, whose neurophysiological origin has not yet been defined exhaus-

tively, predominates in the frontal regions and appears high during REM sleep and

low during the NREM sleep, where it shows an inverse relationship with the delta

activity. Since during NREM sleep, both sigma and beta activity show one inverse

relationship with delta activity, and during REM sleep sigma activity is low and beta

activity is high, the analysis of temporal relationships between these two frequency

bands is able to discriminate NREM sleep from REM sleep [27].

1.2.4 Sleep Spindles

Sleep spindles are oscillatory EEG activities that characterize the Non-REM sleep.

They display a fusiform morphology between 10–16 Hz and their duration vary from

0.5 to 3 s [21]. The spindles are a group of rhythmic waves characterized by a first

progressive increase followed by a decrease in the amplitude of the EEG trace [8]

with a stable frequency between 12 and 14 Hz, and may occur in overlap to the

background activity delta or temporally linked to an acute wave and a complex K.
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1.2. Sleep

Although it has been reported that the spindle frequency range can go from 10 to 16

Hz, the most used ”classic” definition is limited to 12-14Hz [21]. Jobert [29] found

a bimodal distribution of spindles that showed a topographic specificity capable of

discriminating the two frequency classes. The spectral peak at 12 Hz (±1) was found

to be stronger in the frontal midline electrode (Fz), while the peak at 14Hz (±1)

had the maximum power in the electrodes of the parietal (Pz) and central (Cz) area.

Due to the above mentioned dichotomy, sleep spindle were classified into slow,

with a peak between 12 and 14 Hz and anterior distribution, and fast spindles,

with a peak in the interval 14–16 Hz and centro-parietal distribution [30]. The

dichotomy between slow and fast spindles starts from the age 2 and continues until

the adulthood [31]. Children of 4–6 years of age presented only frontal low frequency

peaks between 11 and 12.75 Hz, but from 6 to 13 years they presented also centro-

parietal peaks at almost low frequency (12.5–13.5 Hz). Shinomiya et al. [31] in

addition found that by the age of 13, the centro-parietal peaks at low frequencies

disappeared and recurred in the new range of 13.5–14.5 Hz.

Spindle analysis has usually been based on the observation of the dynamic

changes that occur during the appearance of the spindles during the entire sleep

and between the different stages of the NREM phase. This evaluation was system-

atically carried out by investigating the density of appearance of the spindles or the

power of the EEG signal in the sigma band.

In the last decades, the interest in sleep spindle has been increased after Gibbs

and Gibbs [32] discovered that children with disabilities exhibit high amplitude and

long sleep spindles. Sleep spindles have also been associated with cognitive faculties

and intelligence. Shibagaki and Kyono [33] found that children with IQ scores lower

than normal had abnormal spindles with epileptiform morphology. On the other

hand, children with higher IQ, better procedural knowledge and skills had a high

number of spindles and more sigma power than those with normal IQ [34]. More-

over, sleep spindle have been correlated with certain pathological conditions (e.g.,

schizophrenia, mental retardation, abnormal maturation) and post stroke recovery

processes. They are also considered to be significantly involved in sleep-dependent

memory consolidation [13]. De Gennaro and Ferrara [9] highlighted that interindi-

vidual characteristics of the spindles could be used as an “electrophysiological fin-
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gerprint”.

Spindle density, amplitude and duration have been largely explored, but power

density and temporal changes before and after spindle occurrence remain still elusive.

Ueda et al. [35] evaluated the spatiotemporal changes of slow wave activities before

and after sleep spindle in a group of subjects between 20 and 26 years age.

1.3 ADHD

The Attention Deficit Hyperactivity Disorder(ADHD) is a neurobiological disorder

that appears in childhood and is characterized by accentuated, persistent and mal-

adaptive attention levels, impulsiveness and hyperactivity that are inadequate for

child age. For a long time, ADHD has been considered a characteristic disease of

childhood, but the scientific evidence has been demonstrated ADHD tend to persist

in adulthood in the 85% of cases [36, 37] causing a poor quality of life.

It has been estimated that about 7% of children and 4% of adults of the entire

population are affected by ADHD [38, 39], but even if the presence of ADHD in adults

has been well known, only a small percentage receives diagnosis and treatment.

It has been demonstrated that having ADHD increase the vulnerability for other

diseases that emerge during life and making the clinical behaviour more complicated.

50% to 85% of people with ADHD presents almost another disease in comorbidity,

meanwhile in 33% are present two or more disturbs [40]. Opposite provocative

disturb (> 50%),deportment problems and antisocial difficulties (25%-45%), learn-

ing disabilities (25%-40%), low level of self-confidence, depression (25%), antisocial

personality (10%-25%).

ADHD is subdivided into three sub-types:

1. Predominance of inattention

2. Predominance of hyperactivity-impulsivity

3. Combined: coexistence and presence of inattentive, hyperactivity and impul-

sivity symptoms

It is hard to recognize ADHD in children not yet of school age (3-6 years age),

because a lot of children show accentuated hyperactivity, angry’s crises and litigious
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tendencies, but most of them will not develop ADHD. First ADHD diagnoses is

usually carried out on school age (6-12 years age) due to a series of symptoms

that differentiate the ADHD child from his peers. Symptom and characteristics of

ADHD could be divided by their sub-types. Symptoms associated with attention

and concentration are:

• difficulties in concentration and follow a stimulus: this is due to the poor

development of the pre-frontal cortex that inhibits them to process the infor-

mation in a correct way and block the neural mechanism that are needed to

understand and start an action, avoid distraction and carry out it properly

• unadapted behaviours: difficulties in keeping order in daily tasks, in starting

tasks and being frequently distracted

• loosing or forgetting objects

• inability to listen and follow a conversation: they are not able to process stimuli

so they cannot follow rules or instructions

• not being motivated in doing an assignment: this is connected to their difficulty

in focusing their attention in a task; this is why they are not good in repetitive

tasks

Symptoms associated with impulsiveness:

• difficulties in self-control: problems in controlling their behaviours, thoughts

and feelings; an inability of thinking through the consequence of their actions

• lack of planning daily tasks

• low scholastic performance

• difficulties in relationships: they often lack empathy

• unconsciousness about the risks of an action
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Symptom associated with hyperactivity:

• constantly moving hands, feet

• entering in others people conversations or activities

• not having patience in doing assignments that need their attention

A child is used to distraction, does not conclude undertaken activities, avoid activ-

ities that need attention, losses significative object or forgives important activities.

Moreover, he tends to change rapidly activities, is not able to wait his turn in games,

has difficulties in following rules, time and space of peers and does not stay sit for

long time.

Initial evaluation of a hyperactive child must be systematic and have to involve

both cognitive and behavioural tests that allow identifying correctly ADHD, to ex-

clude other diagnoses and to consider the presence of co-morbidity. The diagnostic

assessment will have to define a hierarchy of difficulties, generated both by ADHD

and the co-morbidity, that will influence the treatment planning.

Usually, treatments are multimodal and should not be base on drug treatment,

but they must encompass strategy for curing each cognitive and behavioural areas.

Drug treatment effects only the central symptom (hyperactivity, inattention and

impulsivity) but could not improve aspects like self-confidence, learning difficulties

social and relational impairments, that needs other types of treatment. For this

reason it is fundamental to involve actively parents in the treatment of the child

(parent training). Parent are encouraged to deal with the symptom of the disease

and to create an environment for facilitating the self-restraint of the child. Parent

training is a series of individual or in groups meetings where should be:

• given information about child difficulties and possible treatment

• clarified the purpose of the treatment and the goals

• identified the strengths of the child in order to increase the frequency of desired

behaviours by using reinforcement methodology

• illustrated how to create the correct environment
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Fundamental is the construction of a better emotional environment in the family

and a better communication with the child, by also clearly defined limits and rules.

Cognitive-behavioural treatment with the ADHD child has to focus on all de-

ficient and problematic areas involved in the disease. One of the therapy aspects

is to teach to the child some strategies that guide him in a systematic way to the

planning of his/her own behavior in the different spheres of life and to the resolution

of the problems (Problem Solving). Great attention is paid to the acquisition of the

ability to monitor their own actions, developing a self-regulating capacity towards

impulsivity and inattention. Furthermore, the child learns to extract important in-

formation from his/her mistakes in self-correction, but also to be able to reward

himself for the achievement of positive results. The intervention is also aimed at

increasing social skills, through the respect of the rules, the development of more

effective interactions and the ability to decode the emotional state of others, in order

to respond and relate in an appropriate and functional way.

There is scientific evidence about the origin of ADHD, and it seems to be caused

by an alteration in brain function, which is found in the areas of the pre-frontal

cortex and its connections to the basal ganglia. Attention Deficit Hyperactivity

Disorder is considered a heterogeneous disorder with different neurobiological and

complex subtypes. It can not be identified with a single cause, but accordingly, with

some studies, the causes of ADHD are mainly due to genetic factors [41]. According

to recent studies, it is estimated that more than 70% of cases are attributed to

genetic causes. Scientific studies show that family members of people with ADHD

have a 5 times greater risk than people without a family history of ADHD [42].

Environmental factors are also part of the possible causes of ADHD, neurobio-

logical risk factors could arise in critical situations such as pregnancy, childbirth or

time after childbirth, and substance abuse by the mother, premature birth, hypoxic

- isthmic encephalopathy (lack of oxygen) or under birth weight. Also psychosocial

factors that are not considered determinant, but play an important role in causing

ADHD. Family, work, social environment are social factors that cause a series of

psychological conditions such as stress, psychological disorders and other diseases

that are directly related to children.
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The diagnosis of ADHD is not simple and not always objective due to the

methodologies of investigation that are almost questionnaire given to parents and

teachers. The diagnosis must be performed by psychologists or child neuropsychia-

trists who use the criteria indicated by the DSM-IV (the Diagnostic and Statistical

Manual of Mental Disorders version four [2], the most important and widespread

on mental disorders). The ADHD assessment scales are questionnaires that identify

specific symptoms of ADHD that may not emerge in the clinical interview. An-

swers to questions can reveal a person’s behavior at school, at home or at work.

Broad-spectrum assessments investigate social, emotional and psychiatric problems.

The experts must also make a personal anamnesis of the child and of his/her family

and make a careful observation of the child’s behavior, also using appropriate grids

to further evaluate his/her conduct. Who makes the diagnosis (child psychologist

or neuropsychiatrist) should therefore analyze the behavior of the child in differ-

ent contexts of his life (family, school, social, etc.) and in contexts of relationship

to two, small group or large group etc. Finally, we must point out that, to make

a diagnosis of ADHD, the child’s symptoms must be present in several areas and

should not be exclusively found in a particular situation (for example, only at school

or in the family). Specific skills tests (language development, vocabulary, memory

recall, motor skills) are used as a screen for evaluating learning difficulties or other

processing problems.

Neuroimaging procedures, such as positron emission tomography (PET), SPECT

scans and magnetic resonance imaging (MRI), have long been used in research stud-

ies on ADHD [43, 44, 45, 46]. But their use in diagnosing ADHD has not yet been

scientifically proven and is not common.

EEG power spectra parameters are still investigating as possible biomarkers for

ADHD diagnosis due to the fact that they are often used as an indicator of brain

function such as level of development, level of reactivity or excitement. High values

of the ratio of theta to beta, recorded from the vertex or from the top of the head,

have been declared strongly associated with the diagnosis of ADHD. Early studies

[47, 48] have suggested a high accuracy in the identification of people with ADHD,

however, in the last 8 years, empirical and meta-analytical studies [4, 49, 50, 51] did

not support the association between ADHD and the measure of theta/beta ratio.
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1.3. ADHD

One suggested reason is that it has been found a general increase in this relationship

in normal control populations [4]. By the way,this measure of theta/beta ratio can

be elevated in a subset of individuals with ADHD, neither the characteristics of this

subgroup were determined nor which brain status is indexed by the theta/beta ratio.

1.3.1 Sleep in ADHD

Sleep problems in children with ADHD have been addressed in many studies in

recent years [6, 52, 53], but the problem is still uncertain. In general, the relation-

ship between sleep disorders and ADHD is very complicated [54]. Sleep disorders

can simulate ADHD, may be the consequence, or may contribute to ADHD-like

phenotypes.

About 70% of children with ADHD have been reported with mild to severe sleep

problems including insomnia, difficulty in falling asleep, nocturnal awakenings, diffi-

culty in morning awakening, disturbed breathing during sleep and daytime sleepiness

[55]. These difficulties were considered as possible diagnostic criteria for ADHD [2].

Very often, the measurements of these difficulties are subjective (for example, ques-

tionnaires, sleep diaries and interviews), informants are usually parents, and it has

been suggested that parents could overestimate the problem. Several studies show

a discrepancy between subjective parents evaluations of sleep difficulties, and ob-

jective difficulties measured by polysomnography and actigraphy [56, 57, 58]. The

sleep/awake alteration presented in children with ADHD [59, 60] is suggested as a

result of changes in microscopic rather than macroscopic sleep architecture [61].

In the case of polysomnographic analysis, ADHD presented lower sleep efficiency

and a decrease in the amount of REM sleep. In addition, Miano et al. [61] reveals

that the number of CAP sequences and CAP rate are reduced in children with

ADHD, mostly because of the low CAP rate during sleep stage 2 NREM sleep.

Compared to traditional polysomnography, relatively little is known about the mi-

crostructure of EEG sleep in this population.

Stage 2 EEG analyses revealed a suppression of power in the spindle-related

sigma band (12.4–16.4 Hz) in ADHD compared to a group of typically development

children [62]. It is not clear if sleep spindles are atypical in children with ADHD

or which are the sleep spindles characteristics that could differentiate ADHD from
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healthy children. Considering a recent study slow-wave activity identified and higher

sigma-spindle frequency activity in ADHD [63], another group showed a trend rever-

sal increased activity of slow waves on the central cortex [64]. There are conflicting

findings with respect to sleep spindle characteristics in children with ADHD. Some

studies [65] failed to find any statistically significant difference in the number of sleep

spindles between hyperactive and control children, while other studies found signifi-

cantly fewer [66] or more [67] sleep spindles in the EEGs of unmedicated hyperactive

boys compared to normal controls.
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The classical parameters that are usually evaluated in spindle analysis are density,

duration and peaks frequency of the spindles. These parameters have been largely

studied among different diseases (dyslexia, neurodevelopmental disorders, depres-

sion, schizophrenia) [68, 69, 70, 71] and ages [31, 72, 73, 74]. The analysis of spindle

by evaluating classical parameters in ADHD resulted in opposing findings. Indeed,

some studies failed to find any statistical difference between ADHD and healthy

children [63, 65, 75], while other studies found significantly fewer [66, 76] or more

sleep spindles in the EEG of ADHD [67].

This thesis would evaluate the possibility of introducing other methodologies,

like power spectra, fractal dimension, connectivity and graph analyses, for charac-

terizing the spindles. In particular, the focus has been put on the capability of

the power spectra, fractal dimension, connectivity and graph theory parameters to

characterize both the spindle epochs (described in section 3.3.1) and the two groups

of subjects that has been studied (ADHD and healthy subjects). In this study two

different approach were used for analyzing EEG: first one was to apply well known

and commonly used methodologies like power spectra analysis and fractal dimen-

sion, second one was to use newly applied theories as connectivity and graph theory,

allowing to describe the human brain as a network and to comprehend the intercon-

nection mechanism among different brain areas. The “Connectome” has been firstly

defined in 2005 [77] and, since its definition, it has been widely analysed in different

diseases (Alzheimer, schizophrenia,epilepsy) [78, 79, 80] (Section 2.3).
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2.1 Power Spectrum

The Power Spectrum (PS) is a useful tool for measuring the frequency content of

stationary or transient signals. The power spectrum of a signal reveals its periodic

components and it will consist of discrete lines for periodic signals, whereas it will

be spread over a continuous range of frequencies in case of stochastic signals. In the

case of a wide-sense stationary random process the power spectrum is the Fourier

transform of the autocorrelation sequence [81]:

Px(ejω) =
∞∑

k=−∞
rx(k)e−jkω (2.1)

The main problem of spectrum estimation is that real data are always finite. To

solve this problem one of the existent parametric methods could be used.

Consider a sequence x(n) measured only between 0 and N

r̂x(k) =
1

N

N−1−k∑
n=0

x(n+ k)x∗(n), k = 0, 1, . . . , N − 1 (2.2)

The Fourier transform of the auto-correlation in (2.1), performed in the range

of k ∈ [−N + 1, N − 1], result in an estimation of the power spectrum called Peri-

odogram. This could be expressed directly in terms of the sequence x(n) by using

the rectangular windowed function xN (n)

xN (n) =


x(n) 0 6 n 6 N

0 otherwise

r̂x(k) =
1

N

∞∑
n=−∞

xN (n+ k)x∗N (n) =
1

N
xN (k) ∗ x∗N (−k) (2.3)

P̂per(e
jω) =

1

N
XN (ejω)X∗N (ejω) =

1

N

∣∣∣∣XN (ejω)

∣∣∣∣2 (2.4)
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2.1. Power Spectrum

With

XN (ejω) =
∞∑

n=−∞
xN (n)ejnω

Finally, to be a consistent estimator of the power spectrum, the Periodogram

has to be:

• asymptotically unbiased

lim
N→∞

E

{
P̂per(e

jω)

}
= Px(ejω) (2.5)

• variance goes to zero

lim
N→∞

V ar

{
P̂per(e

jω)

}
= 0 (2.6)

To evaluate the bias the first step is to estimate the auto-correlation using (2.1),

(2.2) and (2.5)

E{r̂x(k)} =
1

N

N−1−k∑
n=0

E{x(n+ k)x∗(n)} =
1

N

N−1−k∑
n=0

rX(k) =
N − k
N

rx(k)

E{r̂x(k)} = ωB(k)r̂x(k) (2.7)

Hence the estimate of the autocorrelation is biased with a triangular window

(Bartlett) defined as:

ωB(k) =


N − |k|
N

|k| 6 N

0 |k| > N

(2.8)

There are a lot of windows type and a periodogram evaluated by using a general

window is called modified Periodogram and to define it, we should first evaluate the
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periodogram with a rectangular window and the equation is:

P̂per(e
jω) =

1

N
|XN (ejω)|2 =

1

N

∣∣∣∣ ∞∑
n=−∞

x(n)ωR(n)e−jnω
∣∣∣∣2 (2.9)

consequently the bias will be evaluated as

E
{
P̂per(e

jω)
}

=
1

N
E

{[ ∞∑
n=−∞

x(n)ωR(n)e−jnω

][ ∞∑
m=−∞

x(m)ωR(m)e−jmω

]∗}
=

=
1

N

∞∑
m=−∞

∞∑
n=−∞

rx(n−m)ωR(m)ωR(n)e−j(n−m)ω

substituting k=n-m

E
{
P̂per(e

jω)
}

=
1

N

∞∑
k=−∞

rx(k)ωB(k)e−jkω (2.10)

where ωB(k) is a Bartlett window. In order to use different windows, a normal-

ization coefficient is needed:

P̂M (ejω) =
1

NU

∣∣∣∣ ∞∑
n=−∞

x(n)ω(n)e−jnω
∣∣∣∣ (2.11)

U =
1

N

N−1∑
n=0

|ω(n)|2 (2.12)

N is the length of the window and U is a constant that is needed in order to render

asymptotically unbiased the modified Periodogram. Since the modified Periodogram

is simply the Periodogram of a windowed data sequences, not much changes in terms

of consistency of the estimation. In order to solve the problem of the inconsistency

of the estimator that is relate to the non-zero variance, Bartlett’s method uses the

averaging technique.

Averaging a set of uncorrelated measurements of random variable results in a

consistent estimate of its mean,thus variance of the sample mean is inversely pro-

portional to the number of measures. This suggested to estimate the power spec-
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trum of a random process by means the periodogram averaging. Let xi(n),with

n = 1, 2, ...,K, be K uncorrelated realizations of a random process x(n) over the

interval 0 ≤ n < L. The averaged periodogram is:

P̂x(ejω) =
1

K

K∑
i=1

P̂ (i)
per(e

jω) (2.13)

with P̂
(i)
per(ejω) the periodogram of xi(n)

P̂ (i)
per(e

jω) =
1

L

∣∣∣∣ L−1∑
n=0

xi(n)e−jnω
∣∣∣∣2, i = 1, 2, . . . ,K (2.14)

Figure 2.1: Two arbitrary sinusoids with white noise were analyzed: left column graphs
represent the overlap of 50 Bartlett periodogram with changes in K and L parameters, right
column graphs represent the ensemble average of the periodograms on the left. a) N = 512,
b) K = 4 and L = 128, c) K = 8 and L = 64 and d) K = 16 and L = 32
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The result in (2.13) is an asymptotically unbiased estimate of the power spec-

trum and since the realization are assumed uncorrelated, the variance is inversely

proportional to the number of measurements K, thus this is a consistent estimate

of the power spectrum, if L an K go to infinity. In addition, for a given N = K ∗L,

it is possible to trade-off between good spectral resolution (large L) and a reduction

in variance (large K). Figure 2.1 shows how the resolution decrease with lower L

values and higher K values in the case of two arbitrary units sinusoids with white

noise.

Welch Periodogram provides two modifications to Bartlett’s method, first the

windows could overlap to each other and second,instead of Periodogram, the modi-

fied Periodogram are averaged thus allow to use different types of windows. Assum-

ing that a single time series is divided into successive sub-sequences with an offset

D and each sub-sequences length is defined by L, then the ith sub-sequence is:

xi(n) = x(n+ iD), n = 1, 2, . . . , L− 1 (2.15)

thus the overlap is L − D points, and if K sub-sequences cover the entire N data

points then N = L+D(K − 1) and the Welch’s methods can be written as follows

in terms of data record:

P̂W (ejω) =
1

KLU

K−1∑
i=0

∣∣∣∣ L−1∑
N=0

ω(n)x(n+ iD)e−jnω
∣∣∣∣2 (2.16)

or in terms of modified Periodogram.

P̂W (ejω) =
1

K

K−1∑
i=0

P̂
(i)
M (ejω) (2.17)

Hence the expected value of Welch’s estimate is

E
{
P̂W (ejω)

}
= E

{
P̂M (ejω)

}
=

1

2πLU
Px(ejω) ∗ |W (ejω)|2 (2.18)
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Figure 2.2: Hamming window in the time domain (left graph) and in the frequency domain
(right graph) [82].

It has been demonstrated that Welch’s method is an asymptotically unbiased

estimate of the power spectrum and, with an overlap of 50% with a Bartlett window,

the variance is about half that of Bartlett’s method.

There are different window types, the most used ones are the non-negative,

smooth, ”bell-shaped” curved whereas there are also a rectangle, triangle and other

windows shaped not so commonly used. In this thesis, Hamming window is used due

to its capacity of deleting the largest side lobe of the signal (Fig. 2.2). In addition,

only 1 second epochs are going to be analyzed, thus the EEG could be considered

as a wide-sense stationary process, allowing to applied directly the power spectra

analysis.

2.2 Fractal Dimension

”Clouds are not spheres, mountains are not cones, coastlines are not circles, and

bark is not smooth, nor does lightning travel in a straight line” [83]. This sentence

was said by Mandlebrot, the ”father” of the Fractal theory.

He claimed that the patterns of Nature are irregular and fragmented, and ex-

hibits different levels of complexity. The study of the patterns allow Mandlebrot to

identify a family of shapes, that he called fractals, that have been used to develop a

new geometry of Nature. Both the regularity and irregularity of the pattern are sta-
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tistical and their shapes tend to scale, this means that the degree of fragmentation

is identical at all scale (i.e., a fractal curve has the property that each of its parts

is a reduced scale image of the hole). There are many types of fractal dimension,

based on different algorithms, but all of them are a meter of the complexity of the

analyzed system.

The best known algorithms are the Katz and Higuchi methods. It has been

demonstrated that the fractal dimension calculated by means the Higuchi’s algo-

rithm is the most accurate estimator of the fractal dimensions [84, 85].

The variation, in the time domain, of the structure of a time series through a

certain characteristic frequency involves a difficulty in the calculation of the power

law indices and of a time scale characteristic from the power spectrum. The Higuchi

algorithm provides stable indices and time scale corresponding to the characteristic

frequency even for a small number of data [86].

In the EEG analysis, the small number of data required from Higuchi of fractal

dimension are in the range of 2000-5000 points corresponding to 4-10 seconds for a

reliable estimation of the fractal dimension. This interval is too long for analyzing

the EEG in real time, and the reason why Accardo et al. [87] in 1997 found the

optimal parameters values, required by the Highuchi algorithm, to obtain a reliable

estimation of fractal dimension with only 150-500 data points that correspond to

300ms - 1s.

Consider a finite set of time series observations taken at a regular interval

K(1),K(1), ...,K(N) and from this, new times series Km
k are defined as:

X(m), X(m+ k), X(m+ 2k), ..., X

(
m+

⌊
N −m
k

· k
⌋)

,m = 1, 2, ..., k (2.19)

where m and k are integers for the initial and interval time respectively. In the case

of k=4 and N=1000, example reported by Accardo, four time series are defined as:

X4
1 :X(1), X(5), X(9), ..., X(997)

X4
2 :X(2), X(6), X(10), ..., X(998)

X4
3 :X(3), X(7), X(11), ..., X(999)

X4
4 :X(4), X(8), X(12), ..., X(1000)
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Then the length, Lm(k), of each curve is calculated as:

Lm(k) =





⌊
N −m
k

⌋
∑
i=1

|X(m+ i ∗ k)−X(m+ (i− 1) ∗ k)| ∗ n− 1⌊
N −m
k

⌋ ∗ k



/
k

=





⌊
N −m
k

⌋
∑
i=1

|hi| ∗
n− 1⌊
N −m
k

⌋ ∗ k



/
k, m = 1, 2, ..., k

(2.20)

where N is the total number of samples,
n− 1

bN −m
k
c
∗ k is a normalization factor and

hi represents the absolute value of the differences of paired points in the ordinates

that are distant k samples from the m-th sample X(m). The length of the curve,

L(k), for the time interval k is finally evaluated as the mean value over the k sets

of Lm(k). If the L(k) value is proportional to k−D, the curve is fractal-like with the

dimension D. Thus, if L(k) is plotted against k, with k in the range of [1-kmax], on

a double logarithmic scale, data should appear on a line with a slope of −D. Then,

apply the least-squares linear best-fitting procedure to the set of pairs (k¸L(k)),

obtained increasing the value k in (2.20), allows evaluating the angular coefficient

of the linear regression of the graph ln(L(k)) with respect to ln(1/k), which is the

estimate of D. The best parameters combination for analyzing the EEG signals are

a time interval of kmax = 6 and a number of points N > 125 (corresponding to

250ms in case of 512Hz sampling rate).

2.3 Connectivity

Humans have been always interested in studying and understanding the brain, which

is considered the most complex object in the known universe. The human brain is

treated as a network of nerve cells, regions and systems, but their interconnections

are still unmapped. Over the past decades, a lot of studies have been demonstrated

that the network science could be applied not only in social science, but also in
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biology, both at micro [88] and macro [89] scale. The application of network science

to the brain is a recent development and it tries to evaluate the anatomical and the

functional connections in detail.

In 2005, Sporns and colleagues [77] coined the term human connectome that

means “a comprehensive structural description of the network of elements and con-

nections forming the human brain”. This definition contains three fundamental

aspects of the connectome that are strictly linked to the three scales of the organi-

zation of the brain [90].

The first aspect is the “structure”, that figures as a finite set of physical links

between neural elements. The anatomical description of the connectome is called

structural connectivity. The most-used empirical methods for mapping structural

connections are based on diffusion-weighted magnetic resonance imaging (DW-MRI)

in order to obtain the real physical connections [91, 92, 93]. Another useful method to

evaluate the structure of brain networks is the so called “source analysis”, that allows

to localize and reconstruct the sources of brain activity. This methodology needs

high density EEG, with at least 64 electrodes to obtain a good result [94], and uses

algorithms from the inverse problem analysis that is based on different assumptions

on the way the brain works and depending on the amount of information already

present and on the effects that have to be studied [95, 96, 97, 98].

Second, the connectome is a description of brain connectivity, meaning that it

is not only a model that tries to reproduce the connectional anatomy (microscale

of neurons and synaptic) at best, but also an evaluation over the multiple levels of

brain organizations. One of the levels is evaluated by the functional connectivity,

defined as a statistical dependence between remote neural elements or regions. It can

be measured by a lot of empirical methods (e.g. spectral coherence, causal signal

flow or temporal correlation) and instrumentation (e.g. MRI or EEG). Because

of the conformation of “functional connectome”, it is critically dependent on the

methodology and analysis applied.

Third, the main idea is that the connectome is a description of a complex net-

work. The last decades have seen an increase application of the graph theory to the

brain connectome with positive results.

32



2.3. Connectivity

The analysis of structural and functional connectivity needs a series of funda-

mental steps. The first and most important step is the node definition that is usually

done by parcellation scheme or atlas, in case of MRI analysis, or by using the chan-

nels, in the case of EEG analysis. Next step is the measurement of the mutual

association between each pair of nodes in order to express their structural or func-

tional linkage. There are a lot of methods to evaluate the linkage and they could

be divided into two main groups: non-linear methods and Granger causality meth-

ods. The first group could be subdivided into two categories, one that relies on the

construction of histograms for estimation of probability, like the mutual information

and transfer entropy methods, and one based on the reconstruction of phase space of

the signals, like continuity measure, synchronization likelihood, phase synchroniza-

tion, and generalized synchronizations. The second group bases the measurements

on Granger Causality, and are the partial direct coherence, direct transfer function,

and Granger causality index methods. Among all these methods of both groups only

transfer entropy, direct transfer function and partial direct coherence allow for the

determination of directionality.

In this thesis, a Granger causality method will be used to assess the connectivity,

due to its capacity of describing causal relation between two or more node and not

only the correlation.

The Granger Causality implements a statistical and predictive notion of causal-

ity whereby causes precede and help to predict their effects [99]. The idea that

causes precede and help to predict their effect was mathematically modeled by Clive

Granger [100] using linear vector autoregressive (VAR) models of stochastic time-

series data.

Granger causality state that a variable X “Granger causes” another variable Y,

if the past of X contains information that helps to predict the future of Y over and

above the information already in the past of Y. In addition, if X at time t, predict

Y at the same time instant, this effect is called instantaneous granger causality and,

based on the analysis type, can be removed. In practice, the evaluation of granger

causality uses and compares one or more VAR models of a set of time series data and

in case of multiple variables it is called Multivariate Auto-regressive vector model

(MVAR).
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2.3.1 Multivariate Auto-regressive Models

A multivariate autoregressive model (MVAR) is a discrete time, linear and time

invariant model described by differential equations. The etymology of the name of

these models is related to their capacity in predicting the future value of more input

by means a linear regression.

Let yn be a vector of stationary, in a broad sense, and ergodic stochastic processes

with dimension m×N , with N a number of samples of each process and m number

of processes. A MVAR of order p, MVAR(p) is defined as:

y(n) = −
p∑

K=1

A(k)y(n− k) + u(n) (2.21)

where y(n) = [y1(n), y2(n), . . . , ym(n)]T is the n-th sample of the fourth time

series and p is the model order that represents the number of previous samples needed

to describe the present sample of the process. A(k) is a matrix (m×m) containing

the model coefficients related to the k-th lag. Therefore, A is a tridimensional

matrix of m × m × p. Finally, u(n) = [u1(n), u2(n), . . . , um(n)]T representing the

n-th samples of white Gaussian noise with zero mean and covariance matrix Σ.

A(1) =


a11 a12 a13 a1m

a21 a22 a23 a2m
...

...
. . . a3m

am1 am2 am3 amm

 · · ·A(p) =


a11 a12 a13 a1m

a21 a22 a23 a2m
...

...
. . . a3m

am1 am2 am3 amm

 (2.22)

Σ =


σ211 0 0 0

0 σ222 0 0

0 0
. . . 0

0 0 0 σ2mm

 (2.23)

The equation (2.21) could be rewritten in matricial form by using (2.22) and

(2.23):

Y = A ·X + U (2.24)
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where the U matrix of the inputs has a dimension of m×m and A has a dimension

of m ×m × p. Therefore the parameters of the model that have to estimated are

those of A and the four variances of Σ the matrix.

At n-th time instant, each time series is described as the weighted linear sum

of the n − 1, . . . , n − p previous values of all inputs, where the weights are the aij

coefficients of (2.22). The diagonal coefficients (i = j) represent the influence of

the past values of the node to the future values of itself and are called self-loops,

whereas the other matrix elements represent the cross influences among the nodes.

This means that the aij coefficient is the weight of the process j on the evolution of

the process i, therefore aij 6= aji. These MVAR properties are fundamental for the

evaluation of the cortical connectivity.

If p is well defined, the identification of the model means to evaluate the coef-

ficients of A and of the covariance Σ matrices. By using the equation (2.21), the

prediction error of the model can be defined as the difference between the real value

y(n) and the predicted one ỹ(n):

e(n) = y(n)− ỹ(n) = y(n) +

p∑
k=1

A(k)y(n− k) (2.25)

The optimum parameters for the model are those that minimize the variance of

the prediction error, therefore by applying the least square error method, the results

are obtained minimizing the cost function:

J(n,Θ) = E
[
e2(n)

]
with Θ parameters vector (2.26)

The minimum of J is the point at which the partial derivatives of the unknown

parameters are zero.

∂J(Θ)

∂A(k)
= 0 with k = 1, . . . , p (2.27)

Moreover, because of the error prediction vector e(n) can be assumed as an

estimation of the input noise u(n), the covariance matrix Σ can be calculated as the

covariance matrix of the prediction error (that corresponds with the minimum of

the cost function defined in (2.26). Finally, the system consists in p+ 1 Yule-Walker
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matricial equations, in p + 1 unknowns matrices (p matrices for the aij coefficients

and one for the covariance values of u(n)).


R(0) R(1) R(2) · · · R(p)

R(1) R(0) R(1) · · · R(p− 1)
...

...
...

. . .
...

R(p) R(p− 1) R(p− 2) · · · R(0)




A(0)

...

...

A(p)

 = −


Σ

0
...

0

 (2.28)

where A(0) = I is the identity matrix of dimension p×p and Aij(k) = −Aji(k). The

R(k) = E [y(n)y(n− k)] matrices are the auto-correlation matrices (dimension p×p)

of the y(n) processes with the elements on diagonals representing the correlation of

the m processes and others representing the cross-correlations. The estimation of

the system parameters in (2.28) could be assess by the application of recursive

algorithms, for example the Levinson-Durbin.

2.3.1.1 Frequency domain MVAR

The application of MVAR model allows obtaining information both in time and

frequency domains. Rearranging the equation (2.21) and applying the Z-transform

is the first step to obtain the frequency domain equation:

y(n) +

p∑
k=1

A(k)y(n− k) = u(n) (2.29)

Y (z) +

p∑
k=1

A(k)Y (z)z−k = U(z) so Y (z)(I +A(z)) = U(z) (2.30)

From the (2.30) is extracted the transfer function of the model in z-domain:

H(z) =
Y (z)

U(z)
=

1

I +A(z)
=

1

A(z)
(2.31)

substituting z = ej2πfTk:

H(f) =
Y (f)

U(f)
=

1

A(f)
(2.32)
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where A = I+A, with A(0) = I and A(k) = −A(k) for k = 1, . . . , p, and where H(f)

and A(f) are matrices of dimension p × p. A(f) represents the Fourier Transform

of the coefficients defined in (2.32)

Aij = −
p∑

k=0

aij(k)ej2πfTk (2.33)

The Hij(f) element represents the transfer function between the i − th input and

the j − th output of the MVAR model at the frequency f with Hij(f) 6= Hji(f),

whereas the Aij(f) element is the transfer function between the i − th input and

j− th output of the MVAR linear predictor at the frequency f with Aij(f) 6= Aji(f).

The time series spectrum described by the MVAR model is given by:

S(f) = |H(f)|2Σ (2.34)

with S(f) a matrix of dimension p× p that contains the spectral description of the

time series of y. The spectral matrix is Hermitian, that means it has real components

on the diagonal and conjugated complex values elsewhere, and symmetric (Sij(f) =

Sji(f)).

S(f) =


S11(f) S12(f) · · · S1m(f)

S21(f) S22(f) · · · S2m(f)
...

...
. . .

...

S31(f) S32(f) · · · Smm(f)

 (2.35)

The elements on the main diagonal are the auto-spectrum of the processes

y1, y2, . . . , ym, whereas the elsewhere elements are the cross-spectrum.

2.3.1.2 Optimum p order

The choice of the optimum order for a model is evaluated by using parsimony cri-

teria (e.g. Schwarz-Bayes Criterion, Akaike Information Criterion, Hannan-Quinn

Criterion) and then validated by analyzing the whiteness of the prediction error.

The difference among the criteria is the severity used to penalize the order incre-

ment, thus varying the performance depending on the considered dataset. The most
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used is the Schwarz-Bayes Criterion, but it is applied in case of a great number of

samples, meanwhile, Akaike Information Criterion has applied also for small sample

number. The equation of Akaike is described as follows:

AIC(p) = ln(det(Σ)) +
2

N
pm2 (2.36)

with N samples number, m a number of processes and the first term is the logarithm

of the determinant of the estimated noise covariance matrix. The order selection

should be done carefully, because a too-small model order can impair the frequency

resolution, on contrary, a too-large one can overfit the model. For the analysis of

the EEG data has been demonstrated that a potentially optimal model was p = 10

[101, 102], although some differences were identified for order in the range of 9 to

13.

2.3.2 Generalized Partial Direct Coherence

In 2001, Baccalà and Sameshima [103] proposed a novel approach to evaluate the

Granger causality in the frequency domain based on the MVAR models that they

named as Partial Direct Coherence (PDC). They started from the concept of Direct

Coherence (DC) that is a measure on how two structures are functionally connected,

providing both the “feedforward” and “feedback” aspects of the relationship. DC is

defined as:

Cij(f) = γHi (f)γj(f) (2.37)

with γ(f) , [γi1(f), . . . , γim(f)]T and H stands for Hermitian matrix.

In contrast with DC, PDC allows analyzing simultaneously many time series, thanks

to the application of the MVAR, providing all the direct structural information.

The PDC definition is based on the partial coherence function, |Kij(f)|2, that

quantifies the relationship between pairs of signals, xi(n) and xj(n), when the influ-

ence due to all other N − 2 time series is discontinued.

kij(f) =
aHi (f)Σ−1aj(f)√

(aHi (f)Σ−1ai(f))(aHj (f)Σ−1aj(f))
(2.38)
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where Σ is the prediction error covariance matrix and ak(f) is the k − th column

of the matrix A(f) = I −A(f) = [a1(f), a2(f), . . . , am(f)]. By the analogy between

(2.37) and (2.38), the general definition of PDC factor from j to i is given by:

πij(f) ,
Aij(f)√

aHj Σ−1aj(f)
(2.39)

where Aij(f) is the i,j − th element of A(f). The PDCF depends mostly on the aij

coefficients because

Aij(f) =


1−

∑p
r=1 aij(r)e

−i2πfr , if i = j

−
∑p

r=1 aij(r)e
−i2πfr , otherwise

(2.40)

To remove the instantaneous Granger causality effects the (2.39) can be rewritten

as:

πij(f) ,
Aij(f)√
aHj aj(f)

(2.41)

depending only on aij(r) coefficients. (2.41) is the mathematical definition of Partial

Direct Coherence(PDC) from j to i and holds the following normalization properties:

0 ≤ |πij(f)|2 ≤ 1 and
N∑
i=1

|πij(f)|2 = 1 (2.42)

for all 1 ≤ j ≤ N .

The coefficient πij(f) delineates the coupling strength from a source structure

j to structure i compared to all interactions of j with others structures, therefore

PDC classifies the interaction strength by a given signal source. In the case of i = j,

the coefficient πjj(f) represents how much past of the signal xi(n) influences it’s

present state. If the dynamic range of a time series is modified by gains, the PDC

will not be able to correctly evaluate the direction of the information flow. To delete

this problem, Baccalà and colleagues [104] defined a new partial direct coherence
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estimator called generalized partial direct coherence (gPDC):

π
(u)
ij (f) =

1

σi
Aij(f)√∑N

k=1

1

σ2k
Akj(f)A

∗
kj(f)

(2.43)

where σ2i refers to the variances of the error processes (2.21). The new definition

preserves the normalizations (2.42).

The gPDC is invariant to scale and reduces variability for short time series. In

addition, it is an instance of variance stabilization of the Granger causality and is

better to be used in analysis of models with large prediction errors or large disparity

of the power spectra between the multivariate channels [105].

2.4 Graph Theory

Graph theory was born in 1736 by Euler, whom used a series of points and links to

prove that was impossible to traverse the city of Königsbers by passing all its seven

bridge exactly once. Since its definition to nowadays, graph theory has been applied

in many disciplines thanks to its capacity to simplify the description of complex

interconnected and dynamic systems.

A network is defined as a collection of nodes (vertices), fundamentals functional

units, and links (edges) between a pair of nodes. In the case of the brain analysis,

the nodes represent brain regions meanwhile links could represent anatomical, func-

tional or effective connections. Anatomical connections correspond to white matter

tracts between nodes, whereas functional connections represent the temporal corre-

lation activity and may occur between anatomically unconnected regions. Effective

connections may be estimated from observed perturbation and represent the causal

influence between regions.

Figure 2.3: Steps for estimating graph parameters
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The sets of nodes and links can be represented in a connection matrix also called

“adjacency matrix”. Three fundamental steps are needed to obtain the adjacency

matrix [106], and are represented in figure 2.3:

1. Define the nodes. Depending on the type of data, there are different method-

ology to define the nodes: in case of EEG, nodes coincide with the electrodes,

meanwhile in case of MRI it is more complicated because a parcellation scheme

or atlas is needed.

2. Estimate a continuous measure of association between nodes. The main meth-

ods are those which evaluate the coherence or the Granger Causality.

3. Generate the adjacency matrix by compiling all pairwise associations between

nodes, that is the links definition.

This adjacency matrix could be symmetric, namely describing undirected links, or

asymmetric, namely directed (Fig. 2.4).

The choice of the nodes is fundamental, especially in case of MRI, because dif-

ferent parcellations scheme or atlas could bring different results. In addition, two

other choices have to be made that are based on the differentiation of the links.

Links could be distinguished by their weight and directionality. Binary links de-

note the presence or absence of a connection, meanwhile weighted ones contain also

information about connections strength. The binary adjacency matrix is obtained

Figure 2.4: Representation of graph types: a) binary undirect graph, b) binary direct graph
and c) weighted direct graph
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by applying a threshold to a weighted matrix. Threshold values are often arbitrar-

ily determined and still now, there is no standard methodologies or approaches to

evaluated it [107].

All self-connections, that are represented by the main diagonal matrix values,

have to be removed prior to the network analysis.

Network measures could be represented multiple manners like measures of indi-

vidual network elements (nodes or links) or values of all individual elements eval-

uated as a distribution that could be characterized by its mean. There are three

different classes of graph metrics that capture the distinct aspects of brain network

organization described above [108]:

• functional segregation: existence of specialized communities or modules;

• functional integration: pattern of global interaction between communities

or nodes;

• functional influence: functional impact of individual network elements.

The basic measures that are always evaluated and are external of the classes are

the degree of a node and the shortest path length between pair of nodes. The degree

of a node i is defined as follow:

ki =
∑
j∈N

aij (2.44)

with N the set of all nodes in the network and aij the connection status that could

be 0 or 1 in case of a binary matrix, or in the entire range between [0,1] in weighted

ones. Here, only formulas for the binary graph will be described. In addition, the

degree could be subdivided in in-degree and out-degree in case of a directed network:

• kouti =
∑

j∈N aij

• kini =
∑

j∈N aji
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The shortest path length describes the lower node numbers that has necessary

to be pass between a pair of nodes, sometimes it is also named distance:

dij =
∑

auv∈gi←→j

auv (2.45)

where gi←→j is the shortest geodesic path between i and j, and auv is the connection

status between i and j. For all disconnected pairs i, j the distance will be infinite.

Another basic measure is the number of triangles around a node i that is funda-

mental for the evaluation of segregation.

ti =
1

2

∑
j,h∈N

aijaihajh (2.46)

with N the set of all nodes in the network.

2.4.1 Measures of Segregation

One important aspect of a network is the interaction of nodes with its neighbors,

indeed in the last years has been shown that neural regions tend to arrange in

clusters or ”communities”. The measures of how much nodes tend to form local

communities is names clustering coefficient [109] (for graphic representation of this

parameter see figure 2.5).

C =
1

n

∑
i∈N

Ci =
1

n

∑
i∈N

2ti
ki(ki − 1)

(2.47)

where Ci is the clustering coefficient of node i and Ci = 0 for ki < 2 and with N the

set of all nodes in the network.

Figure 2.5: Representation of metrics meaning of a single node: first left is the node degree,
second is the clustering value, third is the shortest path length and last is the betweenness
centrality of a node.
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A node or region have high clustering value if nodes or regions to which it is

connected are also connected to each other. The average clustering value of all

the network highlights how much the nodes of the network tend to share local

connectivity.

2.4.2 Measures of Integration

The integration measures capture the capacity of the network to integrate its dy-

namic activity. Several of these measures, like shortest path length, linking pair of

nodes, and global efficiency, are based on path.

A common thought is that shorter paths are more effective in passing informa-

tion, therefore the average path length for a network gives an index of its capacity

on exchanging information. The shortest path length, also named characteristic

path length, of a network is calculated as [109] (for graphic representation of this

parameter see figure 2.5):

L =
1

n

∑
i∈N

Li =
1

n

∑
i∈N

∑
j∈N,j 6=i dij

n− i
(2.48)

with N the set of all nodes in the network, n the node number, dijthe distance

between the node i, j and Li the average distance between the node i and all other

nodes.

The global efficiency is the inverse of the average path length and is less disrupted

by the presence of disconnected nodes.

E =
1

n

∑
i∈N

Ei =
1

n

∑
i∈N

∑
j∈N,j 6=i d

−1
ij

n− 1
(2.49)

where Ei is the efficiency of a node i.

2.4.3 Measures of Influence

The assessment of centrality or influence is a fundamental aspect for predicting

functional disturbances that will occur upon node and edge deletion. Node degree

is often highly correlated with betweenness centrality that is a measure of the “im-

portance/influence” of the node in the network. Betweenness is defined as a ratio
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of all shortest paths of the entire network that each node participated in. If many

shortest paths pass through a node, grater will be its centrality.

bi =
1

(n− 1)(n− 2)

∑
h,j∈N

h6=j,h6=i,j 6=i

φhj(i)

φhj
(2.50)

where φhj is the number of shortest paths between h and j, and φhj(i) is the number

of shortest paths between h and j passing through i (Fig. 2.5).
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3.1 Subjects

The study group encompassed 8 ADHD and 9 Control children (matched for age:

mean age ADHD=8.75± 0.46, Controls=8.33± 1.22 years) recruited from the Chil-

dren’s Hospital IRCCS “Burlo Garofolo” of Trieste. The inclusion criteria for being

in the control group were the absence of neurological disorders and of medical drug

treatment. ADHD was diagnosed by means of the DSM IV protocol [2] and for

the inclusion in this study, they were not under pharmacological treatment, and the

ADHD group was not subdivided for comorbidities. Informed written consent for

all children was obtained from their parents.

. Children were deprived of sleep the day before the acquisition to enhance the

deep sleep during the recording. The children were asked to go to sleep later than

usual (after midnight) and to wake up early in the morning (5.00-6.00 a.m.). The

EEG was recorded in the early afternoon at about 01.30 p.m. and lasted about 60

minutes. All children felt asleep during EEG recording.

3.2 EEG recording and pre-processing

The EEG was recorded by means of nineteen surface electrodes (Fp1, Fp2, F3, F4,

F7, F8, Fz, C3, C4, Cz, T3, T4, T5, T6, P3, P4, Pz, O1, O2) placed according to

the 10-20 International System and acquired using MICROMED system. The EEG

signals were recorded using a reference to linked earlobes (mean values of A1 and

A2) with a sampling rate of 512 Hz. Before the recordings, the impedance of the

electrodes was checked and kept below 5 kΩ. Each registration was filtered by a

second order pass-band filter with a frequency range of 0.5-45 Hz. Each EEG was
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Figure 3.1: EEG of Fz channel including a spindle, with 2 seconds before and after spindle
onset, and two black lines representing the labels of start (“Rstart”) and end (“Rstop”) of
spindle respectively defined by neurophysiologists

visually inspected by neurophysiologists to individuate the 2 nREM sleep phase and

to label the start (Rstart) and end points (Rstop) of each spindle free of artifact

(Fig. 3.1). For each subject, the number of spindles was defined as the maximum

number of spindle free of artifact, thus we obtained a range of 6 to 11 spindles among

the children. 6 and 11 were respectively the minimum and maximum numbers of

spindles found into two children, while other children presented a number of spindles

inside this range.

In order to achieve the homogeneity of the spindles durations among children,

that is needed for calculating the connectivity by using the matlab toolbox, the

“Rstart” and “Rstop” are not used for epoching, but as a guideline to roughly

estimate the locations of the spindles in the EEG data. Based on power spectral

density of Fz channel [33], for each spindle, the maximum power peak (Mpp) in the

range of 11-15 Hz was calculated and always found between “Rstart” and “Rstop”

labels. During spindle epoch (Dur) was obtained by cutting the EEG 0.5 s before

and after the maximum power peak (1-s lasting epoch in total). The end of the

pre-spindle epoch (Pre) and the start of the post-spindle epoch (Post) were set at

the time at which the power value underwent the 95% of Mpp, before and after

spindle respectively (Fig. 3.2).
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Figure 3.2: Top plot represents the peace of EEG of Fz channel containing a spindle, x-axis
is the time and y-axis is the amplitude. Bottom plot shows the power spectra relative to the
above segment of EEG. Black dotted line is the maximum power value (Mpp) in the range
of 11-15 Hz,x-axis is the time and y-axis is the power in dB. The three epochs Pre, Dur
and Post are delimited by red, green and blue lines respectively. The ellipse highlights the
frequency range of the spindle

The durations of Pre and Post epochs were set to one second. The epochs

duration was set to 1 seconds based on the smallest found spindle among all subjects,

indeed figure 3.2 shows a spindle with a duration of 2 seconds. The presence of

spindle activity in the Pre and Post epochs was assessed by applying the Fast

Fourier transform to all channels and epochs. The results highlighted that the

cutting method based on power is able to distinguish adequately the three epochs,

indeed only in Dur epoch was found a peak frequency in the range of 11-15 Hz. An

example of the results is visible in figure 3.3. Finally, three epochs for each spindle

and subject were obtained.
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Figure 3.3: Left box contains the FFT of Fz channel of ADHD in all the three epochs, while
the second one contains the values relative to Control. X-axis is the frequency and Y-axis is
the amplitude in µV

3.3 Linear and non-linear analysis

3.3.1 Power Spectra and Fractal dimension

Power spectra were calculated for each epoch and spindle of subjects. Spectral power

was calculated in delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz),

gamma (30-45 Hz), total (0.5-45 Hz) and sigma (11-16 Hz) bands by using the power

spectral density obtained by Welch periodogram described previously in section 2.1.

In this thesis, the frequency range of sigma band was change from 11 Hz, instead

of the standard 12 Hz, accordingly with the findings of Shinomiya that highlighted

spindles with lower frequency in children [31]. Power values were calculated for

each of the nineteen EEG channels and of spindles number, then all power values

related to a specific epoch were averaged for each subject. Furthermore, for better

comparisons, the obtained absolute power value of each band was divided by the

power values of the total band to obtain relative values.

Two type of analyses were performed on power data. The first analysis was

carried out among the three epochs inside each group in order to evaluate the possible

intra-group differences for each channel separately, meanwhile the differences of each

epoch between the two groups were assessed by analyzing brain regions. The spectral

power of channels belonging to seven regions were averaged to obtain the powers of

left (AntSX - Fp1, F3, F7) and right(AntDX – Fp2, F4, F8) anterior regions, on

left (CenSX – C3, T3, T5) and right (CenDX – C4, T4, T6) central regions, on left
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(PosSX – T5, O1) and right (PosDX – P4, O2) posterior regions and on middle line

(LM – Fz, Cz, Pz).

The same calculation process was applied for the evaluation of the fractal di-

mension (FD). FD was assessed by using Higuchi algorithm (section 2.2) for each

channel and epoch. As for power values, also for FD intra-group and inter-group

differences were investigated.

Intra-group differences among epochs were obtained by applying Wilcoxon sign

rank test for paired samples, because each epoch sample came from the same subject,

thus the observations could not be considered independent. In addition, Bonferroni

correction was applied with a coefficient equal to three, that is the number of de-

pendent observation. The correction has to be applied in case of dependent sample

in order to avoid, or better minimize, the false positive responses.

Inter-group differences were evaluated epoch by epoch, by Wilcoxon rank sum

test for the independent samples. In this case, because of samples came from different

subjects, the observations were considered independent and there is no need to use

Bonferroni correction. All the analysis were assessed by using dedicated Matlab

(Mathworks Inc., Natick, MA) scripts.

3.4 Connectivity analysis

The steps to evaluate connectivity measures are summarized in figure 3.4. The first

step was the aggregation of EEG data in matrices then used as a variable for the

evaluation of Multivariate autoregressive models. Once obtained the coefficient of

the models, they were used to calculate the gPDC values, that are the connectiv-

ity values based on Granger causality. The critical point was the evaluation of the

threshold that has to be applied, because still now, no standard methodology for

calculation and/or application have been define. In this theses, thresholds have

been chosen by applying the bootstrap method on raw EEG data [110]. The thresh-

old application allowed obtaining binary connectivity matrices from the weighted

ones,then binary matrices have been used to calculated graph metrics.
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Figure 3.4: Figure shows the process to obtain graph metrics starting from raw EEG data
of each epoch.

3.4.1 MVAR application

Each piece of EEG, obtained by using the method described in the pre-processing

section, was aggregated by epoch type for each subject. This allows accomplishing

three 3D matrices (Pre, Dur and Post) for each subject with the dimension of

M × T × N , where M is 19 (channels), T is 512 (sample points equal to 1 second

EEG) and N varies between 6 and 10 (number of spindles of each subject). Hence, 51

matrices were obtained (3 matrices for each subject). The matrices are directly used

to evaluate the MVAR model, since signals could not be stationary, the Adaptive

MVAR of SIFT matlab toolbox was applied [111, 112].

AMVAR is a modification of the standard MVAR models that add the possibility

of using a sliding window over the time and the number of spindles as trials of the

same process (Fig. 3.5). Before starting the AMVAR analysis, the length and step
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3.4. Connectivity analysis

Figure 3.5: Explanation of the process for the calculation of the MVAR coefficients (figure
from [113]). Illustration on the top represents the EEG raw data of M variable, T time
points, and N trials. W is the length of the sliding window that start at first time point of
the signal, and steps until the end by a number of time points defined by the user.

of sliding window, the order (p) of the model had to be choosen and a normalization

of the signal has to be performed. Instead of arbitrary defining the length and

steps of sliding window, these parameters were chosen directly by a function of the

toolbox that optimizes both parameters: (1) number of time points and (2) trials.

P-optimum was evaluated by Akaike information criteria in the range of 5 to 20.

The normalization applied to EEG raw data is called “ensemble normalization” and

consists in point-wise subtracting the ensemble mean and dividing by the ensemble

deviation.

Subsequently, all models were validated by checking their whiteness. A model is

considered well estimated, if the estimated noises U (equation 2.21) or residuals are

small and uncorrelated. If the model was correctly estimated,its coefficients were

used to calculate the gPDC connectivity values, else the model was evaluated again

with a different order.

The computation of gPDC return a matrix with a dimension 19 × 19 for each

frequency, in this case frequency range was from 0.5 to 45 Hz with step of 1 Hz.

Single frequency matrices were then averaged in the same bands used in power

spectra analysis (delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz),
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gamma (30-45 Hz), total (0.5-45 Hz) and sigma (11-16 Hz)). Finally for each subject,

18 weighted connectivity matrices were obtained (3 epochs and 6 bands).

The definition of a threshold for obtaining binary matrices is still a discuss prob-

lem due to high dependencies of the results on threshold value [114]. The choice of

the threshold depends also on the type of analysis that has to be made. In this case,

the bootstrap method was chosen and applied [110].

This method is useful in case of small sample size because allows to randomly

create additional sample maintaining its fundamental characteristics. The creation

of new signals was assessed by randomizing the phases of each channel of the EEG

epochs. The randomization was repeated 100 times for each subject and epoch.

(a) (b)

(c)

Figure 3.6: Representation of gPDC values distribution of Delta (3.6a), Sigma (3.6c) and
Gamma (3.6b) bands. Magenta line represents the distribution of ADHD connectivity values
of all the three epochs, while light blue represents the distribution of connectivity values of
Control in all the three epochs. Vertical lines represent the 50th percentile of the distribution,
the red line is for ADHD distribution, blue is for Control.
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3.4. Connectivity analysis

All bootstrapped signals were used to calculate the gPDC for all the seven bands

delta, theta, alpha, beta, total and sigma.

Each band was separately analyzed for each group by forming a distribution

of the connectivity values obtained with the bootstrap method (Fig. 3.6). The

threshold was chosen as the fiftieth percentile of the distribution in order to avoid

disconnected network, hence 7 thresholds (one for each band) were calculated for

each group.

3.4.2 Graph metrics

The binary connectivity matrices were obtained by applying the thresholds to each

gPDC matrix of epochs and bands of original subjects. By means of the BCT

Matlab toolbox [109], binary adjacency matrices were used to calculate, for each

band and epoch, the in (Kiin) and out (Kiout) node degrees, cluster coefficient (Ci)

and betweenness centrality (Bi) of each channel, the mean cluster coefficient (C),

shortest path length (L) of the entire network.

Statistical differences were investigated between groups for all parameters, and

among epoch only in C and L parameters. Differences were assessed by Wilcoxon

sign rank test for paired samples, in the comparison of intra-group values, meanwhile,

in between groups comparison, Wilcoxon rank sum test was applied. In addition, in

the case of intra-group analysis, the Bonferroni correction was applied.

Finally, in order to evaluate the possibility of discriminating the two groups by

these parameters, PCA was applied on (Kiin) and (Kiout) of all bands and epochs

due to their characteristic results.
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4. Results

4.1 Power Spectra and Fractal Dimension parameters

4.1.1 Among epoch analysis

4.1.1.1 Results in Control Group

The bands that showed most of the statistical significances of relative power values

among epochs in Control group are resumed in figure 4.1.

In delta band (Fig. 4.1a), Pre values statistically differed from Dur ones in all

channels of the left hemisphere (except O1 and T5), in middle line (except Pz) and

only in F4, C4 and F8 of the right hemisphere. Significant differences between Dur

and Post were highlighted in all channels except Cz, P4, T4 and T6. In all the

differences, Dur values were lower than other two epochs.

Figure 4.1b shows that spectral power in theta band was lower in Dur epoch than

in Pre one, with significant differences in Fp2, F4 and C4 of the right hemisphere and

in Fp1, F3, C3 and F7 channels of the left hemisphere, in addition all channels in the

middle line resulted significant. The difference between Dur and Post epochs, with

Dur value lower than Post, was significant for all fronto-central channels. Finally,

the only significant difference between Pre and Post epochs was in the T3 channel.

Pre and Post epochs showed a similar trend of relative spectral power for all

alpha ( Fig. 4.1c) beta and sigma (Fig. 4.1d) bands over all channels. The differences

between Dur and Post were significant in all channels for beta band (except O1, T4

and T6) and almost all for alpha band except in the Cz, P4, T4 and T6 channels.

On the other hand, the differences between Pre and Dur epochs were noteworthy

in almost all channels, except T4 and T6 for beta bands, meanwhile in alpha band
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(a)

(b)

(c)

(d)

Figure 4.1: Channel’s relative power spectra values of delta (a), theta (b), alpha(c) and
sigma(d) in Control group.
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4.1. Power Spectra and Fractal Dimension parameters

significant differences were observed in almost all channels of left hemisphere and

middle line (except T5, O1 and Pz) and only in F4 and F8 of the right hemisphere.

As for the sigma band (Fig. 4.1d), almost all channels exhibited statistically

different values between both Pre and Dur and Dur and Post with the exceptions

of P4, T4, T6, O2 and O1 in Pre-Dur comparison and of T4 and T6 in Dur -Post

one. In gamma band there was only one significant difference between Pre and Dur

in P3 channel and Pre values were higher than other epochs, in opposition with the

trends of all other bands.

For alpha, beta and sigma bands, in Dur epoch, relative power values were

greater in the centro-frontal (Fp1, Fp2, F3, F4, F7, F8, C3, C4, Fz) channels than

in temporolateral, parietal and occipital ones, while in delta and theta the trends

were opposite. Moreover, for alpha, beta and sigma bands Post values were greater

than Pre ones in temporolateral and parietal channels, conversely in delta band only

in frontal channels Post values were greater than Pre. In theta Post relative power

values were greater than Pre in all channels, except for Pz. Post values in delta

band were higher than Pre relative power values only in frontal channels.

The FD (Fig. 4.2) highlighted lower values in Dur epoch than in the other two

epochs in which the values were very similar. Significant differences were found

between Pre and Dur in almost all channels, except Fz, P4, T3, T4, T5, O1 and

O2, and between Dur and Post, except for C4, P4, T4 and T6 channels. The

values of FD were lower in prefrontal, central, parietal and occipital channels than

fronto-temporal (F7, F8, T3, T4, T5 and T6) ones.

These results has been published in IEEE conference proceedings [pub8].

Figure 4.2: FD values of all channel of Control group in the three epochs

59



4. Results

4.1.1.2 Results in ADHD

In ADHD, no significant differences were found in the theta band, meanwhile other

bands showed a lot of significances most of them between Pre and Dur epochs.

Figure 4.3a shows that Dur power values were lower than other epochs, and

statistical analysis highlighted p values lower than 0.05 in almost all channels. In the

comparison between Pre and Dur, statistical differences were found in all channels of

the left hemisphere (except T3 and T5) and of the right hemisphere (except T6 and

O2), meanwhile only Fz resulted statistically significant in middle line. All fronto-

central channels of both hemisphere, with P3, Pz and P4 channels were statistically

different between Dur and Post.

In alpha (Fig. 4.3b) and sigma (Fig. 4.3c) bands, all epochs had the same trend

with Dur values greater than other two epochs, and similar values between Pre

and Post. Both alpha and sigma band showed significances both for Pre-Dur and

Dur -Post comparisons. All channels were significantly different in both bands and

comparisons except O1, O2 and T5. Relative power values of O1 were significantly

different in both bands, but only in the comparison of Pre and Dur epoch, while

O2 was different only in sigma band. T5 showed opposite significances because in

alpha band its value was different between Pre versus Dur, whereas in sigma the

difference was between Dur versus Post.

Relative power values of beta band show significances in all channels of right

hemisphere (except T6 and O2), Fz, Fp1 and F3 in comparison of Pre versus Dur,

while no significant differences were found between Dur and Post epochs, even if

Dur values were higher than Post ones.

Gamma band showed a similar trend of delta band with the exception of left

hemisphere channels which have higher Post values than Pre. Significant differences

were found only between Pre and Dur epochs, in all fronto-central channels of both

hemispheres, in T6 and O2 and in all middleline (except Pz).

For alpha band, in Dur epoch, relative power values were greater in the frontal

channels than in temporolateral, parietal and occipital ones, and similar trend was

visible also in beta and sigma bands but with lower disparity among the power

values. In delta the trends were opposite. Moreover, for alpha and beta bands
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(a)

(b)

(c)

(d)

Figure 4.3: Channel’s relative power spectra values of delta (a), alpha (b), sigma (c) and
gamma (d) in ADHD group.
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Figure 4.4: FD values of all channel of ADHD in the three epochs

Post values were greater than Pre ones in temporolateral and parietal channels,

conversely in sigma band almost all channels Post values were greater than Pre.

The FD (Fig. 4.4) values were significantly different in all channel and both kind

of comparison (Pre-Dur, Dur -Post) with lower values in Dur epoch than in other

two epochs. Channels of right hemisphere had similar Pre and Post values with

higher Pre, in opposition with the left hemisphere values that showed lower values

of Pre in respect of Post. In the middle line, Pre and Dur values were very close to

each other.

4.1.2 Between Groups analysis

The inter-group analysis of PSD was performed on brain regions in order to evaluate

the topographic differences between the two groups.

In delta band (Fig. 4.5a), significant differences were found in the Pre epoch only

in AntSX with a p-value of 0.02, while in Post epoch all the left regions (AntSX,

CenSX and PosSX) and the AntDX region were statistically different between the

groups, with p-values of 0.04, 0.02, 0.04 and 0.03, respectively. All the significances,

in Pre and Post epochs, presented values of the delta power greater in control than in

ADHD children. The same significant differences in delta band were highlighted also

in theta band, except for the AntDX region in Post epoch that was not significant.

Alpha band (Fig. 4.5b) presented significant differences, with p-values of 0.01

and 0.03, in all the left regions (AntSX, CenSX and PosSX) in post epoch with

greater values of the power in healthy subjects than in ADHD.

In beta band (Fig. 4.5c), only the power value of AntSX area in post epoch

resulted statistically significant (p-value of 0.04) with greater value in the control
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group than in ADHD. This difference was present also in sigma band (Fig. 4.5d),

but in addition, it showed also a significant difference in the AntDX region in post

epoch. In all bands power values of Control group are higher than ADHD in almost

all epochs and region, except for Dur epoch of alpha, beta and sigma bands where

values of Central and Posterior regions (both left and right) of ADHD are higher.

No statistical differences were found in gamma band and in fractal dimension.

These results have been published in IUPESM conference proceedings [pub7].

The application of discriminant analysis on power spectra parameters that have

been resulted significantly different between the two groups, highlighted the possi-

bility of distinguishing the two groups. Although these results have been obtained

in a small sample size of subjects, the outcomes seem to be promising and they will

be described in an article to be submitted to the international journal physiological

measurement [pub6].

(a) (b)

(c) (d)

Figure 4.5: Regions power values in the three spindles epochs (Pre - red, Dur - green,
Post - blue) of both groups. Represented band: delta (a), alpha (b), beta (c) and sigma (d).
Asterisks show p-values lower than 0.05 between groups.
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4.1.3 Discussion

The role of sleep spindle in childhood is still not fully understood, but it is well known

that spindle abnormality can be related to certain neurodevelopmental pathologies,

strokes and mental disorders [13, 69, 115].

In the literature, the differences between ADHD and healthy children have been

analyzed by using the classical spindles parameters [116]: number of spindles per

sleep stages, spindle density, amplitude, and frequency peak. However, none of the

studies [65, 75] highlighted significant differences between the two groups and there

still a lack in the individuation of physiological biomarker. This study is motivated

by the growing interest in sleep spindle behavior and by the lack of evidence in

classical parameters to differentiate ADHD from healthy children. Albeit the asso-

ciation between sleep disorders and ADHD is well known, knowledge is still lacking

about the correlation with specific aspects of the sleep microstructure and of brain

functioning modifications during sleep. This work aims at studying the changes in

pairs of spindle epochs, both in normal and ADHD children.

This thesis discusses a new methodology to divide the spindles in different epochs.

The threshold was chosen as the 95% of the maximum power spectra peak in order to

have the before and after spindle epochs far from the spindle itself. The analysis of

different epochs allows evaluating the dynamic changes of cerebral activity and the

perturbation related to spindle onset. The length of epochs (1 second) was defined

as the smallest spindle length among all subjects and it was enough to evaluate

spectral and graph parameters dynamic changes in a quiet status as sleep, because

the minimum time range for reacting to a stimuli is fixed to 250-300 milliseconds

[117].

Only one paper concerns the spectral power values changes in Pre, Dur and Post

epochs of sleep spindles, but it analyzed adult people instead of children [35].

Sleep spindles are activities that perturb the normal activity of the brain during

sleep, and this has been showed in the results of this thesis by the significances among

epoch. Indeed almost all parameters in all bands presented differences between Dur

and both Pre and Post epochs in both groups.

In comparison of epochs inside each group, the results in this thesis showed that

64



4.1. Power Spectra and Fractal Dimension parameters

in alpha, beta and sigma bands, power values during Dur epoch were greater than

both Pre and Post epochs in both groups, highlighting that the power changes had

an inverted V-shape. On the contrary, in delta band of both ADHD and control

and theta band of control the Dur epoch values were lower than both Pre and

Post, highlighting a V-shape. Moreover, in Dur epoch, the relative power values

of fronto-central channels were lower than temporolateral and occipital ones in all

bands.

Differences between the two groups, in comparison of brain regions, were focused

in the left hemisphere during post epoch. In addition, in Dur epoch the FD values,

means as the complexity, decrease apparently indicating a relaxation of the brain,

in particular in the fronto-central region. Furthermore, the values of FD in the

three epochs, separately analyzed for each groups, were greater in fronto-temporal

channels (F7, F8, T3, T4, T5 and T6) than in the others epochs both for ADHD

and control groups. Since FD is associated to the complexity of a signal, its values

indicated lower source generator complexity during the spindle compared to the Pre

and Post epochs.

Concerning the comparison between groups, lower power values in ADHD chil-

dren were found in all the bands. The question is if these findings could be in-

terpreted as a sign of lower power of spindle activity in memory consolidation in

ADHD, and if this could have a role in the pathogenesis of the attention deficit.

Moreover, since the spindles are also considered important for sleep maintenance,

the lower power values in increasing of delta and theta power bands compared to

control in Post epoch could point to their sleep problems. Also in Control group

delta and theta power values decreased after Dur epoch, but the gap between Dur

and Post is smaller in delta band than in ADHD, may be related to a deep sleep.

In the literature, there are no studies related to spindles epochs and spindle

analysis is often done after the execution of a task, in order to analyze the re-

lationship between the attention and learning skills, and the spindle parameters.

Kuperman [118] studied awake ADHD children with open eyes condition during

bi-auricular stimuli, and found a rightward lateralization asymmetry compared to

controls. Moreover, other studies [119, 120, 121] found atypical rightward asym-

metry in particular in the alpha band in the frontotemporal and superior-parietal
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regions. All these results were obtained by analyzing the EEG of awake ADHD

children or adults, both in open and close eyes conditions and also during a cogni-

tive test. This particular asymmetric behavior was completely opposite to that of

control groups. The differences with this thesis results, that highlighted a leftward

asymmetry with respect to a control group, and those reported in previous studies

[65, 75, 118], could be due either to the different kind of subjects (adults vs children)

or the different conditions of the children during the recordings (awake vs sleeping).

4.2 Graph

4.2.1 Node Degrees and Betweenness

In addition to the canonical graph metrics analysis, the number of significant con-

nections was investigated between groups and epochs. The number of connection

was defined as the counts of gPDC values above the threshold. The results high-

lighted similar trend among the epochs in both groups, with connection number in

Dur epoch were higher than Pre and Post, for almost all bands except delta and

control values in gamma (Fig. 4.6). In addition, gamma band showed a greater

number of connections in comparison to all other bands.

Significant differences were found between groups in Dur epoch of theta band

and in all three epochs of delta and gamma band. Other bands presented only infra-

group significant differences. ADHD group presented differences both between Pre

and Dur and between Dur and Post in alpha and sigma bands, while Control group

showed differences between Pre and Dur in alpha, sigma and beta and between Dur

and Post in sigma and beta.

Evaluating Kiin versus Kiout of each channel, values trends showed an inversion

between the two groups (Fig. 4.7). In delta band, degree values were lower in control

than ADHD, then there was a homogeneity of the values between the two groups

in sigma band and finally, in gamma band, control values were clearly higher than

ADHD. In Dur epoch of delta band a distinction was almost visible among channels

between the two groups. This distinction disappeared in Pre and Dur and in all the

three epochs of sigma band, where Kiin and Kiout presented the same range values

between the two groups. In gamma, fig K showed a clear distinction between the
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Figure 4.6: Bars indicate the mean number of connections for each band in the three
epochs (pre - red, spindle - green and post - blue) of both groups and the vertical lines are
the relative standard deviations. Asterisks highlight significant statistical differences between
the two groups, meanwhile horizontal lines indicate differences among the epochs within each
group.

two groups in all the three epochs of all Ki channel values.

The application of PCA to the mean value of Kiin and Kiout, calculated as the

average values of all channels for each subject and epochs, highlighted that the first

two new components could differentiate the two groups. PCA significant results were

found on K values of gamma band (Fig 4.8) of all epochs. The initial components

were 6 and the application of PCA highlighted the possibility to divide the two

groups, with the first two new components, by using a linear Fisher discriminant.

There were few statistic differences in theKiin andKiout values of single channels

(Fig. 4.9). In Dur of delta band, most of the significances were presented in channels

of the right hemisphere (Fp2 and F4 for Kiin, P4, T6 and O2 in Kiout) and only

in O1 for Kiin and in Fz, P3 for Kiout, with ADHD values greater than control in

all channels. Also in delta Pre, Kiin highlighted differences in channels of the right

hemisphere and only in T5 of the left one, meanwhile only p-value of C3 inKiout were

under the significant threshold (0.05), with Ki values (both in and out) of ADHD

higher than control. Post epoch showed, on the contrary, significant differences in

67



4. Results

Figure 4.7: Representations of Kiin values plotted versus Kiout in delta, sigma and gamma
bands for all epochs. Red triangles represent channels of control, blue circles represent chan-
nels of ADHD.
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Figure 4.8: Representation of the first two components resulted from PCA on gamma band.
Blue circles represent Control, while red triangles represent ADHD subject. Black line is the
Fisher linear determinant evaluated as K + L(1)x1 + L(2)x2 = 0

left hemisphere (T3 in Kiin and T5, O1 in Kiout) and in middle line of Kiout (Fz,

Pz). Very few differences were in Pre (Fp2, P4 for Kiin, F4 for Kiout) and Dur

(T3, Cz, P4 for Kiin, T6 for Kiout) epochs of sigma band, with ADHD degrees

greater than control, and none in Post epoch, meanwhile gamma band presented

the greatest number of significances. In particular was noteworthy that values of

Ki in gamma band (both in and out) were lower in ADHD in respect of control,

which was completely in opposition with the findings of other bands. There were

no differences focusing in a particular cerebral area, but almost channels presented

p-values under the threshold (Fig. 4.9).

Betweenness centrality showed few statistical differences between the two groups

in almost all bands except for beta, where no differences were found, and gamma

in which almost all channels statistically differed between ADHD and Control. An

interesting result was that each epoch presented differences in particular region

channels. Dur epoch showed differences in frontal channels, indeed significances

were found in F8 of delta band, Fp2,F7 and C3 of theta band, F7 in sigma and alpha

band. Meanwhile Pre epoch significances were concentrated in parietal regions with

P3 in delta band and Pz in theta and sigma bands (no significances in alpha band).

Finally, in Post epoch C4 was different between the two group in delta, in sigma
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Figure 4.9: Heads of Delta and Gamma band, containing statistical differences of Ki
values, both in and out, between the two groups. Magenta circles means ADHD Ki values
higher than Control, green means ADHD values lower than Control.

only T4 differed statistically while in alpha significances were in P4,T4,T5 and O2.

All the significances had higher values in control group in delta, theta and sigma in

all the three epochs and in Dur epoch of alpha, while in all epochs of gamma band

and in Post epoch of alpha band there was an inversion with ADHD betweenness

values greater than control.

The betweenness meaning is the number of shortest path length that passes over

a specific channel, thus in light of these results, it seems that parietal regions plays

a fundamental role for transmitting information in Pre epoch and central in Dur.

The analysis of the differences in maximum betweennees values of channels did not
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show significant differences between the two groups in any particular region.

4.2.2 Cluster and Path length

Ci values highlight significant differences between the two group in Pre and in

Post epochs of delta and gamma bands, and in Dur epoch of all bands (Fig.4.10).

In gamma band, cluster values of Control were greater than ADHD in almost all

channels, meanwhile in other bands valuer were higher in ADHD. The evaluation

of topography did not highlight significances of one particular area, but showed a

more generalized difference of all brain activity between the two groups.

Figure 4.10: Heads highlighting statistical differences of Ci values between the two groups.
Blue circles means ADHD Ci values higher than Control, red the green means ADHD values
lower than Control.

C mean values highlighted statistical differences, both between groups and among

epochs, in delta, sigma and gamma (Fig. 4.11). C were higher in ADHD than con-

trol in all epochs of delta and sigma band with a maximum peak in Dur of sigma
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Figure 4.11: Mean values of C and L respectively, for each epoch in delta, sigma and
gamma bands. Red triangles are Control’s values, blue circles are ADHD values. Vertical
bars on the markers show the standard deviation of the values. Asterisks represent the
significant differences between the two groups, black lines above (control’s significances) or
below (ADHD’s significances) the markers show statistical significances between epoch. No
statistical differences were present between Pre and Post in none of the bands.
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band in respect of other epochs. On contrary, values in gamma band were oppo-

site with ADHD values lower than control. Delta and gamma bands C values were

significantly different between the two groups in all the three epochs, in addiction

delta presented also an intra-group differences in ADHD between the Pre and Dur

epochs. Significances in sigma were found intra-group, between both Pre vs Dur

and Dur vs Post epochs in both groups.

Same significances of C were found in L values, but L values were opposite.

Indeed, L were lower in ADHD than Control in delta and sigma, with a minimum

peak in Dur of sigma band, and higher in gamma.

The results of graph analysis have been submitted to PNAS journal [pub5].
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4.2.3 Discussion

The main difficulty of this work was the application of thresholds to weighted con-

nectivity matrices. In literature, there is a lack of standard methods to calculate a

threshold [114, 122] for connectivity matrices. The surrogate data method,commonly

used in literature, was applied in order to obtain a distribution of each group and

epoch of the connectivity values. This methodology is based on phase randomiza-

tion and bootstrap procedures [123, 124, 125, 126]. In addition, the thresholds were

chosen as the mean value of the distributions to minimize the loss of information.

One of the limits of this method was the degrees of freedom for choosing the

threshold that has to be defined by some standards, still not present in literature.

One more difficulty was the lack of results in the literature about sleep connectivity,

because most of the studies about connectivity in ADHD have been carried out in

resting state, with or without a task to perform, and by means of fMRI instead of

EEG. Only a few research articles [127, 128, 129] discuss functional connectivity in

sleep microstructure and the specific case of sleep spindle. However, there has been

a growing interest in this specific sleep activity because, as above mentioned, the

variations of spindles correlate with several neuropathologies, e.g. stroke, epilepsy,

ADHD. Therefore, investigations in this field could significantly contribute to a

better knowledge and, ultimately, a better diagnosis of these neurodiseases.

The functional connectivity analysis comparing EEG epochs before, during and

after spindles, was assessed with the intention of looking for indicators of brain

dynamics differences in terms of time-variability and different adaptability of neural

networks after a peculiar activity as the spindles.

The assumption that spindles are significantly affected during the sleep activity

is confirmed by the results presented in this thesis. The reported results highlighted

a significant variation between the spindle epoch and the other considered epochs.

For example, connection number increases in Dur in almost all bands, except delta

and gamma in the two groups, C had a maximum and L a minimum in Dur epoch

in almost all bands. The studies that analyzed connectivity measures in ADHD are

usually carried out in resting state or after a task [130, 131], it was not possible

to compare the results because resting state and sleep are completely different in
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neurophysiological way.

Although the punctual comparison of this result with literature has not been

possible, some studies reported right brain disruption in children with ADHD [132,

133, 134]. It has been discovered that the right hemisphere of ADHD children has

lower volume, and in particular the distribution of gray and white matter may be

altered in the frontal lobes. These findings are in line with Ci results. Indeed,

single channel cluster values were significantly higher in ADHD than control in left

hemisphere of theta, alpha and sigma band that means an higher integration of the

left hemisphere in respect of control. This kind of integration could be the remedy

of the right hemisphere lack.

Moreover, delta and gamma band highlighted the most number of significances

between the two groups in all others graph metrics and showed opposite trends.

Indeed, C was greater and L was lower in ADHD in delta, meaning a better local

integration and lower capacity of long distance information transmission, whereas

the contrary was found in gamma band. Same opposite trend was found in the

Kiin verses Kiout, in delta bands, ADHD had higher values than control, on the

contrary in gamma band ADHD showed lower values. Even if the analysis of Ki

did not highlight a particular topographic pattern of each group and epochs, its

values in gamma band were distinctive between the two groups. In particular their

distinctive behaviour has been evaluated and the ability to discriminate the two

groups has been confirmed by PCA.

The results derived from graph theory are very promising since they show signif-

icant differences between the ADHD group and the controls. Variations of spindles

can therefore be considered in correlation with neurodiseases. The proposed method-

ology and the results presented in this thesis pave the way to the application of this

approach to this specific sleep activity. It is desirable that future works shed more

light on several neuropathologies with an enhanced characterization of spindles.
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Conclusions

This doctoral thesis aimed at evaluating temporal and dynamic changes of spindles

activity and to assess their differences between ADHD and healthy subjects. The

goal has been reached through the studies conducted by means of spectral analysis

as well as applying graph metrics for the brain connectivity analysis during sleep.

The results highlighted the efficacy of the new approach in which dynamic varia-

tion in brain activities are analyzed before, during and after the spindle. This work

proposes an automatic algorithm based on power spectral analysis for the definition

of the aforementioned three epochs. The choice of analyzing different epochs was

induced by the will of evaluating the changes caused by the spindles. The varia-

tions, that arose in almost all parameters among the comparison of different epochs,

showed how spindles cause a modification of the basic activities present during sleep

both in terms of spectral power and connectivity in both groups. Indeed, the signif-

icances were mostly present between the Dur epoch and both Pre and Post epochs,

with Dur power values grater than other two epochs in both groups and in particular

in the high frequency bands (α, β, and σ). Furthermore, the comparison between

the two groups showed that the differences were concentrated in the left hemisphere

with lower power values in ADHD group in almost all analyzed bands.

The graph analysis highlighted most of the differences in delta and gamma band

whether in connection number and other graph metrics (cluster values, path length

and node degrees). In particular, the results raise attention to the gamma band

for KiIN and KiOUT parameters which allowed the better classification of the two

group. This result is in line with recent studies that underlines how the activities

present in this band have a cognitive meaning, thus being able to describe and

differentiate some neuropsychiatric disorders.
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The small number of subjects is a limit of this study, but the results could be

considered a starting point for further studies in order to evaluate graph metrics,

and in particular their values of gamma band, as a biomarker of the pathology.

Moreover, the degrees of freedom for choosing the threshold to apply on the

connectivity matrices have to be standardize and limited, for the purpose of defining

and simplifying a definitive commonly use methodology.

The results of this doctoral thesis allow to add a stone in understanding the

dynamic variation of the spindles during sleep and support the possible introduction

of quantitative spectral and connectivity EEG hallmarks as a complementary tool

to the traditional reading of the EEG tracks and to the clinical evaluation of ADHD.

Possible future perspective could be the application of the described methodology

to other pathologies and the every day clinical use of PSD and Graph parameters

for supporting the doctors in the diagnosis.
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