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I

Introduction

The brain is the most complex organ of the human body. Billion of nerve cells, the

neurons, transmit and receive information from other neurons. Therefore, this massive

information exchange creates a functionally interconnected network, which is respon-

sible for every process that regulates our body.

During the last century, the development of several brain imaging techniques has pro-

vided new tools for capturing information about the structure and functions of the

brain, useful in both clinical applications and cognitive neuroscience. Among these

techniques, one of the most popular is electroencephalography (EEG), which records

brain electric activity by means of electrodes placed on the scalp. EEG is widely

employed because it is a non-invasive tool, easy-to-use, portable and relatively low

cost. For years EEG has been recorded by a few number of electrodes according to

the International 10-20 system. Nowadays, the limited spatial resolution of standard

EEG can be improved using High-Density EEG (HD-EEG) systems, which include

up to 256 electrodes.

The localization of brain sources from EEG data is a very important matter to under-

stand brain physiology and highlight any alterations in the presence of pathological

conditions. Source localization consists in solving the so-called EEG inverse problem.

Over the years, researchers have developed many methods for solving it.

In particular, this thesis focuses on the LORETA (Low Resolution Electromagnetic

Tomography) method, which is one of the most accurate technique for brain source lo-

calization. Specifically, the first objective of the present work is to employ LORETA for

investigating three different neurological diseases: Alzheimer’s Disease (AD), gliotic

lesions and stroke. The second objective is to compare the results obtained applying

LORETA to standard EEG and HD-EEG.



2 I Introduction

I.1 Thesis outline

The structure of this thesis can be summarized as follows:

• Chapter 1: this chapter describes the basics of the anatomy of the human brain

and its main functions. Then, the electroencephalography is described and both

standard EEG and HD-EEG montages are shown.

• Chapter 2: this chapter introduces the EEG inverse problem and its resolution. In

particular, the chapter focuses on the description of the LORETA method and the

most recent algorithms belonging to this family of inverse solutions (sLORETA and

eLORETA). Finally, a literature review of the findings about LORETA applied to

HD-EEG is presented.

• Chapter 3: this chapter describes the activity research, conducted during the PhD

course, by means of LORETA, applied to both standard EEG and HD-EEG data.

Specifically, first the studies that investigate the brain active source reconstruction

and the functional connectivity in Alzheimer’s disease are presented. Then, an

application of LORETA in the case of gliotic lesions is described. Finally, a study

about stroke is reported.

• Chapter 4: this chapter addresses conclusions and future developments.

I.2 List of publications

The studies described in this thesis have been published in different journals. The list

of all publications produced during the PhD course is provided below.

Journals

• Dattola, S., & La Foresta, F. (2020). An eLORETA Longitudinal Analysis of

Resting State EEG Rhythms in Alzheimer’s Disease. Applied Sciences, 10(16),

5666.

• Formica, C., De Salvo, S., Micchìa, K., La Foresta, F., Dattola, S., Mammone,

N., ... & Bramanti, A. (2020). Cortical Reorganization after Rehabilitation in a

Patient with Conduction Aphasia Using High-Density EEG. Applied Sciences,

10(15), 5281.

• Dattola, S., Morabito, F. C., Mammone, N., & La Foresta, F. (2020). Findings

about LORETA Applied to High-Density EEG—A Review. Electronics, 9(4), 660.

• La Foresta, F., Morabito, F. C., Marino, S., & Dattola, S. (2019). High-density

EEG signal processing based on active-source reconstruction for brain network

analysis in alzheimer’s disease. Electronics, 8(9), 1031.
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Book chapters
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Electroencephalography

1.1 Introduction

Brain imaging refers to several techniques which map the structure and functions

of the brain, used for investigations in cognitive neuroscience and clinical applica-

tions. These techniques include, among others, positron emission tomography (PET),

single photon emission computer tomography (SPECT), functional magnetic reso-

nance imaging (fMRI), magnetoencephalography (MEG) and electroencephalography

(EEG). Imaging techniques differ according to several factors, such as spatial and

temporal resolution, invasiveness and cost [1]. In particular, EEG is a non-invasive

diagnostic tool which records the electrical signals, generated by neurons, from elec-

trodes placed on the head surface. For its non-invasiveness and its relatively low cost,

over the years EEG has become a powerful instrument successfully employed in dif-

ferent fields, such as neurosurgery, neurology, and cognitive science. As the results

reported in this thesis are based on EEG data processing, this Chapter provides an

overview of the brain anatomy and its main function (Section 1.2), and describes

electroencephalography (Section 1.3).

1.2 Anatomy of the brain

The brain is the main organ of the central nervous system and is located inside the

skull. The nervous tissue is made up of about 86 billion neurons, organized in a very

complex network. The brain consists of three structures: the cerebrum, the cerebellum

and the brain stem (Figure 1.1).

The cerebrum is separated from the other parts of the brain by a horizontal plane

going through the upper surface of the cerebellum. It represents the largest part of

the brain and is responsible for extremely complex functions, including processing

information from the sense organs (sight, hearing, taste, touch, smell), producing
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language, and controlling movement. Emotions, reasoning and learning also originate

in the cerebrum. The cerebrum is divided by the longitudinal fissure into the left and

right cerebral hemispheres. The corpus callosum connects the two hemispheres. Each

hemisphere controls the opposite side of the body and is divided into four main lobes:

frontal, temporal, parietal, and occipital (Figure 1.1). Each lobe is related to different

brain functions. In particular:

• Frontal lobe: its main functions are related to body movements, language, planning

and problem-solving skills, behavioural and emotional control.

• Parietal lobe: it combines the sensory information such as touch, temperature and

pain from the skin. It is also involved in language processing and spatial perception.

• Occipital lobe: it includes most of the anatomical regions of the visual cortex so it

is involved in visual-spatial processing, colour recognition and motion perception.

• Temporal lobe: it controls auditory and visual memories, language comprehension,

speech and emotion association.

The outer layer of the cerebrum is the cerebral cortex. Its thickness is between 2 and 4

mm – it is thinner in the primary sensory areas and thicker in the motor and associa-

tive areas. The characteristic folded structure of the cortex increases the surface area

and thus the space available. Each fold is referred to as a "gyrus", and each groove

between the folds as a "sulcus". The Brodmann map is the most used cortical map,

which divided the cortex into 52 areas on the basis of the cytoarchitectural organiza-

tion of neurons (Figure 1.2).

The cerebellum is located just below the brain. It is involved in the coordination of

movements, equilibrium, the ability to maintain an upright position and correct pos-

ture, and the ability to pay attention.

The brain stem includes the midbrain, the pons and the medulla oblongata, and con-

nects the brain and the cerebellum with the spinal cord. It regulates many automatic

functions, including breathing, heartbeat, digestion, thermoregulation, sleep-wake cy-

cles, involuntary stimuli (sneezing, coughing, vomiting).
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Fig. 1.1: Overview of the brain.

Fig. 1.2: Brodmann areas. (Source: Adapted by Bernard J. Baars from M. Dubin,

with permission; drawn by Shawn Fu.)

1.3 Electroencephalography

Electroencephalography is a technique used for recording the brain electrical activity

from electrodes placed on the scalp. It was introduced by Hans Berger, who recorded
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the first human EEG in 1929, and described for the first time the alpha and beta

waves [2]. EEG measures the potentials generated by large populations of neurons in

the brain. The electrical activity can be spontaneous, the consequence of a stimulus or

caused by the execution of any task. In order to generate a measurable EEG, a large

number of simultaneously active neurons are needed. The electric potentials generated

by neurons can be represented by dipoles. The EEG signal recorded by a single elec-

trode does not only arise from the electrical activity of the regions underlying it—in

fact, it detects the contribution of all sources, due to the conductivity of the scalp and

the tissues. Consequently, the use of a realistic head model is fundamental to making

EEG analysis more accurate [3]. For its non-invasiveness and its relatively low cost,

over the years EEG has become a valuable tool for studying the brain. Because of

its excellent temporal resolution, on the order of milliseconds, EEG is well-suited to

analyze the dynamics of brain functions; on the other hand, EEG has a modest spatial

resolution.

EEG pre-processing is a very important step in EEG signal analysis. The EEG is af-

fected by unwanted components, called artifacts, which can have a physiological origin

(eye artifacts, muscle artifacts) or derive from instrumentation (movement of cables,

material used as a conductive gel between the electrodes and the scalp). Therefore,

after the signal acquisition, the various types of artifacts have to be identified and

removed by means of rejection methods based on automatic or visual detection [4].

Another crucial issue concerns the reference electrode. As it is known, the EEG con-

sists of a relative measurement, not an absolute one, because it detects the potential

differences between two points. The properties of the reference, determined by its

physical position or by the calculation method, affects the EEG measurements [5, 6].

When a large number of electrodes is employed, it would be advisable to use the av-

erage reference, according to which the signal of each electrode, acquired in physical

reference, is referred to a virtual value resulting from the average of the signals coming

from all the electrodes [7].

1.3.1 EEG rhythms

The EEG signal band ranges from about 1 to 50 Hz, although the largest amount of

information content is typically found within 30 Hz. The signal amplitude is between

10 and 100 µV. The EEG frequency band is usually divided into sub-bands (delta

(δ), theta (θ), alpha (α), beta (β)), which are related to specific physiological and

functional states of the brain (Figure 1.3) [8]:
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• δ band (0.5–4 Hz): delta waves are the slowest waves. They are normally present in

babies. Delta rhythm is also detected in adults affected by certain brain disorders

(brain lesions, encephalopathies, epilepsy). Moreover, delta waves are typical of

non-REM sleep (slow-wave sleep);

• θ band (4–8 Hz): theta waves are dominant in young children and also occurs in

the first stage of sleep (in healthy subjects);

• α band (8–13 Hz): alpha waves appear in waking and resting state conditions.

They differ in slow (8–9 Hz), intermediate (9–11.5 Hz) and fast (11.5–13 Hz)

alpha waves, with an average voltage of 40–50 µV. Alpha rhythms are commonly

observed in the posterior brain region;

• β band (13–32 Hz): beta waves are dominant in a subject with open eyes during

intense brain activity. Beta waves are also present in alert state and in REM sleep.

Beta rhythm is divided into slow beta (13.5–18 Hz) and fast beta (18.5–32 Hz),

with a voltage of about 10–15 µV.

Fig. 1.3: EEG sub-bands.

1.3.2 EEG montages

The two following subsections describe the most commonly used systems for the

electrode arrangement on the scalp.

Low-density EEG

For years, the position of the electrodes on the head surface was set according to

the International 10–20 System [9]. Electrode placement is based on four reference
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points on the head surface: nasion, inion, left and right preauricular points. “10–

20” refers to the distance between adjacent electrodes, that is 10% or 20% of the

length inion-nasion and left-right preauricular points. The use of percentages instead

of fixed distances allows to preserve the correspondence between the electrodes and

the underlying brain areas, whatever the size of the head [10]. Each location site

is associated with letters and numbers. Fp, F, C, P and O denote the frontopolar,

frontal, central, parietal and occipital areas, respectively. Even numbers indicate the

right hemisphere, odd numbers the left one, and “z” identifies the midline (Figure

1.4). The maximum electrodes number is 21.

Fig. 1.4: Electrode location on the scalp according to the 10–20 system [10]. (A)

Lateral view of the skull. (B) Superior view of the skull.

High-density EEG (HD-EEG)

Over the years, the sampling of the scalp potential has been a matter broadly dis-

cussed by many researchers [11]. A correct spatial sampling, in fact, is essential to

avoid aliasing and mislocalization of the sources [12]. In 1985, Chatran et al. proposed

the 10–10 system, which is made up of 81 electrodes [13]. It was obtained adding 60

supplementary electrodes to the 21 of the 10–20 system (Figure 1.5a). After some

modifications it became the standard of the American Clinical Neurophysiology Soci-

ety and the International Federation of Clinical Neurophysiology. Later, the results of

several studies showed that the interelectrode distance should be between 1 cm and

3 cm, which implies the use of at least 100 electrodes [14–16]. Therefore, a further

extension of the 10–10 system was introduced, the so-called 10-5 system, which con-
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sists of 345 electrode locations [17] (Figure 1.5b). However, today the EEG acquisition

systems on the market include no more than 256 electrodes.

(a) (b)

Fig. 1.5: (a) Electrode positions in the 10–10 system; light blue circles denote the

10-20 electrode positions. (b) Electrode positions in the 10-5 system; dots indicate

the positions added to the 10–10 system.
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EEG Source Localization

2.1 Introduction

Estimating the location of sources generating the electric signals is a key issue for

diagnosing pathological conditions in the brain. As for the clinical applications, EEG

source localization has been widely used in epilepsy, for detecting the epileptogenic

zones generating seizures. The localization of brain sources is also the first step for

functional connectivity analysis, useful for monitoring the evolution of neurodegener-

ative disorders, such as Alzheimer’s Disease. Moreover, EEG source localization has

become a common procedure for detecting the brain areas activated as a result of

performing specific tasks. Finally, although to a lesser extent, psychiatric disorders

have been investigated by means of EEG source localization methods.

Reconstructing the distribution of the current density starting from EEG measure-

ments is termed as EEG inverse problem. During the last two decades, LORETA

(Low Resolution Electromagnetic Tomography) has been one of the most employed

algorithm for the brain source localization, turning out to be a promising tool in

several clinical fields. In Section 2.2 the formulation of the EEG inverse problem and

the LORETA method are presented. Section 2.3 provides a literature overview of the

results achieved by applying LORETA to HD-EEG.

2.2 EEG inverse problem

The localization of active brain sources is a very important matter concerning the

EEG. This issue is termed as EEG inverse problem. Generally speaking, the inverse

problem consists of two phases, namely an estimation problem and an evaluation

problem: it can be considered as a combination of what needs to be estimated and

the relationship between the estimated models and the real ones. The activation of a

configuration of known brain sources generates a well-defined electric and magnetic
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field. Therefore, it is possible to predict the potential differences recorded on the scalp

from the current densities of the sources. This is the so-called forward problem, which

provides a unique solution. On the other hand, the inverse problem is an ill-posed

problem: it does not produce a unique solution because more than one combination

of simultaneously active sources can generate the same electric field on the head sur-

face. Therefore, in order to estimate the locations of the sources from the potential

differences on the scalp, some biophysical and mathematical constraints must be im-

posed [18]. Regardless of the method employed, over the years the improvement in

source localization accuracy using HD-EEG systems has been proved by several stud-

ies [19–21]. Moreover, analyzing simulated EEG data, it was shown that the accuracy

in source localization was better when the sensors were distributed on the whole head

surface (not only the superior head regions) [22].

The algorithms for solving the EEG inverse problem can be classified in two main

groups—parametric and non parametric methods [23]. The parametric methods as-

sume that the EEG signals arise from a small number of point sources, whose location

and orientation are unknown: in this case the number of dipoles is chosen a priori

(Equivalent Current Dipole approach).

Over the years, these kind of algorithms are being replaced by the introduction of the

non parametric methods, which assume that several sources with fixed positions are

distributed across the brain volume (Distributed Source Models approach). Among

the latter methods, the minimum norm estimate was the first one which produced

an instantaneous, distributed, discrete, linear solution, but it showed a misplacement

of deep source onto the outermost cortex [24]. The issue of large localization errors

was solved with the introduction of the Low Resolution Electromagnetic Tomography

(LORETA) [25].

2.2.1 LORETA

LORETA, introduced in 1994, represented an innovative method in the field of high

temporal resolution neuroimaging, since it allowed a three-dimensional reconstruction

of the brain electrical activity distribution and proposed a linear solution to the inverse

problem, valid from the neurophysiological point of view [25]. The brain volume is di-

vided in a three-dimensional grid, made up of 2394 voxels at 7 mm spatial resolution.

LORETA uses a three-shell spherical head model registered to the Talairach human

brain atlas [26]. Each source has a fixed position on a grid point (voxel) and is defined

by a current density vector with unknown components. The intensity and direction

of the electrical activity at each point determine the electromagnetic field measured
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on the scalp. The solution space is restricted to grey matter and hippocampus. From

a physiological point of view, the solution takes into consideration that neighboring

neurons have a higher probability of being simultaneously active. Hence, the model

assumes that nearby points have a certain probability of being synchronized (in terms

of orientation and intensity) as compared with points distant from each other. Among

the possible infinite reconstructions of the active generators, starting from a set of

data recorded on the scalp, LORETA chooses the smoothest. Mathematically, this is

performed by using a discrete spatial Laplacian operator. As a consequence, LORETA

has a relatively low spatial resolution since produces blurred images, maintaining the

location of the maximal activity, but with a certain amount of dispersion. Neverthe-

less, its average localization error is only one grid unit. Compared to other methods

for solving the inverse problem, LORETA has shown a greater accuracy in localizing

deep neuronal sources [27].

The general inverse problem can be expressed as [28]

min
J
FW (2.1)

with

FW = ‖Φ−KJ‖2 + αJTWJ (2.2)

where Φ ∈ RNEx1 is the vector of the electric potential differences measured at NE

electrodes with respect to a single common reference electrode; K ∈ RNEx(3NV ) is

the lead field matrix corresponding to Nv voxels; J ∈ R(3NV )x1 is the current density;

α > 0 is the Tikhonov regularization parameter [29]. It is assumed that the EEG

measurements and the lead field are average reference transformed.

The solution is

ĴW = TWΦ (2.3)

where TW is the pseudoinverse, given by

TW = W−1KT (KW−1KT + αH)+ (2.4)

The matrix H is the average reference operator. For LORETA, the matrix W denotes

the squared spatial discrete Laplacian operator.

2.2.2 sLORETA

A few years later, the authors of LORETA proposed a new method, called Standard-

ized Low Resolution Electromagnetic Tomography (sLORETA), based on the noise

normalized current density approach [30]. This method no longer uses the Laplacian
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operator and is based on the standardization of the current density [31]. In particular,

the current density estimation is obtained using the minimum norm solution and is

standardized by means of its variance. In this case, unlike the Dale method [30], the

variance considers not only the noise caused by the EEG measurements but also the

biological noise deriving from the actual sources. So, the electric potential variance is

SΦ = KSJKT + SΦ
Noise (2.5)

where SΦ
Noise is the variance of the noisy measurements and SJ is the variance of the

current density. According to the Bayesian point of view, the actual source variance,

that is the current density variance (prior), is equal to the identity matrix. Therefore,

the variance of the estimated current density can be written as

SĴ = TSΦTT = T(KKT + αH)T
T
= KT [KKT + αH]+K (2.6)

Finally, sLORETA is given by the estimates of standardized current density power:

σT
v σv = ĵTv [SĴ ]

−1
v ĵv (2.7)

where [SĴ ]v is the vth 3 × 3 diagonal matrix in [SĴ ].

In sLORETA a more realistic head model is used, applying the boundary elements

method (BEM) to the MNI152 template [32]. Unlike LORETA, the brain volume con-

sists of 6239 voxels at 5 mm spatial resolution. The simulations showed that sLORETA

has zero localization error in ideal (no-noise) conditions and the lowest localization

error as compared with the minimum norm and the Dale methods in the presence of

measurement and biological noise [31].

2.2.3 eLORETA

The need to further reduce the localization error led to the formulation of the Ex-

act Low Resolution Electromagnetic Tomography (eLORETA) algorithm. eLORETA

introduced a weight matrix which takes the deeper sources into account in a more

adequate way [33]. The eLORETA solution is computed by Equation (2.4), where the

weight matrix W has the following expression:

Wv = [KT
v (KW−1KT + αH)+Kv]

1/2 (2.8)

The matrix Wv ∈ R3×3 is the vth diagonal subblock of W. eLORETA is a genuine

inverse solution with zero localization error in the presence of measurement and struc-

tured biological noise.

eLORETA outperforms sLORETA in terms of resolution and localization error, as re-

ported in [34]. In particular, seventeen subjects underwent a visual stimulus and the
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corresponding ERP data were collected by 25 electrodes. The active source reconstruc-

tion was performed with both sLORETA and eLORETA methods. The comparison

between the resulting images at four different time instants showed that eLORETA

removes less significant sources and generates less blurred images as compared with

sLORETA.

2.3 LORETA applied to HD-EEG: a review

Recently, high-density montages have been employed for recording the EEG signals,

in order to improve the low spatial resolution deriving from the traditional EEG

systems. The next subsections focus on the LORETA method applied to HD-EEG,

classifying the results according to their clinical application.

2.3.1 Event-Related Potentials (ERP)

Event-Related Potentials (ERPs) are electrical signals time locked to sensory, motor

or cognitive stimuli, which reflect the timing of the information processing in the

brain. ERP waveforms (components), described on the basis of their amplitude and

latency, provide useful information about sensory, cognitive and emotional processes

both in healthy and brain-injured subjects. In this section we focused on the results

about the localization of ERP neuronal sources in healthy subjects.

In the study reported in Reference [35], ten healthy subjects performed a visual task,

which consisted in discriminating between a perspective drawing of an object existing

in the 3D world (possible object) and perspective drawing of an object which can not

exist in the 3D world (impossible object). The EEG were recorded by 72 channels.

A significant difference between possible and impossible conditions in current density

was found in the right inferior fusiform gyrus, suggesting that this region is involved

in cognitive processes of discrimination between spatially possible and impossible ob-

jects.

The word repetition effects on the implicit memory were investigated in Reference [36].

Thirteen healthy subjects underwent a lexical decision task, in which word and non-

word (speech sounds without meaning in Korean) were visualized on a computer

monitor. Some of the words were repeated after 1–5 intervening words. The ERP

elicited during the task were recorded by 128 electrodes and the ERP sources were

reconstructed by LORETA, using a realistic head model based on individual MRI.

The statistical analysis revealed that the sources produced by old words (i.e., repeated

words) showed a significant current density reduction, in comparison to the new words,
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in the left inferior frontal gyrus, suggesting that the activity of the left inferior frontal

area is associated with word repetition effects. The study in Reference [37] focused on

the anticipatory neural responses to heat stimuli and the modulation of brain activity

caused by the expectation of pain. Before receiving laser heat stimuli at three differ-

ent intensities (low, medium or high), fifteen healthy subjects visualized a cue word

that predicted the heat intensity (certain expectation) or not (uncertain expectation).

The source reconstruction, starting from 61-channel EEGs, showed that the uncer-

tain condition, compared to the certain condition, produced a greater activation in

the left dorsolateral prefrontal cortex (DLPFC), posterior cingulate cortex, left (con-

tralateral) inferior parietal cortex and right superior frontal gyrus (SFG), which are

associated with attentional function (including somatosensory and pain functions).

Conversely, there was an increased activity for the certain condition (relative to the

uncertain condition) in the left inferior frontal and inferior temporal cortex, and right

anterior prefrontal cortex, involved in prospective memory functions.

Lamm explored the N2 ERP component, associated with cognitive control, in two

works. In the first one [38], seventeen children executed a go/no-go task with two

different stimuli deriving from non-affectively (neutral) charged pictures and affec-

tively charged pictures. The LORETA reconstruction, performed on 64-channel EEGs,

showed that the DLPFC, a region related to cognitive control, was more active in the

affectively charged picture condition as compared to the neutral picture condition.

In the second study [39], the author explored the behavioral inhibition (BI) in 106

seven-years old children. In this case, children performed a go/no-go task presenting

only neutral pictures. The analysis of the estimated sources, starting from 64-channel

EEGs, revealed that BI produced a greater activity in the DLPFC and the dorsal

anterior cingulate cortex (dorsal ACC).

Meyer and colleagues studied the brain activity involved in semantic processing [40].

The source localization of responses to stimuli, represented by semantically congruent

and incongruent audiovisual speech and body actions, was computed starting from

128-channel EEGs of eleven subjects. The analysis of results revealed that the sources,

reconstructed for different time windows, were located in the occipital/posterior tem-

poral area in the early activation (before 120 ms after stimulus). From 180 to 420 ms,

the activation involved different regions simultaneously, including the inferior frontal,

superior temporal, parasagittal and superior parietal areas. This outcome was con-

sistent with models which place parallel processing of complex action sequences in

frontal, temporal and parietal areas. Late activity (after 460 ms) was mainly concen-

trated in the inferior-frontal areas.
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Tremblay and Vannasing studied the differences between the development of the par-

vocellular (P) and magnocellular (M) visual system of 33 healthy preterm and 41

fullterm infants [41]. More specifically, the participants underwent visual stimuli for

investigating the visual evoked potentials, in particular the N1 and P1 components.

The EEG were recorded by 128 electrodes at 12 months of age. In response to stim-

uli which stimulated preferentially the M system, a greater activity was detected in

the dorso-parietal region in fullterm infants, corresponding to a mature M pathways

response, as compared to preterm babies. On the contrary, there was no difference in

brain sources between the groups for the P system. These outcome suggested a normal

development of the P pathway in the preterms, whereas the M system was not yet

mature at 12 months of age. The study explained in Reference [42] explored the age

and gender differences obtained from three ERP components: the mismatch negativity

(MMN), the P300 and the N400. 27 young adults and 18 elderly underwent an oddball

task and HD-EEG were acquired by 256 electrodes. There was a statistically signif-

icant age-related difference in lantencies and amplitude of the MMN and the P300.

From the source reconstruction done by sLORETA, in the case of P300 emerged that

the maximum current density is in the frontal lobe for the young subjects whereas

it is in the temporal lobe for the elderly group. There was also a decreased activity

with aging. As for the gender analysis, in the young group the MMN and the P300

component maximum current density is similar for both gender, even if it is located

in the frontal lobe in female and in the temporal lobe in male. Finally, as for the

N400 component, females have almost the half maximum intensity as compared to

age matched males. Tsolaki and colleagues explored neural activation during emotion

processing [43]. The study involved 22 adult females, 11 young and 11 elderly. Images

of facial expressions of fear and anger were presented to the participants while a 256-

channel system was recording their EEG. The analysis of the N170 ERP component

revealed a significantly higher amplitude in the elderly for both emotions, especially at

the occipito-temporal sites. The brain source localization, conducted using sLORETA,

showed that during the N170 component, for both emotions, the maximum current

density of the difference wave between the young and the elderly subjects is located

in the same brain region, that is the limbic area. These findings indicated a deficit in

the limbic area due to aging during the emotional processing. Table 2.1 summarizes

the main features of each above-mentioned study.
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Table 2.1: Overview of the included papers about event-related potentials (ERPs).

Event-Related Potentials

Author
ERP

Component

Method Number of EEG
Electrodes

Head Model
LORETA sLORETA eLORETA

Shigemura (2004) [35] 0–500 ms X 72 template
Kim (2006) [36] 200–500 ms X 128 individual
Brown (2008) [37] P2 X 61 template
Lamm (2012) [38] N2 X 64 template
Lamm (2014) [39] N2 X 64 template
Meyer (2013) [40] N400 X 128 template
Tremblay (2014) [41] N1, P1 X 128 template
Tsolaki (2015) [42] MMN, P300, N400 X 256 template
Tsolaki (2017) [43] N170 X 256 template

2.3.2 Epilepsy

Epilepsy is a neurological disorder caused by abnormal electrical activity of brain

cells and characterized by recurrent seizures. Epilepsy can be classified into two main

categories—focal (partial) or generalized. In the first one, seizures derived from alter-

ations in a limited brain area; in the second one, both hemispheres are involved [44].

From the physiological point of view, epilepsy is associated with increased neuronal

synchronization. Therefore, the brain areas showing a rising activity may have icto-

genic property.

In the event of drug resistant focal epilepsy, the resective surgery is a valid therapeutic

option. In this case, the accurate localization of the epileptogenic zone to be removed

is a crucial issue. Recently, HD-EEG have improved the noninvasive evaluation of

epilepsy, confirmed by several studies.

Wang et al. studied the generators of the interictal spikes [45]. From the analysis of

7 patients, the authors proved that using a high-density montage with 76 electrodes,

the epileptogenic zones generating seizures were localized more accurately than a 31-

electrode EEG system. The localization error was defined as the shortest distance

between the LORETA maximum source strength and the resected zones. Moreover,

they investigated how the head modeling affected the high-density source localization.

They compared a realistic boundary element method head model and a three-shell

spherical head model. The results showed that the first one provided a statistically

significant lower localization error. These findings were confirmed by the surgical

resection outcome. In Reference [46] the authors considered four electrode configura-

tions (32, 64, 96 and 128) for studying five epileptic pediatric patients. The outcome

showed that the localization error of the epileptogenic foci decreased when the number

of electrodes increased. In particular, the most significant improvement was observed



2.3 LORETA applied to HD-EEG: a review 21

when going from 32 to 64 electrodes. The study explained in Reference [47] investi-

gated the attention impairment in temporal lobe epilepsy (TLE). Ten patients and ten

healthy subjects underwent an oddball paradigm while a 128-channel system was ac-

quiring their EEG. The source reconstruction of the P3b component was performed

by LORETA using a head model based on individual MRIs for each subject. The

analysis of results revealed a statistically significant lower current density for TLE

patients in the temporal areas and, to a lesser extent, in the frontal regions, as com-

pared to controls, in both auditory and visual oddball paradigms. The temporal and

frontal areas are involved in attentional processes, so TLE might cause a dysfunc-

tion of the attention system, as these results suggest. Birot and colleagues [48] based

their research on the study of the interictal epileptiform discharges. Thirty-eight pa-

tients with pharmacoresistant focal epilepsy were selected. They underwent HD-EEG

(128 or 256 electrodes) and intracranial recordings. The authors compared the local-

ization accuracy of the irritative zones deriving from three different head models: a

Locally Spherical Model with Anatomical Constraints (LSMAC), a Boundary Ele-

ment Model and a Finite Element Model, all of them obtained from the individual

MRI of the patients. Thirty-two subjects underwent surgical resection of the sup-

posed epileptogenic zones. For the 23 patients with a post-operative positive outcome

(Engel class I and II), at least in the 74% of cases the source maxima were within

the resected zone. Moreover, the authors computed the distance between the source

estimated by LORETA and the irritative zone defined by the intracranial recordings.

The results showed that the position of source maxima is very similar for all head

model (in 10% of cases the maximum is at the exact same position). A statistical

test confirmed that there was not a statistical significant difference between the dis-

tributions of distance across the head model. So this study proved that the choice

of one of the above-mentioned head model does not significantly affect presurgical

evaluation and clinical decision making. In Reference [49], the authors considered

forty-three patients with TLE, who underwent resective surgeries. In order to acquire

the EEG signals a 256-channel montage was used. The authors analyzed the localiza-

tion accuracy of the epileptogenic zone evaluated by means of LORETA and other

noninvasive methods (MRI, PET, cEEG, and semiology). The evaluation was car-

ried out by comparing results with resections that eliminated or significantly reduced

seizures. The outcome obtained with LORETA showed the best sensitivity and speci-

ficity. The study also revealed that the probability of postoperative seizure freedom

when the interictal epileptic discharges arose from one single source was significantly

better than the case of multiple sources. Moreover, it was more likely that patients
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were seizure-free after surgery when the localized sources were within the resected

zones as compared to sources outside resection (94.1% vs. 33.3%). These findings

suggested that source localization of the epileptogenic zone by LORETA could be a

good instrument for presurgical planning. Akdeniz [50] studied 15 patients with drug-

resistant focal epilepsy by means of 64 electrodes. As the above-mentioned papers,

the author used individual head model obtained from MRI images. 9 patients of 15

showed lesions on MRI; for the other 6, intracranial recordings were also performed

for the presurgical evaluation. The epileptogenic zone localized by LORETA agreed

with the resected area for 13 patients, who were seizure-free after surgery. For the

remaining two patients, an epileptogenic zone next to the resected area was found,

denoting that the epileptogenic zone had not been resected completely. This outcome

was supported by the fact that both subjects had seizures, although fewer, even after

surgery. Fifteen patients affected by intractable focal epilepsy took part in the study

proposed in Reference [51]. The recordings were made using 256 electrodes, except

for one patient for whom 128 electrodes were used. The analysis of results was based

on the concordance of the interictal and ictal source localization and the surgical

outcome, using individual head model (LSMAC). Starting from the 8 patients who

underwent resection surgery, the seizure onset zone was correctly localized in 5 of 6

patients who turned out to be seizure-free after surgery. For the sixth one (128 elec-

trodes) the localized ictal source was outside the resected zone. This could suggest the

need of a greater number of electrodes for achieving a correct localization. As for the

comparison between interictal and ictal localization, they were sublobar concordant

in 9 of 14 patients and agreed with MRI scans. For additional 4 patients there was

partially concordance because the interictal analysis showed more than one solution:

in these cases the ictal source corresponded with one of the detected interictal source.

In total there was concordance in 93% of cases. Kuo et al. [52] examined 84 seizures

in 12 patients with medically resistant epilepsy. Their aim was the localization of

the seizure onset zone by means of sLORETA starting from 256-channel EEG. The

accuracy of results were tested by comparing them according to one or more of the

following clinical criteria: epileptogenic lesions assessed from MRI imaging, seizure

onset detected in intracranial EEG and successful surgical outcomes. For the source

localization from HD-EEG individual head modeling were used, whereas the others

source analysis were carried out with the atlas head model. The number of seizure

onsets localized was 56 out of 84. For the lateralization measure, the results from

HD-EEG were more accurate than results from the 19-channel 10-20 EEG (100% vs.

50%). This trend was also confirmed for the sublobar concordance (90% vs. 40%).
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Finally, the seizure localization resulting from HD-EEG with ictal onset was better

than that deriving from the clinical interpretation of the interictal spikes (IIS). Table

2.2 summarizes the main features of each above-mentioned study.

Table 2.2: Overview of the included papers about epilepsy.

Epilepsy

Author
Method Number of EEG

Electrodes
Head Model

LORETA sLORETA eLORETA

Bocquillon (2009) [47] X 128 individual
Wang (2011) [45] X 76, subset: 31 individual
Birot (2014) [48] X 256, 128 individual
Sohrabpour (2015) [46] X 128, subset: 96, 64, 32 individual
Feng (2016) [49] X 256 template
Akdeniz (2016) [50] X 64 individual
Nemtsas (2017) [51] X 256, 128 individual
Kuo (2018) [52] X 256 individual

2.3.3 Alzeheimer’s disease

Alzheimer’s Disease (AD) is a neurodegenerative disorder which is the most common

cause of dementia. The first stage of the disease, called Mild Cognitive Impairment

(MCI), is a transition state between normal aging and dementia. However, the MCI

symptoms, above all memory problems, do not alter the everyday life significantly.

As the disease advances, people are no more able to take care of themselves. An early

diagnosis is essential but extremely hard because the first stage condition is often mis-

taken for normal aging. Most of the studies about LORETA and AD considered low

density montage EEG. The few works carried out on HD-EEG are reported below.

The study conducted in Reference [53] explored the effect of cognitive and physical

training on the deterioration of brain processes. Seventy MCI patients were divided

into five equally populated groups: long lasting memory (LLM), physical training

(PT), cognitive training (CT), active control (AC) and passive control (PC). LLM

performed physical and cognitive exercises, PT underwent only physical training, CT

carried out only cognitive tasks, AC group watched a documentary and answered a

questionnaire, and PC were not involved in any activity. The EEG were recorded

before and after the completion of the procedure (8 weeks), using 57 electrodes.

eLORETA computed the active source reconstruction for delta, theta, alpha, beta

1 and beta 2 bands. In order to perform the statistical analysis, the statistical non-

parametric mapping method was employed, implemented in an eLORETA software

package. From the comparison between the reconstructed sources before and after
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the procedure within each group arose that there were statistically significant differ-

ences only for the LLM group, for all frequency bands except for the alpha band.

In particular, the cortical activity decreased in precuneus extending in the posterior

cingulate cortex. As for delta and theta decrease, it can be considered as a posi-

tive outcome on brain neuroplasticity, which could decelerate the neurodegeneration

processes. Therefore, results showed that combined physical and cognitive training

maintains or improves cognitive functions.

The analysis of the ERP components could be a useful tool for an early diagnosis of

AD. In Reference [54], the authors examined two ERP components, the MMN and the

P300, for detecting the cognitive decline. The study involved three groups of subjects:

21 healthy elderly, 21 mild cognitive impairment, and 21 mild AD. The EEG were

recorded by a 256-channel system during the execution of the 2-tone oddball task.

The localization of active sources, performed by sLORETA, revealed that the highest

difference in the amplitude between controls and MCI and controls and AD for both

MMN and P300 is similar in MCI and AD and is in the same Brodmann area (BA 11)

in the frontal lobe, independently of the stage of the disease. This research was the first

one which explored MMN and P300 using LORETA applied to HD-EEG for study-

ing Alzheimer’s disease. Gu and colleagues [55] carried out a study which combined

ERP and sLORETA, too. Their study dealt with amnestic mild cognitive impairment

(aMCI), which can be divided into two groups: single domain aMCI (sd-aMCI) and

multiple-domain aMCI (md-aMCI). They considered 85 subjects: 46 healthy elderly

controls and 39 aMCI (26 sd-aMCI and 13 md-aMCI patients). 64-channel EEG were

recorded while the subjects were performing two tasks related to visuospatial working

memory (VSWM task) and executive function (Go/Nogo tasks). Two ERP compo-

nents were considered and analysed: N200 and P300. As for VSWM task, the results

revealed no significant differences in source activation between sd-aMCI and controls

during P300 time range. However, the P300 amplitude in md-aMCI decreased as com-

pared to sd-aMCI patients. Moreover, for md-aMCI there was a hypoactivation in the

right middle frontal gyrus (BA 8) during P300 time range, compared to sd-aMCI.

These outcome confirmed that md-aMCI showed more serious deficits in updating

operation of working memory, compared to sd-aMCI patients. sLORETA source re-

construction also detected a hypoactivation for md-aMCI in the right medial frontal

gyrus (BA 9) compared to controls, and in the right SFG (BA 10) compared to sd-

aMCI, in both Nogo and Go task during N200 time range. Finally, md-aMCI showed

less activation in the right SFG (BA 8) compared to sd-aMCI in Go task during P300

time range.
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In [56], the authors explored the alteration of networks in AD. Differently from the

majority of previous studies, EEGs were recorded in an open eyes state. A 64-channel

system was employed for detecting the EEGs from 21 AD patients and 26 controls.

Using eLORETA, the power spectrum was computed for each subject, for the total

band and for each of the classic five frequency bands. The only significant differ-

ence was the increase in power for theta band. Then, starting from the reconstructed

sources, a functional connectivity analysis was conducted over 40 regions of inter-

est (ROIs) for theta band, computing the phase locking factor between each pair of

ROIs. Results showed that the small-worldness of networks decreased in AD and was

positively correlated with MMSE language subscore, suggesting that modifications

in AD networks topology are mostly associated with language deficits. It was also

found that the reduction of the small-worldness was a consequence of increased path

lengths, mainly localized to the temporal lobes. Moreover, the authors investigated

the relationship between functional and effective connectivity: the results suggested

that changes in functional connectivity derived from a reduced effective connectiv-

ity between the temporal lobes and other anatomical regions of the brain. Table 2.3

summarizes the main features of each above-mentioned study.

Table 2.3: Overview of the included papers about Alzheimer’s disease.

Alzheimer’s Disease

Author
Method Number of EEG

Electrodes
Head Model

LORETA sLORETA eLORETA

Styliadis (2015) [53] X 57 template
Tsolaki (2017) [54] X 256 template
Gu (2019) [55] X 64 template
Tait (2019) [56] X 64 template

2.3.4 Depression

Major depressive disorder (MDD) is a mental disorder characterized by a lasting feel-

ing of sadness or a lack of interest in outside stimuli. It has a recurrent nature, so

people experience, on average, five to nine major depressive episodes in their lifetime.

If not correctly treated, depression can significantly affect the quality of life. Over

the years, LORETA has been widely employed for detecting alterations in the brain

activity of MDD subjects. As for HD-EEG, the papers examined are the following.

In Reference [57], Pizzagalli and colleagues studied the activity within the rostral

anterior cingulate cortex, a region involved in action regulation. They considered 17
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subjects with high BDI (Beck Depression Inventory) scores and 17 subjects with

low BDI scores (controls). A 128-channel system recorded the EEGs in resting state

(with both eyes open and closed) before the execution of the Eriksen Flanker task.

LORETA reconstructed the cortical current density distribution of theta (6.5–8 Hz)

and gamma (36.5–44 Hz) bands. Results showed that high BDI subjects had signifi-

cantly lower accuracy after incorrect than correct trials, and a statistically significant

reduction of the pre-task gamma current density within the affective (rostral) but not

cognitive (dorsal) ACC subdivision, as compared to low BDI. Therefore, the lower ac-

tivity within the ACC in depressed subjects may cause abnormal responses to errors.

Conversely, for low BDI subjects, pre-task gamma within the affective ACC subdi-

vision was a predictor of the post-error adjustments effect. In Reference [58], the

authors focused on depression in adolescence. Female adolescents, 36 healthy controls

(HC) and 23 MDD, were enrolled and executed the facial recognition task: four basic

emotional facial expressions (happy, sad, fearful, angry) were presented in different in-

tensity, ranging from 10% (low intensity) to 100% (high intensity). In addition, EEGs

were recorded in resting state by 128 electrodes, not simultaneously with the emotion

identification. The cortical current density was estimated by LORETA, for the theta

(6.5–8.0 Hz) and low alpha (8.5–10 Hz) bands in the DLPFC, a region related to the

emotion processes biases in MDD. The results revealed that MDD subjects exhibited

a greater accuracy in the identification of sad faces and worse accuracy in the iden-

tification of happy faces, especially low-intensity happy faces, as compared to HC.

There were no significant differences between groups for both fearful and angry ex-

pression. Moreover, LORETA analysis showed greater theta and alpha current density

in MDD versus HC, particularly in the left DLPFC. Finally, it was also found that

greater left DLPFC theta and alpha activity was correlated with a reduced accuracy

for happy emotion identification. The same author examined depressed female adoles-

cents in Reference [59], too. Thirty HC and twenty-two MDD subjects completed the

self-referential encoding task while ERP were recorded with a 128-channel system.

The above-mentioned task included 80 trials consisting of 40 positive and 40 negative

words. In order to analyse the cognitive-affective processes related to self-referential

processing, P1, P2 and late positive potential (LPP) responses to positive and neg-

ative words were examined. It was also estimated the cortical current density by

LORETA. Results showed that depressed subjects endorsed, recalled, and recognised

more negative words and fewer positive words, as compared to the healthy group.

Moreover, MDD showed greater P1 amplitudes following negative words, which is as-

sociated with a more negative self-view and greater self-criticism. As for the late LPP,
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a greater amplitude following negative versus positive words in depressed group was

observed too; conversely, the healthy females displayed the opposite trend. For both

P1 and LPP, LORETA showed less current density to negative words in the inferior

frontal gyrus in MDD versus HC. In addition to the inferior frontal gyrus, for P1, re-

duced activity was detected in the depressed group within the anterior cingulate and

medial temporal gyrus, whereas for LPP in the middle temporal gyrus. The referred-

to group differences were all statistically significant. These findings indicated that

the P1 and LPP reflect self-referential processing biases in female adolescents with

depression. Whitton and colleagues [60] examined 26 patients with remitted major

depressive disorder (rMDD) and 34 control subjects with no history of depression.

ERPs were recorded during the execution of a probabilistic reward task by means

of a 128-channel system. The objective was to study the reward learning systems in

rMMD subjects. The source localization was carried out by LORETA for eight ROIs,

defined from two meta-analysis of reward-related fMRI studies. Results showed a de-

crease in reward-related ERP amplitudes and a reduced reward-related activation in

the ACC and the pregenual ACC for rMMD group, as compared to controls. These

outcome implied that the reward learning deficits detected in acute MDD persisted

into full remission and that these impairments could derive from abnormalities in the

neural processes involved in reward feedback monitoring. In Reference [61], the au-

thors investigated the resting state functional connectivity in 65 subjects with MDD

compared to 79 healthy controls; moreover, 30 rMDD subjects were considered for a

secondary analysis. The cortical activity was reconstructed by the eLORETA method

applied to 128-channel EEGs. The functional connectivity was computed by the lagged

phase synchronization parameter, using a tool implemented in the eLORETA soft-

ware. The analysis was conducted considering ROIs belonging to the default mode

network (DMN) and the frontoparietal network (FPN) for several frequency bands.

A statistical analysis was used for investigating the group differences in within- and

between-network connectivity. Significant differences were found between the HC and

MDD groups within-DMN connectivity in beta 2 band (18.5–21 Hz) and between the

DMN and FPN connectivity in beta 1 band (12.5–18 Hz). In addition, results revealed

that both indices of connectivity were lower in rMDD group as compared to MDD,

whereas the rMDD and HC did not differ. These findings showed that depression is

characterized by greater within-DMN and DMN–FPN phase synchronization in the

high-frequency band, which normalizes to some extent in remitted subjects but is

associated with a more recurrent depressive illness course. Table 2.4 summarizes the

main features of each above-mentioned study.
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Table 2.4: Overview of the included papers about depression.

Depression

Author
Method Number of EEG

Electrodes
Head Model

LORETA sLORETA eLORETA

Pizzagalli (2006) [57] X 128 template
Auerbach (2015) [58] X 128 template
Auerbach (2015) [59] X 128 template
Whitton (2016) [60] X 128 template
Whitton (2018) [61] X 128 template

2.3.5 Stroke

Stroke is defined by the World Health Organization as a clinical syndrome, with a

vascular origin, consisting of rapidly developing clinical signs of focal or global distur-

bance of cerebral function lasting more than 24 hours or leading to death. The papers

in literature about LORETA and stroke are few. As for HD-EEG, just three works

were found.

The study proposed in Reference [62] explored the closed-open eyes alpha reactivity

phenomenon from 64-channel EEGs of 32 healthy subjects and a patient with acute

ischemic stroke. The comparison between open eyes and closed eyes conditions in

healthy subjects revealed that there was a statistical significant higher activation in

the bilateral posterior cortical regions, where the primary visual cortex is located. In

some cases, lower activations were also found in the anterior and thalamic regions.

As for the stroke patient, there was a significant decrease in reactivity in the damaged

hemisphere, as compared to normal subjects. It was also detected a reactivity reduc-

tion in the undamaged hemisphere. The research in Reference [63] involved 10 stroke

patients with a coordination impairment of the upper limb and 5 healthy controls.

The participants executed an upper extremity reaching task while a 64-channel system

was acquiring their EEGs. The objective was the estimation of the cortical activity

related to both movement preparation and motor execution. The source localization

was carried out by LORETA and the contralesional/lesional activation ratio (CTLR)

for both groups was computed and compared. CTLR is the ratio of activation in the

right or non-lesion hemisphere versus left or lesioned hemisphere. The results showed

that the CTLR for the primary motor cortices was significantly higher for stroke as

compared to the controls in the planning phase, but not in the execution phase. In

the stroke group, the CTLR was significantly higher in the planning than execution

phase in the Brodmann area 4, whereas for the controls the CTLR for both phases
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were similar. As it is expected, these findings revealed that stroke patients have an

abnormally high brain activity, specifically in the contralesional hemisphere. In fact,

because of damage in the cortical network, a greater effort was needed to execute the

motor task for stroke patients. In Reference [64], 160-channel EEGs from 10 adults

with chronic, hemiparetic stroke and 8 adults without neurological injury were exam-

ined during the execution of a motor task for exploring the mechanisms underlying

the so-called “flexion synergy”. An individual head model was created from MRI and

used for reconstructing the cortical activity by means of LORETA. In controls group,

the cortical activity was mainly observed in the hemisphere contralateral to the arm

being examined, regardless of the shoulder abduction load. In stroke patients, con-

tralesional cortical activity quickly and progressively rose in premotor and primary

motor cortices as shoulder abduction loading, and the synergy expression increased

too. Conversely, the subjects without neurological injury showed a decreased cortical

activity in these regions as shoulder abduction loading increased. These findings can

be interpreted as an adaptive strategy of recruiting contralesional motor resources for

preserving low-level function at the cost of fine motor control. Table 2.5 summarizes

the main features of each above-mentioned study.

Table 2.5: Overview of the included papers about stroke.

Stroke

Author
Method Number of EEG

Electrodes
Head Model

LORETA sLORETA eLORETA

Cuspineda (2009) [62] X 64 individual
Fang (2015) [63] X 64 template
Mcpherson (2018) [64] X 160 individual

2.3.6 Schizophrenia

Schizophrenia is a chronic mental disorder characterized by psychotic behaviors,

deficits of normal responses to emotions and cognitive impairment. ERPs have been

widely employed for investigating schizophrenia. In particular, the studies reported

here analyzed the MMN and the P300 components.

In Reference [65], the authors investigated the source localization of the MMN, pro-

duced by an auditory deviant stimulus. A 128-channel system was used for recording

the EEGs from 14 schizophrenic patients and 14 controls. The MMN source recon-

struction by LORETA was performed after matching the electrode positions with

individual MRI. The statistical parametric mapping revealed a significant decrease of



30 2 EEG Source Localization

MMN current density for patients group in the left superior temporal gyrus and the

left inferior parietal lobule. A similar study (individual head model, 128 electrodes)

was conducted in Reference [66], but in this case the P300 component was examined.

The statistical analysis showed a P300 current density reduction for schizophrenic

patients in the left medial temporal area and in the left inferior parietal area, whereas

in the left prefrontal and right orbitofrontal the current density increased. It was also

found that current density in the left parietotemporal area was negatively correlated

with the Positive and Negative Syndrome Scale (PANSS) total scores, a scale which

measures the symptom severity of schizophrenia. Wang and colleagues [67] explored

the P300 component, too. Thirteen patients and twenty controls were enrolled and

performed the auditory oddball paradigm. A high-density system made up of 128 elec-

trodes was employed for recording the EEGs. The source reconstruction estimated by

LORETA showed that the neural generators in healthy subjects extended over the

cortex, including bilateral frontal, parietal and temporal lobes. LORETA analysis also

revealed a statistically significant reduction in the P300 current density in patients

group as compared to controls. In particular, the aforementioned decrease was de-

tected in the left fronto-temporal cortex, as reported in previous studies. A few years

later, the same author conducted a study with the same method but, unlike his pre-

vious research, drug-naive first episode schizophrenia patients were considered, using

just 64 electrodes for recording the EEGs [68]. The source distribution in controls was

consistent with the outcome of Wang’s previous study. As for the comparison between

the two groups, there was a statistically significant reduced P300 current density in

the patient group especially over the left insula, left superior temporal gyrus and left

postcentral gyrus. Moreover, the P300 current density over the aforementioned brain

regions showed an inverse correlation with the patients’ total PANSS scores. Table

2.6 summarizes the main features of each above-mentioned study.

Table 2.6: Overview of the included papers about schizophrenia.

Schizophrenia

Author
Method Number of EEG

Electrodes
Head Model

LORETA sLORETA eLORETA

Park (2002) [65] X 128 individual
Pae (2003) [66] X 128 individual
Wang (2003) [67] X 128 template
Wang (2010) [68] X 64 template
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2.3.7 Conclusions

The main information about the papers included in Section 2.3 are summarized in

Table 2.7 and Figures 2.1-2.2.

Table 2.7: Overview of the included papers.

Clinical
Application

Publications
Method

LORETA sLORETA eLORETA

ERPs [35] – [43] 7 2 -
Epilepsy [45] – [52] 6 2 -

AD [53] – [56] - 2 2

Depression [57] – [61] 4 - 1
Stroke [62] – [64] 3 - -
Schizophrenia [65] – [68] 4 - -
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Fig. 2.1: Bar graph of LORETA, sLORETA and eLORETA application by year.
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Fig. 2.2: Percentage use of LORETA, sLORETA and eLORETA.
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Clinical Applications of LORETA

3.1 Introduction

This chapter focuses on the description of the research activity conducted during

the PhD course. In particular, LORETA was used for investigating three different

neurological diseases: Alzheimer’s disease (Section 3.2), gliosis (Section 3.3) and stroke

(Section 3.4). The subsection 3.1.1 provides a preliminary description of the statistical

tools used in the analysis reported in the following sections.

3.1.1 Statistical tools

Three different statistical tests and several boxplots were employed in the research

studies. They are described below.

TheWilcoxon rank sum test is a nonparametric test for two populations when samples

are independent [69]. It does not assume that the samples are normally distributed.

It tests the null hypothesis that data in population x and population y are samples

from continuous distributions with equal medians, against the alternative that they

are not.

The Kruskal-Wallis test is an extension of the Wilcoxon rank sum test to more than

two groups [70]. It compares the medians of the groups of data to determine if the

samples come from different populations with the same distribution.

The Tukey’s Honestly Significant Difference test is a multiple comparison test used

for comparing more than two means [71]. Specifically, it determines the individual

means which are significantly different from a set of means. Typically, it is performed

after a previous analysis has shown that significant difference exists, for determining

where the difference exists.

A boxplot is a standardized method of displaying the summary statistics for a dataset

[72]. In particular, boxplots are useful for comparing distributions across groups. The



34 3 Clinical Applications of LORETA

spacings between the different parts of the box indicate the degree of dispersion and

skewness in the data. The boxplot is made up of the following components:

• the median is the middle value of the dataset and is represented by the line that

divides the box into two parts;

• the first quartile is the bottom of the box and represents the 25th percentile of the

data; the third quartile is the top of the box and represents the 75th percentile of

the data. The distance between the bottom and top of the box is the interquartile

range (IQR);

• the whiskers are lines extending below and above the box up to the minimum and

maximum data values, respectively;

• the outliers are data values beyond the whisker length. Specifically, an outlier is

a value that is more than 1.5 times the interquartile range away from the bottom

or top of the box.

Figure 3.1 shows the above-mentioned components of a boxplot.

Fig. 3.1: Components of a boxplot.

3.2 Applications of LORETA in Alzheimer’s disease

3.2.1 Alzheimer’s disease

Alzheimer’s disease (AD) is a brain disorder causing a progressive decline in cognitive

functions. The diagnosis of the disease is based, initially, on the evaluation of neu-

ropsychological and behavioral symptoms related to disorders of memory, language,

and visual-spatial perception [73].

There are four stages which characterize the evolution of the disease. In the first

stage, called Mild Cognitive Impairment (MCI), the subject shows short-term mem-

ory loss and difficulty in remembering even words of daily use. These symptoms,
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however, do not substantially affect everyday life. This condition is not always irre-

versible because not all MCI subjects convert to AD—it happens for 50–60% of them.

During the next two stages (Mild and Moderate AD) the patient shows difficulty in

recognizing relatives and friends, and suffers from spatial and temporal disorienta-

tion. Moreover, the first behavioral changes appear, such as anxiety, insomnia, and

personality changes. During the last stage—Severe AD—the patient no longer rec-

ognizes anyone, does not understand words, and has difficulty in dressing, eating,

and swallowing. The subject is completely dependent on caregivers. Death occurs be-

cause of the further worsening of these symptoms [74–76]. To date, there is no cure

for Alzheimer’s disease, but several medications are used for delaying the onset of

the symptoms and improving the patient’s quality of life. Therefore, early diagnosis

of AD is very important because the medications are effective only if taken during

the first stage. However, the diagnosis is hard because the first symptoms are often

mistaken for normal aging [77].

3.2.2 LORETA cross-sectional and longitudinal studies in Alzheimer’s

disease: a review

Several studies have proven that the EEG frequency bands are affected by AD in a

specific way. In particular, the spectral analysis shows a “slowing” of EEG signals in

MCI and AD patients: the power increases in low frequencies (delta and theta) and

decreases in higher frequency (alpha and beta), compared to normal elderly (Nold)

[78–83].

Over the years, LORETA has been widely employed for studying the spectral power

density of EEG signals in AD. Babiloni carried out several studies about this topic.

In [84], the results showed that the power in alpha 1 declined in AD in the central,

parietal, temporal, and limbic lobes as compared to Nold. Alpha 1 power in the

occipital lobe was lower when the disease was at a more severe stage. There was also

an “anteriorization” of alpha 1 rhythm, as the power decreased much more in the

parieto-occipital area than in the frontal one. As for the theta band, there was no

significant difference between mild AD and Nold. This study was extended in [85],

as it included also MCI. The findings revealed that, in comparison to Nold and mild

AD groups, MCI group had intermediate power in delta (occipital area) and alpha 1

(parietal, occipital, temporal, and limbic areas) bands and greater power in alpha 2

(occipital area) band. In [86], the correlation between the disease and the hippocampal

volume was explored. For the alpha 1 band, the activity was maximum in MCI with

greater hippocampal volume, intermediate in MCI with smaller hippocampal volume,



36 3 Clinical Applications of LORETA

and minimum in AD. The study conducted in [87] showed that for MCI and AD

subjects, posterior delta and alpha EEG rhythms do not decline when white matter

vascular lesion increased. In [88], it was found a positive correlation between the gray

matter volume and the alpha 1 power, and a negative correlation with delta power

in MCI and AD. Canuet and colleagues [89] reported a significant reduction of alpha

1 activity in the parieto-occipital regions for AD as compared to healthy subjects.

In [90], the authors found a positive correlation between the severity of the disease

and delta power, and a negative correlation with alpha 1 power. The study in [91]

showed a greater power in delta band in large areas, including the frontal lobe, in AD

in comparison to controls. All the above-mentioned papers refer to cross-sectional

studies. In literature, there are only three longitudinal studies that applied LORETA.

In [92], the EEG power of a group of MCI patients was evaluated during a follow-up of

approximately 14 months. Twenty-four subjects converted to AD, whereas 45 subjects

remained stable. The results showed that the EEG power for delta (temporal area),

theta (temporal, parietal, and occipital areas) and alpha 1 (central, temporal, parietal,

occipital, and limbic areas) bands was significantly higher in MCI who converted

to AD, as compared to MCI stable. The remaining two works were carried out by

Babiloni and colleagues. In [93], a group of MCI patients were examined about 1 year

after the first EEG recording. The subjects were divided into three groups, according

to their MMSE score variation, as “stable”, “decreased” and “increased”. The only

significant difference was detected for the alpha 1 band: the temporal, parietal, and

occipital power density was greater in the stable group than in the decreased and

increased groups, suggesting that preserved resting cortical activity at alpha band is

related to a long-term stable cognitive function in MCI subjects. Resting state EEG

of a mild AD group was investigated in [94]. The second recordings were carried out

after 1 year. The alpha rhythm was characterized by a widespread power decrease

as well as the temporal, parietal and occipital beta 1 band. It was also shown an

increased power of delta sources in all brain areas except for the central region.

3.2.3 An eLORETA longitudinal analysis of resting state EEG rhythms

in Alzheimer’s disease

This subsection includes a longitudinal study based on the computation of the power

current density, employing the eLORETA algorithm, in MCI patients. In particular

the research involved eight subjects, who were diagnosed with MCI at time T0 and

mild AD at time T1 (four months later). Five patients out of eight showed an in-

creasing power in delta and theta bands. Seven patients exhibited a lower activation
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in alpha 1 and beta 2 bands. Finally, six patients revealed a decreased power in alpha

2 and beta 1 bands.

The subsection is organized as follows: first the methodology is described; then, in-

formation about patients and EEG recordings are provided; finally the experimental

results are presented and discussed.

Methodology

The computation of the power current density was conducted by means of the

eLORETA algorithm implemented in the LORETA-KEY software (v20200414). The

power current density was evaluated by eLORETA for each patient, at time T0 and

T1, for the following frequency sub-bands: delta (0.5–4 Hz), theta (4–8 Hz), alpha

1 (8–10.5 Hz), alpha 2 (10.5–13 Hz), beta 1 (13–18 Hz), and beta 2 (18–30 Hz).

The comparison between the values at T0 and T1 was carried out by grouping the

eLORETA solutions by frontal, occipital, parietal and temporal lobes.

Subjects

Eight amnestic MCI patients (four males and four females) were enrolled by a team of

experts at the IRCCS Centro Neurolesi Bonino-Pulejo of Messina (Italy). The subjects

underwent a series of examination at time T0 and at time T1 (four months later).

The doctors agreed that patients converted from MCI (at T0) to AD (at T1) on

the basis of the Montreal Cognitive Assessment (MoCA) scores. The study excluded

the subjects suffering from epilepsy, neurological or psychiatric diseases related to

cognitive impairment, traumatic brain injuries, systemic diseases. Subjects who took

psychoactive drugs were also excluded. The study followed a clinical protocol approved

by the the local Ethics Committee (Prot. E29/16). The patients or their caregivers

were notified of the procedure and signed an informed consent form. The demographic

data of the subjects are reported in Table 3.1.
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Table 3.1: Demographic data of the recruited subjects.

Patient ID Gender Age

Pt 03 M 68
Pt 32 M 78
Pt 41 M 78
Pt 51 F 72
Pt 71 F 79
Pt 164 M 76
Pt 180 F 78
Pt 184 F 69

EEG data

The EEG signals were acquired in resting state with eyes closed but the subjects

were awake. The data were recorded using a Brain-Quick System (Micromed) from

nineteen channels, according to the international 10–20 system: Fp1, Fp2, F3, F4, C3,

C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, T6, Fz, Cz and Pz, with linked earlobe (A1-

A2) reference. The artifactual segments were detected and marked by the doctors

during the EEG acquisition. Those segments were not considered for the analysis.

The sampling rate was 256 Hz. It was applied a notch filter at 50 Hz. Data were

transformed to a common average reference montage and divided into artifact-free

non-overlapping epochs of 256 samples (1s).

Results

The methodology explained in Section 3.2.3 was applied to the EEG recordings and

produced the following results. The EEG preprocessing and the grouping of power cur-

rent density values according to the four regions of interest were executed with Matlab

(R2018a). A statistical analysis was carried out for determining whether the differ-

ences between values at T0 and T1 were significant. For this purpose, the Wilcoxon

rank sum test [69] was performed under the null hypothesis that, for each patient,

the medians of the current density values at time T0 do not differ from those at

time T1. The significance level was set at 5%, which means that there is a 5% risk

of concluding that a difference exists when there is no actual difference. So, the dif-

ference between T0 and T1 is statistically significant when the p-value is less than

0.05. Tables 3.2–3.4 report the p-values resulting from the statistical analysis for each

sub-band and each region of interest. F. L., O. L., P. L. and T. L. stand for Frontal

Lobe, Occipital Lobe, Parietal Lobe, Temporal Lobe, respectively. The p-values sta-

tistically significant which are consistent with the expected results are highlighted
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in gray. Patient 03 shows a widespread increase of power density in delta and theta

bands, and a decrease in alpha 1 (parietal region) and beta 2 (temporal lobe) bands.

Patient 32 exhibits a greater activation of delta sources in all regions; an increasing

power in theta band in the occipital, parietal and temporal lobes; a lower activity

in alpha 1, alpha 2, and beta 1 bands in the frontal lobe, and in beta 2 band in the

frontal and occipital lobes. Patient 41 shows a greater power in delta (occipital and

parietal areas) and theta (occipital and temporal regions) bands, and a lower acti-

vation in alpha 1 (frontal lobe), alpha 2 (frontal, parietal and temporal lobes), beta

1 and beta 2 bands in all lobes. Patients 51 and 71 reveal a widespread decrease of

power density for alpha 1, alpha 2, beta 1 and beta 2 bands. As for patient 164, the re-

sults are the same except for the parietal lobe in alpha 1 band: in this case the power

density increases. Patient 180 displays a widespread greater power in delta and theta

bands. Patient 184 shows an increased activation in delta (temporal lobe) and theta

(parietal and temporal lobes) bands; the power density decreases in the frontal and

occipital regions for alpha 1 and alpha 2 bands, in the occipital lobe for beta 1 band,

in the frontal, occipital and parietal lobe for beta 2 band. The bar graph in Figure 3.2

summarizes the statistically significant results highlighted in gray in Tables 3.2–3.4.

The graph reveals that most significant variations were detected in higher frequency

bands. In particular, six patients show a decreasing power density in alpha 1 and alpha

2 (frontal lobe) bands, in addition to beta 2 (frontal and occipital lobes) band. As for

delta and theta bands, the power density increases in four subjects at most, except for

the temporal lobe in theta band: in this case, the increase is detected in five patients.

Figures 3.3–3.10 show the boxplots of the power density values of each patient at

time T0 and T1, for each frequency sub-band and each region of interest. From the

analysis of the results, the hypothesis is that the outcome not consistent with previous

findings are due to the passage from MCI to a mild AD condition. Therefore, the not

yet severe stage of the disease, together with the inter-subject variability, could lead

to the above-mentioned discrepancy of some outcome.
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Fig. 3.2: Bar graph of the statistically significant results highlighted in gray in Ta-

bles 3.2–3.4.
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Fig. 3.3: Boxplot of the power current density of patient 03 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.4: Boxplot of the power current density of patient 32 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.5: Boxplot of the power current density of patient 41 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.6: Boxplot of the power current density of patient 51 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.7: Boxplot of the power current density of patient 71 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.8: Boxplot of the power current density of patient 164 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.9: Boxplot of the power current density of patient 180 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Fig. 3.10: Boxplot of the power current density of patient 184 at time T0 and T1 for

each frequency sub-band and each region of interest (frontal, occipital, parietal, and

temporal).
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Table 3.2: p-values resulting from the Wilcoxon rank sum test for delta and theta sub-
bands.

Delta Theta
Patient ID

F. L. O. L. P. L. T. L. F. L. O. L. P. L. T. L.
Pt 03 8.75 × 10−222 1.12 × 10−235 2.82 × 10−180 7.55 × 10−264 1.54 × 10−23 1.49 × 10−161 5.13 × 10−13 4.16 × 10−48

Pt 32 2.38 × 10−301 6.10 × 10−207 0 2.12 × 10−240 2.73 × 10−8 2.90 × 10−244 1.82 × 10−234 2.54 × 10−160

Pt 41 3.22 × 10−14 2.78 × 10−55 2.37 × 10−18 3.382 × 10−29 0 6.27 × 10−101 8.97 × 10−6 5.55 × 10−5

Pt 51 0 4.60 × 10−250 0 0 0 4.60 × 10−250 0 0
Pt 71 8.15 × 10−184 2.31 × 10−232 4.56 × 10−303 1.37 × 10−148 7.94 × 10−319 5.59 × 10−222 6.23 × 10−309 1.13 × 10−134

Pt 164 3.87× 10−261 9.26 × 10−214 4.17 × 10−210 1.55 × 10−147 0 1.39 × 10−168 4.16 × 10−189 2.62 × 10−171

Pt 180 0 2.66 × 10−242 0 0 0 4.60 × 10−250 0 0
Pt 184 1.05 × 10−126 7.47 × 10−124 7.11 × 10−15 3.80 × 10−4 1.15 × 10−44 3.22 × 10−187 4.31 × 10−131 6.08 × 10−30

Table 3.3: p-values resulting from the Wilcoxon rank sum test for alpha 1 and alpha
2 sub-bands.

Alpha 1 Alpha 2
Patient ID

F. L. O. L. P. L. T. L. F. L. O. L. P. L. T. L.
Pt 03 7.81 × 10−70 0.0511 3.42 × 10−38 1.23 × 10−47 4.07 × 10−27 4.38 × 10−111 0.4836 8.77 × 10−8

Pt 32 2.30 × 10−63 7.24 × 10−36 0.6518 2.06 × 10−15 3.78 × 10−14 2.45 × 10−69 3.65 × 10−27 2.24 × 10−33

Pt 41 0 4.60 × 10−250 1.37 × 10−97 5.93 × 10−88 0 2.07 × 10−118 8.614 × 10−90 5.95 × 10−5

Pt 51 0 8.09 × 10−250 0 0 0 5.44 × 10−242 4.74 × 10−242 0
Pt 71 1.69 × 10−302 4.72 × 10−206 5.86 × 10−90 1.25 × 10−150 0 2.97 × 10−225 1.63 × 10−164 1.55 × 10−248

Pt 164 1.46 × 10−61 5.18 × 10−7 2.09 × 10−18 2.84 × 10−18 5.62 × 10−317 5.06 × 10−81 1.50 × 10−39 6.83 × 10−74

Pt 180 0 1.81 × 10−9 0 0 0 1.32 × 10−75 0 0
Pt 184 1.45 × 10−68 4.03 × 10−92 2.72 × 10−127 1.16 × 10−31 4.80 × 10−42 1.28 × 10−217 2.05 × 10−90 0.7671

Table 3.4: p-values resulting from the Wilcoxon rank sum test for beta 1 and beta
2 sub-bands.

Beta 1 Beta 2
Patient ID

F. L. O. L. P. L. T. L. F. L. O. L. P. L. T. L.
Pt 03 0.0015 5.75 × 10−79 8.44 × 10−9 0.8607 0.4786 1.66 × 10−11 0.0279 4.77 × 10−6

Pt 32 1.02 × 10−21 8.53 × 10−13 7.93 × 10−40 5.12 × 10−11 1.17 × 10−34 0.0037 3.85 × 10−105 0.0128
Pt 41 0 9.77 × 10−248 0 0 0 4.60 × 10−250 0 0
Pt 51 7.31 × 10−268 3.02 × 10−228 6.65 × 10−241 0 1.83 × 10−191 6.56 × 10−229 9.64 × 10−273 1.41 × 10−321

Pt 71 6.83 × 10−260 6.19 × 10−232 6.19 × 10−232 1.02 × 10−176 1.58 × 10−196 9.14 × 10−229 0 3.09 × 10−141

Pt 164 2.77 × 10−80 4.62 × 10−87 3.14 × 10−19 1.23 × 10−68 3.13 × 10−181 8.86 × 10−214 1.23 × 10−132 2.67 × 10−279

Pt 180 0 0.4370 0 0 0 1.84 × 10−149 0 0
Pt 184 0.0016 5.54 × 10−200 2.60 × 10−55 6.59 × 10−45 1.45 × 10−33 1.05 × 10−26 2.67 × 10−4 1.47 × 10−78

Conclusions

This work proposed a longitudinal study involving eight patients who converted from

MCI to AD after four months. The novelty is that the spectral power analysis was

carried out by means of eLORETA algorithm, which should provide a better source lo-

calization accuracy compared to LORETA. The previous works, both cross-sectional

and longitudinal, were all carried out using LORETA [84–94]. The time period of

follow-up was relatively short, so the condition at time T1 should be considered as
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slight worse in comparison with MCI condition at time T0. Finally, unlike the three

longitudinal studies reported in [92–94], whose results are at group level, this work

wants to investigate whether resting state EEG sources can be a marker to follow the

progression of the disease in a single AD subject. In our study, five patients (03, 32,

41, 180, and 184) out of eight showed an increasing power in delta and theta bands.

All patients, except for 180, exhibited a lower activation in alpha 1 and beta 2 bands.

Finally, all patients, except for 03 and 180, revealed a decreased power in alpha 2

and beta 1 bands. Most of the findings are consistent with those of previous studies.

On the other hand, the discrepancy of some outcomes could be related to the not

yet severe stage of the disease at time T1. This topic needs to be further explored.

As for the future development, it could be interesting to apply the eLORETA method

to HD-EEG, which should improve the source localization accuracy. In addition, it

would be advisable to test the method on a larger number of patients for the valida-

tion of results. In order to further confirm the better performance of eLORETA as

compared to both LORETA and sLORETA, as already proved in [33, 34], a compar-

ative methodological study could be carried out. Moreover, as in recent years several

new algorithms for solving the EEG inverse problem have been developed, a com-

parison between them and eLORETA would be essential for testing the eLORETA

effectiveness [95]. Finally, the combination of source reconstruction with complex net-

work analysis could also provide a further instrument for a better understanding of

the evolution of the disease. In conclusion, this study represents a first step for more

detailed investigations, in order to make the analysis of power current density a valid

tool for evaluating the cognitive decline in AD.

3.2.4 eLORETA active-source reconstruction applied to HD-EEG in

Alzheimer’s disease

The purpose of this study is the computation of the brain electrical activity by the

eLORETA method for three groups of subjects: CNT (healthy subjects), MCI pa-

tients and AD patients. The analysis of the results suggests that EEG of MCI and,

even more, of AD is characterized by an increasing power in delta and theta bands as

compared with CNT. Moreover, it has been shown that the greater source activation

involves Brodmann areas typically affected by this pathology and is consistent with

it.

The subsection is organized as follows: first the methodology is explained; then, in-

formation about patients and EEG recordings are provided; finally the experimental

results are presented and discussed.
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Methodology

In this study, the active source reconstruction was computed by the LORETA-KEY

software (v20181107), using the eLORETA algorithm. Three groups of subjects were

involved: CNT, MCI and AD. The brain electrical activity of each subject was re-

constructed for the frequency sub-bands delta (0.5–4 Hz) and theta (4–8 Hz). The

average current density of each group was obtained by averaging the current density

of all subjects belonging to the given group.

HD-EEG recordings and preprocessing

EEG signals were acquired by the 256-channel HydroCel Geodesic Sensor Net, belong-

ing to the Geodesic EEG System (GES). The electrodes are arranged so that their

interdistance is the shortest distance between two points on the surface of a sphere.

In such a way, the sampling of the electrical field is optimized [96]. The high-density

montage is shown in Figure 3.11. The electrode impedance was kept <50 kΩ, accord-

ing to EGI guidelines. The reference electrode was Cz, placed in the middle of the

head surface. The data were recorded at IRCCS Centro Neurolesi Bonino-Pulejo of

Messina (Italy). The study involved three groups of subjects: 12 CNT, 23 MCI and 16

AD. The demographic data of the subjects are reported in Table 3.5. The EEGs were

detected in an eye-closed resting state with sampling rate of 250 Hz. The EEGs were

band-pass filtered between 1 and 40 Hz and cleaned from artifacts by visual inspec-

tion. Only 173 channels from the starting 256 were considered because the recordings

from the sensors placed on the face and the neck were too noisy. Finally, the EEG

recordings were average referenced and segmented into artifact-free non-overlapping

epochs of 250 samples [5].

Table 3.5: Demographic data for each group of subjects.

Patients Female Male Age

CNT 7 5 62±5
MCI 13 10 69±8
AD 11 5 74±11
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(a)

(b)

Fig. 3.11: HD-EEG acquisition system: (a) The 256-channel HydroCel Geodesic Sen-

sor Net; (b) 2D representation of the 256-channel HydroCel Geodesic Sensor Net

montage.
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Results

EEG frequency bands have a specific biological significance and can be associated

to different states of brain functioning. As reported in subsection 3.2.2, AD patients

are characterized by a "slowing" of their EEG, that is an increase of power for the

lower frequency bands (delta and theta). Therefore, eLORETA analysis of the above-

mentioned frequency sub-bands can be used for determining which brain regions are

activated during different states. The brain electrical activity of each subject was re-

constructed for the frequency sub-bands delta (0.5–4 Hz) and theta (4–8 Hz). The

average current density of each group was obtained by averaging the current den-

sity of all subjects belonging to the given group. The results are shown in Figures

3.12-3.13. As for the delta rhythm, in MCI the most activated area is the Brodmann

area 38 of the right hemisphere, in the temporal lobe (Figure 3.12b); in AD there is a

greater activation in Brodmann area 21 of both hemispheres, in the temporal lobe too

(Figure 3.12c). Both MCI and AD show an increase of power spectrum as compared

with CNT (Figure 3.12a). As for the theta rhythm, also in this case, in MCI and AD

there is a greater activation of the temporal lobe areas in comparison to CNT (Figure

3.13a). In particular, in MCI the maximum current density value is in Brodmann area

38 of the right hemisphere (Figure 3.13b), whereas in AD it is in Brodmann area 37

of the right hemisphere (Figure 3.13c).

Brodmann area 21 is associated with language and complex sounds processing. Brod-

mann area 37 is involved in lexico-semantic associations (i.e. associated words with

visual percepts). Brodmann area 37 seems to be also participating in some memory

circuitries, especially when visual information is involved. Clinical observations have

proved that damage in Brodmann area 37 usually results in word-finding difficulties

and semantic paraphasias. Brodmann area 38 is involved in language processes, emo-

tion, executive functions and memory. This is one of the earliest areas affected by

Alzheimer’s disease. These results are consistent with the hallmarks of Alzheimer’s

disease reported in literature.
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(a)

(b)

(c)

Fig. 3.12: Active source distribution in delta band for (a) CNT, (b) MCI and (c) AD.

On the left: a bottom view of the brain cortex. On the right: a front view of the brain

cortex.
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(a)

(b)

(c)

Fig. 3.13: Active source distribution in theta band for (a) CNT, (b) MCI and (c) AD.

On the left: a bottom view of the brain cortex. On the right: a front view of the brain

cortex.
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Conclusions

This work provided a reconstruction of the brain active sources by means of the

eLORETA method applied to HD-EEG. The study involved three groups of subjects:

12 CNT, 23 MCI and 16 AD. The current density estimation was carried out for

delta and theta rhythms because they are two critical frequency bands in Alzheimer’s

disease. eLORETA computation of current density distribution revealed that some

regions of temporal lobe are more active in MCI and AD as compared to CNT.

Moreover, the most activated Brodmann areas obtained from the eLORETA source

reconstruction are considered as regions deeply affected by Alzheimer’s disease. This

study could be further enlarged by combining source reconstruction with network

connectivity measurement to analyze the evolution of the disease from two different

but complementary points of view. In this way, the eLORETA method applied to

HD-EEG could turn out to be a promising instrument for improving diagnosis of

Alzheimer’s disease.

3.2.5 Brain network analysis based on eLORETA active-source

reconstruction applied to HD-EEG in Alzheimer’s disease

The purpose of this work is to study the brain network parameters through the estima-

tion of Lagged Linear Connectivity (LLC), computed by the LORETA-KEY software,

for three groups of subjects: CNT, MCI and AD. In particular, the aim is to compare

the results obtained using a 256-channel EEG, the corresponding 10–10 system 64-

channel EEG and the corresponding 10–20 system 18-channel EEG, both of which are

extracted from the 256-electrode configuration. The analysis of the results suggests

that the small-world properties of MCI and AD patients are weakened only when the

high-density electrode configuration is used. On the contrary, the results achieved by

the analysis based on the standard low-density EEG are inconsistent with the cogni-

tive decline in AD patients.

The subsection is organized as follows: first an overview of the findings about brain

functional connectivity is presented; then, information about patients and EEG

recordings are provided and the methodology is described; finally the results are pre-

sented and discussed.

Brain functional connectivity: a review

Graph theory represents a very useful tool to study complex brain network. Accord-

ing to graph theory, nodes (vertices) denotes the brain regions that are linked by
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edges, representing structural or functional connection [97]. Brain functional connec-

tivity refers to the functionally integrated relationship between spatially separated

brain regions and is defined in terms of statistical dependencies in the time domain

(correlation) and in the frequency domain (coherence) among neurophysiological mea-

surements. Coito et al. [98] investigated connectivity in temporal lobe epilepsy (TLE)

in the absence of interictal epileptiform discharges (IEDs). Their study revealed a

reduced connectivity from regions concordant with the default-mode network and a

different network pattern in TLE patients compared to healthy controls. Astolfi et

al. [99] employed graph theory for studying HD-EEG and fMRI of healthy subjects

during the execution of the Stroop task. Recently, it has been shown that brain net-

works are characterized by a small-world architecture [97,100]. The small-world prop-

erty of a normal brain network combines high levels of local specialization and global

integration among nodes and can be measured , respectively, by the Clustering Coeffi-

cient (CC) [97] and the Characteristic Path Length (λ) [97]. The Connection Density

(D) [101] is another index used to define the network’s behavior: the more connections

there are, the denser the network will be. Several studies reported that the EEG syn-

chrony and the functional connections between regions decrease for AD [102–104]; it

has also been proved that small-world properties extracted from EEG of AD patients

are very weakened [105–107]. Mammone et al. [108] used the Permutation Disalign-

ment Index (PDI) to obtain the connectivity matrices starting from HD-EEG of three

groups: CNT, MCI and AD. HD-EEG were also compressed and reconstructed apply-

ing the Block Sparse Bayesian Learning (BSBL). It was shown that the three groups

have network parameters significantly different and the compression does not alter

the results of the network analysis.

The first step for an accurate connectivity analysis is the localization of the brain

active sources. Starting from cortical electrical activity estimated with LORETA,

functional connectivity measurements can be performed by a toolbox recently intro-

duced in the LORETA-KEY software. To date, this tool was employed in research

about Alzheimer’s disease, above all, in the case of low-density EEG. In particu-

lar, Hata et al. [109] reported a decreased lagged phase synchronization in delta band

between most cortical regions in AD subjects in comparison to healthy controls. More-

over, Babiloni et al. [110] showed that brain functional connectivity is lower in MCI

patients compared to healthy elderly subjects.

Methodology

The experimental setup was arranged as follows:
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1. EEG data were collected from three groups of patients (CNT, MCI and AD) by

a high-density acquisition system. Starting from that, three different electrodes

configurations were considered. The signals preprocessing was performed by means

of MATLAB;

2. the preprocessed EEGs were used as input signals for the LORETA-KEY software.

In order to quantify the functional connectivity, the Lagged Linear Connectivity

(LLC) matrix was computed for each couple of regions of interest (ROIs), for a

given frequency range;

3. starting from the LLC, the small-world properties of the brain networks were

measured by three parameters: λ, CC, and D, estimated through a MATLAB

toolbox.

Data acquisition system and preprocessing

EEG signals were recorded by the 256-channel HydroCel Geodesic Sensor Net, already

described in Subsection 3.2.4. The 18-channel and 64-channel configurations were

obtained based on the 10-10 position equivalence for the HydroCel GSN [111].

The dataset consists of HD-EEG recorded at IRCCS Centro Neurolesi Bonino-Pulejo

of Messina (Italy). The research was performed as stated in a protocol approved

by the local Ethics Committee (Approved N. 003/17). All the subjects involved or

their caregivers signed an informed consent form. EEGs were acquired during eyes-

closed resting conditions, for three groups of subjects: 10 CNT, 21 MCI and 9 AD.

The demographic data of the subjects are reported in Table 3.6. The sampling rate

was 250 Hz. The EEGs were filtered at 1 Hz low cut-off (high-pass) and at 40 Hz high

cut-off (low-pass). After filtering, artifactual data segments were detected by visual

inspection and rejected [112]. Moreover, only 173 channels from the starting 256 were

considered because the signals from electrodes placed on the face and the neck were

too noisy. Two minutes of cleaned EEGs were considered for each subject. EEGs were

finally transformed to a common average reference montage.

Table 3.6: Demographic data for each group of subjects.

Patients Female Male Age

CNT 5 5 61±5
MCI 13 8 68±8
AD 6 3 72±13
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Lagged Linear Connectivity

In this work, the computation of brain connectivity was performed starting from the

active source reconstruction by means of eLORETA algorithm, implemented in the

LORETA-KEY software (v20181107). Moreover, Pascual-Marqui et al. proposed a

new method for functional connectivity measurements [113, 114]. They decomposed

the total connectivity into instantaneous and lagged contributions: the first one takes

into account the potentials generated by distant cortical regions and conducted across

head volume (the so-called “volume conduction”), while the lagged component contains

almost pure physiological information.

The linear dependence between time series X and Y at frequency ω is defined as:

FX,Y (ω) = ln
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(3.1)

where SX,X , SY,Y , SX,Y , SY,X denote the complex valued covariance matrices and

|M| is the determinant of M.

Linear dependence can be expressed as the sum of the lagged linear dependence

FX�Y (ω) and the instantaneous linear dependence FX·Y (ω):

FX,Y (ω) = FX�Y (ω) + FX·Y (ω) (3.2)

The instantaneous linear dependence is defined as:

FX·Y (ω) = ln
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where Re(M) denotes the real part of M.

Finally, the measure of lagged linear dependence is:

FX�Y (ω) = FX,Y (ω)− FX·Y (ω) = ln
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(3.4)

All these measures are non-negative. They are equal to zero only when there is in-

dependence (lagged, instantaneous, or both). They can also be transformed into a

“squared coherence”, with values in the [0 . . . 1] range.

In this work, the Connectivity Toolbox implemented in the LORETA-KEY software
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was used. In particular, the Lagged Linear Connectivity (LLC) was computed by

means of Equation (3.4). LLC gives a measurement of the statistical dependence

among active sources, estimated by eLORETA, for each pair of cortical ROIs, at a

given frequency range. Specifically, we estimated LLC for the all 84 possible ROIs

defined by the LORETA-KEY software. The ROIs corresponds to distinct Brodmann

areas, 42 for each hemisphere. The analysis was conducted for three different electrode

configurations for the frequency range 1–40 Hz. EEG were segmented into artifact-free

non-overlapping epochs of 250 samples (1s) [5]. LLC was evaluated for windows of 3

epochs, so we obtained 40 connectivity matrices for each patient. The choice of such

a window length allows to perform a statistical analysis also in the event that EEG

recordings are short and the number of patients is limited.

Complex network analysis

A network is defined in graph theory as a set of nodes and the links (edges) between

them, which can be directed or undirected. In our case every ROI represents a node

and the graph is weighted undirected. A weighted graph provides a measure of the

connection strength between nodes, so it can be used to distinguish strong connec-

tions from weak ones.

Brain functional integration is the capacity to fast combine information from dis-

tributed brain regions. The Characteristic Path Length (λ) represents a measure of

functional integration of a network [115]. λ is defined as the average shortest path

length between all pairs of nodes [97]:

λ =
1

n

∑
i∈N

∑
j∈N,j 6=i d

w
ij

n− 1
(3.5)

where n is the number of nodes and dwij is the shortest weighted path length between

the nodes i and j.

Functional segregation refers to the ability to create interconnected groups of brain

regions (clusters). The Clustering Coefficient (CC ) is an important parameter to

quantify the presence of such groups within the network [115]. It provides a mea-

sure of the probability that the neighbors of one node become neighbors each other.

The weighted Clustering Coefficient is defined as [97]:

CCw =
1

n

∑
i∈N

CCw
i =

1

n

∑
i∈N

2twi
ki(ki − 1)

(3.6)

where CCi is the Clustering Coefficient of node i, ti is the number of triangles around

the node i and ki is the number of links connected to a node i, so that ki(ki − 1)/2

is the maximum number of possible edges can exist between neighbors of node i.
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The Connection Density (D) of a network is the fraction of actual number of edges

in the graph to the total number of possible edges [101]:

D =
2k

N(N − 1)
(3.7)

where N is the number of all nodes and k is the actual number of links.

A complex network characterized by high Clustering Coefficient, high Connection

Density and short average path length has small-world properties.

Data processing and network analysis were conducted in a MATLAB environment

(R2018a). In particular, the above-mentioned network parameters were computed by

means of the Brain Connectivity Toolbox, a MATLAB toolbox for complex network

analysis of structural and functional brain connectivity datasets [97].

Results

The methodology explained was applied to the HD-EEG database. Figure 3.14 dis-

plays the boxplots of the Characteristic Path Length and the Clustering Coefficient

of the three groups of patients for each electrode configuration. Each boxplot is made

up of 1600 parameters, 40 for each patient. Figure 3.14a shows that there is no clear

difference of λ between the three groups for 18 and 64 electrodes, whereas the differ-

ence becomes evident only with the HD configuration (173 electrodes).

In particular the λ median value increases for MCI and even more for AD as com-

pared with CNT. Figure 3.14b highlights that the median CC decreases when 64

electrodes are used, becoming more evident for 173 electrodes. For the low-density

EEG the trend is completely different and does not correspond to the expected be-

havior. In order to validate the results, a statistical analysis was performed. First,

a Kruskal–Wallis test [70] was carried out to determine if the samples of groups come

from different distributions. Next, the post-hoc Tukey’s Honestly Significant Differ-

ence (HSD) test [71] was used to perform multiple pairwise comparison of the group

means and identify which groups are statistically different. The significance level was

set at 5%, so that the differences between groups are statistically significant when p

< 0.05. Table 3.7 and Table 3.8 show the outcome of the above-mentioned statistical

analysis. In regard to λ, there is a significant difference between the all three groups

only for 173 electrodes. A significant difference can be also found between CNT and

AD groups when 64 sensors are considered. As for CC, it was found a statistically

significant difference between CNT-MCI groups and MCI-AD groups when 18 elec-

trodes are employed. It could seem that low-density configuration is able to detect the

variations between the groups but, actually, this is not consistent with the expected
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trend of the parameter: in fact the median value in AD is higher than MCI and CNT

whereas it should be lower. Finally, a statistical significant difference arises from the

comparison between CNT and AD for both 64 and 173 electrodes. It is important to

underline that only the results from HD-EEG are consistent with the expected behav-

ior of the brain network, which is the weakening of small-world properties of MCI and

AD patients in comparison to healthy subjects. It is noted that the variation of the

network parameters was not detected correctly when the standard 10–20 configuration

was employed.
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Fig. 3.14: (a) Boxplot of the Characteristic Path Length of CNT, MCI, and AD; (b)

boxplot of the Clustering Coefficient of CNT, MCI, and AD. Both are computed for

three electrode configurations. The bottom and the top edges of the boxes indicate the

first and the third quartile, respectively; the segment inside the boxes represents the

median and the “whiskers” below and above the boxes are the minimum and maximum

values of the distribution. The stars outside the whiskers are considered outliers.
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Table 3.7: Results of Kruskal–Wallis test.

Characteristic Path Length
p-Value

Clustering Coefficient
p-Value

Connection Density
p-Value

18 64 173 18 64 173 18 64 173

0.4345 0.0130 1.38 × 10−12 6.24 × 10−10 0.0282 0.0481 0.8780 0.9870 0.9965

Table 3.8: Results of Tukey’s HSD post-hoc test.

Subjects
Characteristic Path Length

p-Value
Clustering Coefficient

p-Value

18 64 173 18 64 173

CNT-MCI 0.9974 0.1835 0.0101 2.8 × 10−4 0.0613 0.3000
MCI-AD 0.4507 0.2054 8.6 × 10−8 3.0 × 10−9 0.7935 0.3353
CNT-AD 0.5132 0.0091 9.5 × 10−10 0.0918 0.0377 0.0368

The Connection Density was computed as a function of the threshold applied to the

weighted connection matrix. Obviously, the network will be totally connected if the

threshold is set to 0 and disconnected if the threshold is set to 1. Figure 3.15 shows

the mean value of D of each group of subjects for the three sensors configurations.

AD and MCI patients should have lower network density than healthy controls. This

trend is visible only when we used at least 64 sensors and becomes more evident with

173 electrodes. The statistical analysis shows that the data of the three groups come

from the same distribution, so there is not a significant statistical difference between

them (Table 3.7). Nevertheless, if you consider some patients individually, there is

a reduction of the connections between the brain regions when 173 electrodes were

employed. As an example, Figures 3.16–3.18 display the links between the network

nodes, representing the 84 ROIs, of one subject for each group, for the three electrode

configurations. The images were obtained by thresholding the weighted connection

matrix at 0.3: at this value the corresponding network is moderately connected (Figure

3.15). It is evident that there is a clear reduction in the network links for MCI and

AD just when 173 sensors are used. Specifically, there are no connections in the

posterior regions for MCI and AD. This outcome agrees with recent studies reporting a

reduction in functional connectivity within posterior areas in Alzheimer’s Disease [116,

117]. For 18 and 64 electrodes the pictures of the three groups are indistinguishable. It

can be supposed that 64 sensors are not sufficient for a correct estimation of functional

connectivity. This topic needs further investigation in the future.
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Figure 3. Mean values of the Connection Density (D) computed by thresholding the connectivity
matrix of CNT, MCI and AD for: (a) 18 electrodes, (b) 64 electrodes and (c) 173 electrodes. The vertical
segments represent the standard deviation of D.

Fig. 3.15: Mean values of the Connection Density (D) computed by thresholding the

connectivity matrix of CNT, MCI, and AD for: (a) 18 electrodes, (b) 64 electrodes

and (c) 173 electrodes. The vertical segments represent the standard deviation of D.
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(a) (b) (c)

Fig. 3.16: Connections between ROIs for 18 electrodes of: (a) CNT, (b) MCI and (c)

AD.

(a) (b) (c)

Fig. 3.17: Connections between ROIs for 64 electrodes of: (a) CNT, (b) MCI and (c)

AD.

(a) (b) (c)

Fig. 3.18: Connections between ROIs for 173 electrodes of: (a) CNT, (b) MCI and

(c) AD.

Conclusions

This study explored the brain network behavior for 10 healthy subjects (CNT), 21

MCI, and 9 AD patients. The brain functional connectivity was quantified by the

computation of the Lagged Linear Connectivity parameter, which can be measured
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through the toolbox implemented in the eLORETA software. This index provides a

measure of the true physiological connections, excluding instantaneous zero-lag contri-

bution related to the volume conduction [114]. The novelty is the comparison between

high-density EEG and low-density EEG results evaluated with this method: in partic-

ular, the network parameters were estimated for 84 ROIs considering 18, 64 and 173

electrodes, extracted by the starting 256-channel EEG. From the analysis of the three

network parameters we focused on, arose that: the Characteristic Path Length of MCI

and AD patients is higher than CNT for the 173 electrode configuration, whereas it

does not show a clear difference between the three groups of patients for 18 elec-

trodes; the Clustering Coefficient of MCI and AD decreases when 173 sensors are

employed but it increases for AD with 18 electrodes; as reported in Table 3.9, which

refers to Figure 3.15, the Connection Density decreases for MCI and AD with 173

electrodes; on the contrary it increases for AD when 18 sensors are used. The statis-

tical analysis validated the results for λ and CC, according to which the small-world

properties of MCI and AD patients are weakened just when the high-density elec-

trode configuration is used. When the study was based on the standard low-density

EEG, the results are not consistent with the behavior of the brain network affected

by this pathology. Therefore, the current study suggests that it is advisable to use

HD-EEG to achieve a better accuracy of results. These findings are also supported

by the studies reported in [21,22,45,46], according to which the localization accuracy

of the epileptogenic zones, reconstructed by LORETA, improves when a high-density

montage is used. As a consequence, the more the active-source localization is precise,

the more the computation of the functional connectivity between brain regions is re-

liable. Although our results appear interesting, some limitations should be addressed.

In particular, EEG recordings of a greater duration could be detected: in this case,

it could be investigated if the EEG epochs and windows lengths affected the network

parameters [118]. The methodology needs to be tested on a larger number of subjects,

to confirm the results. Moreover, an intra-subject longitudinal study could be carried

out to analyze the evolution of the disease in each single patient over time. The com-

plex network analysis could also be performed together with the reconstruction of the

brain active sources for each EEG frequency sub-band (delta, theta, alpha and beta).

The integration of these analysis could provide a more complete vision of the brain

behavior, resulting in a valid instrument for quantifying the loss of brain connections

typical of Alzheimer’s Disease. As a further development, future research could be

performed, for example, with more advanced methodological improvements, combin-

ing the transcranial magnetic stimulation (TMS) with HD-EEG [119]. In conclusion,
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this study showed that HD-EEG seem to reveal resting-state connectivity alterations

in AD patients, so this method could be a useful tool to predict the disease severity

and improve diagnosis, clinical and therapeutic management.

Table 3.9: Mean Connection Density values of CNT, MCI, and AD for all electrode
configurations for three threshold values.

THRESHOLD

DENSITY

18 64 173

CNT MCI AD CNT MCI AD CNT MCI AD

0.3 0.5549 0.5221 0.5761 0.4725 0.4572 0.4530 0.3312 0.3196 0.3101
0.5 0.1729 0.1551 0.1885 0.1164 0.1123 0.1114 0.0682 0.0651 0.0639
0.7 0.0290 0.0256 0.0327 0.0168 0.0165 0.0161 0.0101 0.0100 0.0099
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3.3 Applications of LORETA for gliotic lesions

Gliosis is a nonspecific reactive modification of glial cells caused by a damage to the

central nervous system (CNS). Specifically, gliosis is a process of proliferation or hy-

pertrophy of several different types of glial cells, including astrocytes, microglia, and

oligodendrocytes. The degree and type of the gliosis response change widely depend-

ing on the triggering insult. In its most severe form, gliosis leads to the formation

of a glial scar. Gliosis arises from several acute conditions such as trauma, ischemia,

and stroke. Moreover, gliosis occurs in a great variety of CNS pathologies, including

Alzheimer’s disease, multiple sclerosis, Parkinson’s disease, amyotrophic lateral scle-

rosis and Huntington’s disease [120]. In every case, gliosis implies an alteration in

cellular activity which can affect neurons as well as other non-neural cells, causing ei-

ther a loss of normal functions or a development of damaging ones [121]. In this light,

gliosis can be considered not only as a distinguishing feature of many neuropathologies

but also as a factor which takes part in several CNS disease mechanisms [122].

3.3.1 Effect of sensor density on eLORETA source localization accuracy

The purpose of this study is to examine the localization accuracy of the eLORETA

method applied to HD-EEG of two patients with gliotic lesions. Starting from the

256-channel EEG, three different configurations were extracted. They consist of 18,

64, and 173 electrodes. The comparison of the results shows that an increasing number

of electrodes improves the eLORETA source localization accuracy. The subsection is

organized as follows: first the methodology is described; then, information about EEG

recordings are provided; finally the experimental results are presented and discussed.

Methodology

The brain activity of each patient was computed by LORETA-KEY software

(v20170220), using the eLORETA algorithm, for the following frequency bands: delta

(0.5–4 Hz), theta (4–8 Hz), alpha1 (8–10.5 Hz), alpha2 (10.5–13 Hz), beta1 (13–18

Hz), beta2 (18–30 Hz), gamma (30–40 Hz), and total band (0.5–40 Hz). The three-

dimensional current density distribution was evaluated for three different electrode

configurations: 18, 64 and 173 sensors.

Data acquisition system and preprocessing

The dataset consists of two EEGs recorded by the 256-channel HydroCel Geodesic

Sensor Net from two patients with gliotic lesions. The HD-EEG montage has been
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already described in Subsection 3.2.4. The EEGs were recorded during eyes-closed

resting conditions. The data were cleaned from artifacts before being processed. The

extraction of the three electrode configurations was carried out as explained in Subsec-

tion 3.2.5. The EEGs were filtered at 0.5 Hz low cut-off (high-pass) and at 48 Hz high

cut-off (low-pass). The sampling rate was set at 100 Hz. The EEG recordings were

segmented into artifact free non-overlapping epochs of 256 samples [5]. The EEGs

were transformed to a common average reference montage. The data were recorded

at IRCCS Centro Neurolesi Bonino-Pulejo of Messina.

Results

Figure 3.19 shows the current density field of patient 1 in beta1 band. All the images

reveal that the most activated area is the frontotemporal region. In particular, the

images obtained in the case of the 173-channel EEG (Figure 3.19c) best match the

structural maps generated by the MRI of patient 1. The area near the gliotic lesions

shows a greater activation. This could be caused by the mechanisms of neuroplastic-

ity, according to which new neural connections could be created near the lesion and

generate a growth of brain activity. These results suggest that the source localization

accuracy improves significantly with the increase of the number of electrodes.

Figure 3.20 displays the current density field of patient 2 in delta band. The pictures

show that the application of LORETA to HD-EEG allows to detect sources that are

not revealed by the 10–20 configuration. In Figure 3.20a, only the frontotemporal

area is active. In Figure 3.20b, a frontoparietal activity in both hemispheres appears.

Finally, Figure 3.20c highlights a greater activation in the left frontoparietal area and

the sources of the frontotemporal regions previously detected by the 10–20 electrode

configuration become barely visible. Also in this case, the images obtained with the

173-channel EEG agree with the structural maps generated by the MRI of patient 2,

whose gliotic lesions are placed near the left frontoparietal region.
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(a)

(b)

(c)

Fig. 3.19: Brain source distribution of patient 1 in beta1 band for (a) 18, (b) 64 and

(c) 173 electrodes. On the left: a bottom view of the brain cortex. In the middle: a

front view of the brain cortex. On the right: a lateral view of the brain cortex.
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(a)

(b)

(c)

Fig. 3.20: Brain source distribution of patient 2 in delta band for (a) 18, (b) 64 and

(c) 173 electrodes. On the left: a bottom view of the brain cortex. In the middle: a

front view of the brain cortex. On the right: a top view of the brain cortex.

Conclusions

This study investigated if and how the localization accuracy of the most activated

brain regions changes, depending on the number of electrodes. The simulations showed

that LORETA improves its performance when the sensor density increases.

In particular, three important aspects arose from this study:

1. the regions with stronger activity detected by the 10–20 system configuration are

defined in a better way when a greater number of electrodes are used;

2. a few number of sensors could be not sufficient to detect all active sources;
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3. sources marked as significant when the 10–20 system configuration is used could

turn out to be less significant when high-density sensor configurations are em-

ployed.

The limitation of the current study is that only two EEGs were analyzed. The matter

of eLORETA source reconstruction accuracy needs further development using a larger

database. In this way, it could be determined the minimum number of electrodes to

reconstruct the active sources in an accurate way.
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3.4 Applications of LORETA in stroke

Stroke is a leading cause of death and disability. Each year 14 million people suffer

their first stroke worldwide and 80 million people living in the world have experienced

stroke [123]. Stroke is defined by the World Health Organization as a neurological

deficit of cerebrovascular cause that persists beyond 24 hours or is interrupted by

death within 24 hours. The 24-hour limit differentiates stroke from transient ischemic

attack (TIA), which is a temporary cerebral dysfunction related to stroke symptoms

characterized by a swift resolution. Stroke can be classified into two main categories:

ischemic, caused by a blockage of the blood flow to the brain, and hemorrhagic, due

to the rupture of a blood vessel [124]. Both types leads to the dysfunction of the brain

areas affected by the stroke. Signs and symptoms of stroke may include: numbness,

confusion, difficulty in speaking or understanding speech, loss of balance or coordina-

tion. In most cases, the symptoms affect only one side of the body. The effects of stroke

can be very different because they depend on the type, severity and location of the

lesions. An early detection associated with a proper medical treatment are essential

for reducing stroke outcomes. Finally, the post-stroke rehabilitation represents a very

important process for recovering lost function and relearning the skills of everyday

life. Even if complete recovery is unusual, rehabilitation can help the patient to regain

independence and reintegrate in community life [125].

3.4.1 Effect of post-stroke rehabilitation on cortical reorganization

The purpose of this study is to investigate the cortical response in a sub-acute stroke

patient, affected by conduction aphasia, before and after an intensive rehabilitation

program. HD-EEG were recorded while the patient was performing language tasks at

time T0 (baseline) and at time T1 (after a rehabilitative treatment of two months).

The eLORETA active source reconstruction was performed at T0 and T1 for each

task. The comparison of the results shows that an intensive rehabilitative therapy can

improve inter- and intra-hemispheric cortical reorganization.

The subsection is organized as follows: first, conduction aphasia and the case study

are described; then, the data acquisition process and the methodology are explained;

finally the results are presented and discussed.

Conduction aphasia

Conduction aphasia is an acquired language disorder, first hypothesized by Carl Wer-

nicke [126]. Conduction aphasia is characterized by normal comprehension, intact



3.4 Applications of LORETA in stroke 75

speech production, reading, writing, whereas speech repetition is impaired. Aphasic

people produce paraphasic errors and show word-finding difficulty [127]. Conduction

aphasia is considered as a disconnection syndrome because it is due to an interruption

of communication between anterior and posterior language areas [128]. Lesions usually

involve the left cerebral hemisphere, as reported in [129]. Several studies proved that

the mechanisms of neuroplasticity leads to the recovery from aphasia [130,131]. More-

over, neurophysiological studies showed that the intra- and inter-hemispheric reorga-

nization of the linguistic neural networks occurs after a stroke which involves linguistic

areas [132,133]. Finally, the findings about neural reorganization in patients with con-

duction aphasia have proved the importance of the rehabilitation treatment [134–136].

Description of the case study

This study is concerned with a case of 50-year-old right-handed female affected by

conduction aphasia following a left ischemic stroke involving white matter of fronto-

parietal lobe and left temporo-occipital regions. One week before the acute cerebral

event, she underwent surgical replacement of the aortic valve with mechanical pros-

thesis. She arrived at the rehabilitative unit of IRCCS Centro Neurolesi Bonino-Pulejo

(Messina) one month after the stroke. Neurological, neuropsychological and logopedic

assessments were performed. The patient was vigilant, collaborative, time and space

oriented. Neurological examination showed right facio-brachio-crural hemiparesis. The

patient was treated with a drug therapy of oral anticoagulants and antihypertensive.

The rehabilitative treatment consisted of physiotherapeutic, neuropsychological and

logopedic training. It was performed every day for a session of 60 min for each reha-

bilitative treatment.

Data acquisition and methods

EEG data were recorded by the 256-channel HydroCel Geodesic Sensor Net. The

HD-EEG montage has been already described in Subsection 3.2.4. The sampling rate

was 250 Hz. The EEG data were band-pass filtered between 1 and 40 Hz and cleaned

from artifacts by visual inspection. Finally, the EEG recordings were average refer-

enced and segmented into artifact-free non-overlapping epochs of 1 s. HD-EEG were

acquired at baseline (T0) and after a rehabilitative treatment of two months (T1).

HD-EEG were recorded while the patient was performing specific language tasks dis-

played on a computer screen in order to set time and use a standard method without

the influence of external stimuli. The EEG recordings were carried out during time

blocks consisting of five task periods alternating with rest periods. The task paradigm
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was built by means of E-prime 3.0 software and included the following tasks: naming,

repetition, reading, writing, figure description. During the rest periods, the patient

was instructed to stay at rest without moving. The naming task consisted in men-

tioning 24 images, each displayed on the computer screen for 3 s. The images were

divided in two groups of 12 alternating to 10 s of rest. The repetition task consisted

in repeating 16 words of 5 s, played by audio speakers. The words were divided in

two groups of 8 alternating to 10 s of rest. The reading task consisted in reading

16 words of 3 s, displayed on the computer screen. The words were divided in two

groups of 8 alternating to 10 s of rest. The writing task consisted of 16 words (6 s

duration), displayed on the computer screen, which have to be written on paper. The

words were divided in two groups of 8 alternating to 10 s of rest. Finally, the figure

description task consisted in looking at a figure for 30 s and then illustrating it. The

total duration of the paradigm was 6 min and 52 s.

The source reconstruction was performed by means of the eLORETA algorithm im-

plemented in the LORETA-KEY software (v20200414) for the total band (1–40 Hz).

The resting state analysis was conducted on a time segment resulting from the merg-

ing of the resting state segments of each task paradigm. The whole procedure was

carried out in accordance with the relevant guidelines and regulations. As it is a case

report, the ethical approval was not required. The patient signed an informed consent

form.

Results

At baseline (T0), the patient suffered from conduction aphasia characterized by a

fluent spontaneous language with stereotypes, circumlocutions and linguistic perse-

verations. Naming and writing were less compromised. After two months of daily

speech rehabilitative therapy, the patient showed a significant improvement of apha-

sic deficit. Specifically, Figure 3.21 displays the difference of the power current density

values between T1 and T0. Each image represents the cerebral cortex from six dif-

ferent perspectives. Red and yellow areas denote the most activated brain regions at

T1.
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T1 respect to baseline evaluation. The recruitment of new neural patterns provided to compensate 
the near injured area generating the phenomenon of brain plasticity [19,20]. The results obtained from 
the HD-EEG recording are also supported by motor, neuropsychological and speech improvement 
obtained by the patient after rehabilitation. In fact, we observed an improvement in all AAT subtest, 
especially in repetition, written language and naming (Table 1). The compensation mechanisms that 
involved neural patterns of the near the lesional side, assumes that the synaptic plasticity modulates 
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known that the left hemisphere is specialized in language [21,22]. The literature studies highlight 
that, after an early brain injury involving the left side, there could be an inter-hemispheric language 
reorganization [23,24]. 

5. Conclusions 

Fig. 3.21: Difference of the power current density values between T1 and T0 for: (A)

resting state, (B) naming task, (C) repetition task, (D) reading task, (E) writing

task, (F) figure description task. The red/yellow areas denote a greater activation at

T1, the blue areas denote a greater activation at T0.

During the resting state, there is a greater activation in the parieto-occipital region

at T1 (Figure 3.21A). As for the naming task, a widespread greater activation at T1

is detected (Figure 3.21B). Moreover, the images show a higher cerebral activity in

the left parieto-temporo-occipital areas at T1, during the repetition (Figure 3.21C),

reading (Figure 3.21D) and writing tasks (Figure 3.21E). Finally, during the figure

description task, all brain regions are more active at T0 (Figure 3.21F). The results are

consistent with the Aachener Aphasie Test (AAT), which highlighted an improvement

in repetition, reading, naming and writing functions.

Conclusions

This study investigated the cortical response generated by speech therapy in a pa-

tient with conduction aphasia due to a left ischemic stroke. In fact, it is well known

that the left hemisphere is specialized in language functions [137, 138]. The use of

HD-EEG, as compared to standard EEG, allows to describe in more detail the asym-

metry in the electrical brain activity in stroke patients, as reported in [139]. The

results showed that, during the repetition, reading and writing tasks, the left parieto-

temporo-occipital areas are more activated after the rehabilitative training. The mech-

anisms of neuroplasticity lead to the recruitment of new neural patterns to compensate

the near injured area [140,141]. These findings revealed that an intensive rehabilitative
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training in subacute stroke is very useful for language deficit outcome. The results ob-

tained from the HD-EEG recordings are also supported by motor, neuropsychological

and speech improvement achieved by the patient after rehabilitation. In conclusion,

this study proved that an intensive rehabilitation could contribute to an inter- and

intra-hemispheric reorganization in sub-acute stroke patients affected by extensive

brain damage involving language areas.



4

Conclusions

EEG is a useful diagnostic tool for recording brain electric signals. The research

activity conducted during the PhD course focused on the resolution of the EEG

inverse problem by means of the LORETA method. In particular, the brain source

localization was performed on EEG recordings collected from subjects affected by the

following pathologies: AD, gliosis and stroke. Moreover, it was investigated the effect

of the sensor density on the LORETA source localization accuracy. To this purpose,

some of the studies reported here provided a comparison between results from HD-

EEG vs standard EEG data.

Specifically, the research activities are summarized below.

1. Active source reconstruction and brain functional connectivity in AD.

In this regard, a longitudinal study and two cross-sectional ones were reported:

• the computation of the power current density by means of the eLORETA

algorithm, applied to standard EEG, was carried out to analyze the evolution

of the disease. In particular the research involved eight subjects, who were

diagnosed with MCI at time T0 and mild AD at time T1 (four months later).

Five patients out of eight exhibited an increasing power in delta and theta

bands. Seven patients revealed a lower activation in alpha 1 and beta 2 bands.

Finally, the power decreased for six patients in alpha 2 and beta 1 bands.

• the active source localization was performed by the eLORETA method applied

to HD-EEG for three groups of subjects: 12 CNT, 23 MCI, 16 AD. The results

revealed that EEG recordings of MCI and, even more, of AD were marked by

a power increase in delta and theta bands as compared with CNT. It has

also been shown that the most activated sources belonged to Brodmann areas

typically affected by this pathology and were consistent with it.

• starting from cortical electrical activity, estimated with eLORETA, the brain

functional connectivity was estimated for three groups of subjects: 10 CNT, 21
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MCI, 9 AD. The connectivity matrices were computed by means of a toolbox

included in the LORETA-KEY software. Then, the small-world properties of

the brain networks were evaluated for 84 ROIs considering three different elec-

trode configurations: 173 channels, 64 channels and 18 channels, which were

extracted from the HD-EEG configuration. The comparison of the results re-

vealed that the small-world properties of MCI and AD patients were weakened

only when HD-EEG were considered. Conversely, the results obtained from the

standard low-density EEG were inconsistent with the behavior of the brain

networks in AD patients.

2. Active source reconstruction accuracy in the case of gliosis.

In this study two patients with gliotic lesions were considered. The active brain

regions were reconstructed by eLORETA for three different configurations, made

up of 173, 64 and 18 electrodes. For both patients, the most active sources detected

in the case of the HD configuration best match the structural maps generated by

the MRI. In fact, because of the mechanisms of neuroplasticity, the areas near the

lesions showed an increase in their electrical activity.

3. Active source reconstruction for investigating the effect of post-stroke rehabilita-

tion.

This research proposed a study of pre- and post-rehabilitation brain activity in

a sub-acute stroke patient affected by conduction aphasia. HD-EEG data were

recorded while the patient was performing several language tasks before and af-

ter the therapy. The comparison between the eLORETA images showed that an

intensive rehabilitative program can improve inter- and intra-hemispheric cortical

reorganization.

Future research involving a larger cohort of subjects, would provide a further valida-

tion of the results. It would also be interesting to carry out comparative methodolog-

ical studies between the LORETA family algorithms.

In conclusion, the findings of the above-mentioned works have shown that LORETA

is a powerful method for the resolution of the EEG inverse problem. Finally, it has

also been proved that the combination of LORETA with HD-EEG improves the brain

source localization accuracy and, consequently, the diagnostic potential of this method

in clinical applications.
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