UNIVERSITA
DI PAVIA

39

Dipartimento di Biologia e Biotecnologie “L. Spallanzani

Laurea Magistrale in Neurobiologia

Brain rhythms and digital twins to capture biomarker
positivity and memory performance in MCI

Analisi dei ritmi cerebrali e ricostruzione dei gemelli digitali per catturare la
positivita ai biomarcatori e la performance cognitiva dei pazienti MCI

Relatore:
Prof.ssa Fulvia Palesi

Correlatore:
Dott.ssa Anita Monteverdi

Tesi Sperimentale di
Alberto Augello

Anno Accademico 2023/2024






ABSTRACT

Mild Cognitive Impairment (MCI) is a highly heterogeneous condition, which covers a
wide spectrum of cognitive and functional impairment, with multiple neuropsychological
profiles. Positivity to Alzheimer’s disease (AD) hallmarks, such as amyloid B and tau,
complicates MCI picture, and even if these biomarkers are currently used in clinics to
monitor cognitive worsening, their predictive power is still flawed. Given its high

heterogeneity, MCI characterization remains a critical clinical need.

The main aim of this study is to integrate high-density electroencephalography (HD-
EEG) derived information with a novel digital twin technology to perform a
multiparametric characterization of MCI, test its sensitivity to biomarkers positivity in

patients (MCI+ and MCI-) and capture more efficiently their cognitive performance.

Unlike traditional EEG analyses focused on electrode-level signals, our approach was
based on the electrophysiological sources extracted from brain regions then grouped into
functional networks. Area under the curve (AUC) and peak amplitude (PA) were
computed to describe frequency power in each brain region. The information derived
from HD-EEG data has been further enriched by the reconstruction of digital twins of
patients, to better understand personalized brain dynamics. Digital twins can be
reconstructed thanks to a recent technology, the virtual brain (TVB) modelling, which
combines mesoscopic models of neural dynamics with structural MRI data to create a
brain “avatar”, made of nodes (brain areas) and edges (axonal bundles derived with
tractography), essential to simulate large-scale brain dynamics. Between these
mesoscopic models, we chose the Wong-Wang, which allows to estimate subject-specific
network excitation and inhibition (E/I, i.e., glutamate and GABA) by modelling NMDA
and GABA receptor-mediated cellular activity. Extracting from TVB the personalized E/I
parameters, we explore the association between neurotransmitters (i.e., glutamate and
GABA) and brain rhythms, which cannot be easily assessed and non-invasively in the
human brain before. Backward regressions between EEG and TVB parameters and verbal
episodic memory neuropsychological tests were used to quantify the ability of this

multiparametric characterization to capture MCI memory performance.



AUC revealed a higher sensitivity in capturing the hierarchy of frequency bands within
different networks, while PA flatten variations at higher frequency ranges (beta and
gamma). Both AUC and PA confirmed delta as the predominant band in our MCI
population, with AUC highlighting an increase of delta activity in the limbic regions. In
line with the resting-state condition, alpha was the second band observed, predominant in
the occipital regions and consequently in the visual network. Interestingly, both AUC and
PA confirmed alpha band effectiveness in distinguish MCI+ from MCI-. Positive
correlations between frequency bands and TVB-derived parameters were found between
alpha and NMDA in the default mode network, gamma and GABA in the somatomotor
network and beta and recurrent excitation in the frontoparietal network. Further, the
combination of brain rhythms and TVB parameters significantly explained up to 60% of

memory performance variance.

Overall, our findings reveal new insight into patient brain rhythmic activity, being
sensitive to biomarkers positivity in MCI and enhancing the impact of AP burden on alpha
band power in brain networks. Taking advantage of digital twins reconstruction, we
explore non-invasively the correlation between neurotransmitters and oscillatory activity,
supporting the role of glutamate and GABA in modulating brain rhythms. The
multiparametric characterization obtained from this study effectively captures the MCI
neuropsychological heterogeneity, paving the way for more effective personalized

treatments.



ABSTRACT (ITALIAN VERSION)

I1 Mild Cognitive Impairment (MCI) ¢ una patologia eterogenea, caratterizzata da
molteplici profili neuropsicologici. La positivita ai biomarcatori della malattia di
Alzheimer (AD), come I'amiloide f e la tau, complica il quadro clinico degli MCI e il
potere predittivo di questi biomarcatori risulta tuttora inefficiente. Data la sua elevata

eterogeneita, la caratterizzazione degli MCI rimane un'esigenza clinica critica.

L'obiettivo principale di questo studio ¢ integrare le informazioni derivate
dall’elettroencefalografia ad alta risoluzione (HD-EEG) con una nuova tecnologia di
creazione di gemelli digitali dei pazienti, per eseguire una caratterizzazione
multiparametrica degli MCI, testare la sua sensibilita alla positivita dei biomarcatori

(MCI+ e MCI-) e catturare in modo piu efficiente le loro prestazioni cognitive.

A differenza delle tradizionali analisi EEG incentrate sui segnali a livello degli elettrodi,
il nostro approccio si ¢ basato sulle sorgenti elettrofisiologiche estratte dalle regioni
cerebrali raggruppate in reti funzionali. L'area sotto la curva (AUC) e 'ampiezza del picco
(PA) sono state calcolate per descrivere le frequenze in ciascuna regione cerebrale. Le
informazioni derivate dai dati HD-EEG sono state arricchite dalla ricostruzione dei
gemelli digitali dei pazienti. Questi gemelli digitali possono essere ricostruiti grazie a una
recente tecnologia, il “The Virtual Brain” (TVB), che combina modelli mesoscopici di
dinamica neurale con dati strutturali di risonanza magnetica per creare un “avatar”
cerebrale e simulare dinamiche cerebrali su larga scala. Tra questi modelli mesoscopici
abbiamo scelto il Wong-Wang, che permette di derivare l'eccitazione e l'inibizione in
modo soggetto specifico (E/I, cio¢ glutammato e GABA), modellizzando l'attivita
cellulare mediata dai recettori NMDA e GABA. Estraendo dal TVB i parametri E/I
personalizzati, ¢ stato possibile indagare 1'associazione tra i neurotrasmettitori e i ritmi
cerebrali, precedentemente non valutabile in modo non invasivo. Le regressioni tra i
parametri EEG e TVB e i test neuropsicologici di memoria episodica verbale sono state
utilizzate per quantificare la capacita di questa caratterizzazione multiparametrica di

catturare la memoria degli MCI.

L'AUC ha rivelato una maggiore sensibilita rispetto al PA nel catturare la gerarchia delle

bande di frequenza all'interno delle diverse reti, soprattutto alle frequenze piu elevate



(beta e gamma). Sia AUC che PA hanno confermato delta come banda predominante, in
particolare nelle regioni limbiche. In linea con la condizione di riposo delle nostre
acquisizioni, alfa ¢ stata la seconda banda osservata, predominante nelle regioni occipitali
e di conseguenza nella rete visiva. E interessante notare come sia AUC che PA hanno
confermato l'efficacia della banda alfa nel distinguere MCI+ da MCI-. Sono state
riscontrate correlazioni tra le bande di frequenza e i parametri derivati dal TVB, tra alfa
e NMDA nella default mode network, gamma e GABA nella rete somatomotoria e beta
ed eccitazione ricorrente nella rete frontoparietale. Inoltre, la combinazione di ritmi
cerebrali e parametri TVB ha spiegato in modo significativo fino al 60% della varianza

della memoria.

Nel complesso, 1 nostri risultati forniscono una nuova visione dell'attivita ritmica
cerebrale dei pazienti, essendo sensibili alla positivita dei biomarcatori e rivelando
l'impatto della B amiloide sull’intensita della banda alfa. Ricostruendo i gemelli digitali
dei pazienti MCI, siamo stati in grado di esplorare in modo non invasivo il ruolo del
glutammato e del GABA nella modulazione dei ritmi cerebrali. La caratterizzazione
multiparametrica ottenuta da questo studio cattura efficacemente ['eterogeneita
neuropsicologica degli MCI, aprendo nuove prospettive a trattamenti personalizzati piu

efficaci.
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1.INTRODUCTION

1.1 MILD COGNITIVE IMPAIRMENT

In the last century, the increase in life expectancy and the resulting growth of the elderly
population has driven researchers to intensely focus on pathological aging. Indeed,
various shades of cognitive impairment can be found in the pathological aging continuum,
and within them mild cognitive impairment (MCI) is an extremely heterogeneous
prodromal stage, where dementia cannot yet be diagnosed but with its high rate of
progression emphasizes the need of customized interventions (Roberts and Knopman,
2013)

Mild cognitive impairment (MCI) is a term introduced in 1988, but it became common
when Ron Petersen and his colleagues established the first clinical criteria for it in 1999.
Originally, this term referred to a condition in which memory was the most impaired
among all cognitive domains, but nowadays it refers to a transitional state between normal
aging and dementia, where all cognitive domains can be involved, either individually or
in combination. This leads to different sub-classifications of MCI, such as single-domain
MCI and multi-domain MCI, based on the number of cognitive spheres involved, or
amnestic MCI and non-amnestic MCI, based on the type of cognitive domain involved.
According to this latest classification, patients experiencing decline in memory, fall into
the category of amnestic MCI, while if other domains like attention or language are
impaired, they can be defined as non-amnestic MCI (Roberts and Knopman, 2013).

MCI patients tend to progress towards dementia at high rate in a short period of time,
approximately 10-15% of people with amnestic MCI progress to AD each year
(Anderson, 2019), and therefore this stage can be considered as prodromal of
neurodegenerative diseases, such as Alzheimer's disease (AD). AD is the most common
form of dementia and due to the lack of effective treatments is a critical health concern.
The high failure rate of treatment attempts should be attributed to the underlying
neuropathological changes that occur before clear symptoms emerge, becoming
irreversible by the time of diagnosis. Thus, MCI can be seen as a “window”, in which it
could be possible to understand pathological heterogeneity and try to intervene to delay

dementia progression.



However, not all MCI patients progress to dementia, some remain stable, some recover
and for that reason a growing number of studies are focusing on identifying predictive
biomarkers of conversion to AD, including neuroimaging biomarkers as well as
neuropsychological, and CSF ones (Okello et al., 2009).

The advancement in biomarkers research, the advent of new diagnostic techniques, along
with the need for a new definition of MCI subtypes, has driven the National Institute on
Aging-Alzheimer’s Association (NIA-AA) group to introduce a new clinical
classification called MCI due to AD. The diagnosis of this new category of MCI is based
on clinical criteria that include: 1) a decline in one or more cognitive domains, relative to
a person of the same age, reported by the patient themselves or by someone close to them,
such as a clinician or a family member; 2) autonomy in one's functional skills; 3) not
demented; and 4) memory impairment not considered a key factor for the diagnosis of
MCI due to AD. In addition to these definitions, the diagnosis includes positivity for two
important AD biomarkers called AB-amyloid plaques and neurofibrillary tangles,
specifically a decrease of CSF AB42 levels which will therefore lead to an accumulation
of cerebral amyloid plaques and increase CSF levels of total tau and phosphorylated tau.
Therefore, patients with dual positivity (Tau and AP42) will be considered MCI due to
AD or MCI positive and will be characterized by a higher probability of developing
dementia due to Alzheimer's disease, whereas individuals with dual negativity, so MCI
negative, will have a lower probability of progressing to AD and a higher likelihood of
developing dementia due to other diseases, including Dementia with Lewy Bodies or

Frontotemporal Dementia (FTD) (Anderson, 2019).

New therapies explored by researchers try to reduce symptoms caused by cognitive
impairment and include glutamate receptor modulators, considering the implication of
this neurotransmitter in supporting multiple cognitive skills, including memory and
learning; antioxidants, substances that help eliminate free radicals; anti-inflammatory and
immunomodulatory drugs. Moreover, non-pharmacological treatments, such as lifestyle
changes, have been indicated as potential factors leading to an overall improvement of
MCI patients quality of life. Indeed, adopting a healthy lifestyle, such as a Mediterranean
diet and a healthy dose of physical activity, is considered important for slowing down the
progression of the disease, maintaining independence and improving cognitive brain

functions (Capitolo, n.d.; Petersen et al., 2018).



1.1.1 EEG AND MRI ALTERATION IN MCI

The characterization of MCI subjects represents a growing field of interest in individuals
at risk of developing Alzheimer's disease (AD). Capturing the heterogeneity of MCI
patients is achallenge, intriguing but not yet fully accomplished. Although the advent of
new technologies has undoubtedly helped to unveil new mechanisms underlying this

condition, the characterization of this state remains far from being completed.

In this context, non-invasive techniques such as EEG and MRI have revealed their
essential contribution for diagnosis, possibly the identification of characteristic alterations
of this condition. Starting from EEG analyses, new studies have identified a significant
anomaly in the occipital region of MCI patients through frequency analysis, particularly
when examining the periodic component of the full power spectrum. Specifically, a
notable alteration in the ratio between the beta band (fast waves) and the theta band (slow
waves) was observed. When this alteration was present in the occipital region, it proved
effective in characterizing MCI patients and differentiating them from both healthy

subjects and those with Alzheimer’s disease (Azami et al., 2023).

On the other hand, volumetric analysis of MRI images revealed that the most effective
marker for distinguishing between elderly controls and MCI patients can be entorhinal
volumes, while hippocampal volume demonstrated a greater ability to discriminate MCI
patients from those with AD. Entorhinal volumetric reduction, together with the atrophy
of the entorhinal cortex could be a predictive marker for the conversion from MCI to AD.
Considering instead the alterations detected using other analytical methods, such as
Voxel-Based Morphometry (VBM), it has often been reported that MCI patients exhibit
gray matter atrophy, compared to controls, in the medial and lateral temporal regions, as
well as in the cingulate and thalamic areas. Finally, analyzing the information obtained
from fMRI, a dysregulation of resting-state activity is evident in MCI patients,
particularly affecting the default mode network. This alteration results in dysfunction in
several areas of the DMN, including the posteromedial, anterior cingulate, and frontal

cortices (Pihlajamaiki et al., 2009).



1.2 MAGNETIC RESONANCE IMAGING

Magnetic resonance imaging (MRI) has represented an important innovation in the field
of diagnostics, as it allows the generation of images in a non-invasive way and without
the presence of ionizing radiation, based on the physical principle of nuclear magnetic
resonance. MRI technique is particularly useful to analyze soft tissue structures, such as
ligaments and cartilage as well as organs like the brain. The images obtained through
MRI are generated using a scanner, composed of different elements, each with a specific
function. One of the main components of the scanner is the "main magnet," considered
the largest and most expensive part, capable of generating a static magnetic field (B0)
with an intensity that can range from 1.5 to 7 Tesla (T) for human studying. Then, we
found the "gradient coils," which can generate non-static magnetic fields of lower
intensity, designed to modify the magnetic field strength along the three spatial axes,
essential for spatial encoding. Additionally, there is a RF coil for generating waves (B1)
in the radiofrequency range (0 - 30 MHz), capable of both emitting and detecting return
signals from the nuclei. In addition to the main components, the scanner includes a T/R
switch, which is used to activate and deactivate the coils during the transmission and
reception phases of the signals. Surrounding the device the Faraday cage, known as an
"RF shield" is useful to protect against electromagnetic interference. Finally, an
informatic system is essential for the generation of impulse and visualization of images,

as well as for the overall control of the MRI scanner (Carr and Grey, 2002)

Fig.1 MRI scanner with its components: the main magnet, the gradient coils and the

radiofrequencies coils
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1.2.1 PHYSICS OF MAGNETIC RESONANCE IMAGING

Magnetic resonance imaging (MRI) generates images through the application of
radiofrequency pulses directed at hydrogen atoms in a static magnetic field. Indeed, in
line with the theory of nuclear magnetic resonance (NMR), some atomic nuclei have the
capacity to absorb and then release radiofrequency energy when exposed to a magnetic

field.

The mechanisms behind MRI image generation can be described in multiple steps. At the
beginning, atomic nuclei align with the magnetic field due to their tendency to behave
like tiny bar magnets (1). Then, the NMR phenomenon takes place when an MRI scanner
transmits a radiofrequency (RF) pulse through the body, causing the protons to absorb
energy and transition to a higher energy state (2). After the RF pulse is turned off, the
spins begin to realign with the magnetic field BO, emitting their own RF signal in the
process, which is detected by the scanner. This emitted signal does not persist indefinitely;
after a certain amount of time, the RF signal decays. The time it takes for the signal to
decay depends on the tissue type and is referred to as T2 relaxation. This process provides
one method of creating tissue contrast in the images (3). Finally, the nuclei fully realign
with the magnetic field over time. The time it takes for this realignment to occur also
varies among tissues and is known as T1 relaxation, providing another means of tissue

contrast in MRI images (4).

1. Magnetic field aligns nuclei

2. RF pulse tips nuclei

3. Nuclei precess giving off
rf signal (NMR)

— T3 relaxation
4. Nuclei realign with the field
— T relaxation

Fig.2 schematization of the four steps underlying the MRI signal

Going into details, MRI uses an extremely strong magnetic field to generate a slight

magnetization in the body's atoms' nuclei. Although there are several atoms that can be
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explored, hydrogen is the most widely used thanks to its abundance in the body and its
gyromagnetic ratio. This proton has a mass, an electric charge but also a spin, which is
an quantum mechanical property essential for MRI technique. Spin gives protons two
important properties: first of allit is a measure of intrinsic angular momentum (and this
means that protons behave as rotating around an axis); the second property obtained from
spin is the protons intrinsic magnetic moment. The magnetic moment depends on the
gyromagnetic constant which is specific (depends on the type of atom taken into
consideration), and on the intrinsic angular momentum (P) which in turn depends on the
spin quantum number (I) . In the case of hydrogen atom, being a nucleus with an odd

number of protons, shows quantized and non-zero values, +1/2 and -1/2
h
P=_—VIU+1)

EQUATION 1: intrinsic angular momentum of the proton

p=y-P
EQUATION 2: magnetic dipole moment

So, when static magnetic field (B0) is applied, usually along the z-axis, the magnetic
moment of a proton tries to align itself with the field. However, due to intrinsic angular
momentum (spin), the proton does not align directly but begins to precess, making a
conical motion around the direction of the magnetic field. This behavior is comparable to
the action of a gravity-influenced spinning top. To explain the precess phenomenon is

important to introduce the definition of the Larmor frequency:
o =7vB.
EQUATION 3: Larmor frequency

The frequency of spin precession, 2 (Omega), is equal to y (gamma), a constant specific
to the nucleus under investigation, multiplied by the magnetic field strength (Bo). So, the
precession frequency Omega is proportional to the magnetic field strength B. However,
not all the protons are uniformly distributed, but rather present different phases, and some
can align with the main direction of BO find themselves in an energetic state at lower

energy, while others can align in the opposite direction. Overall, the majority of protons
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will orient parallel to B0, producing a positive magnetization (M) which at equilibrium

presents a value called MO.

Fig.3 : magnetization vector formation

Since the magnetization, when aligned with the zzz-axis, cannot induce a measurable
signal, an electromagnetic pulse (B1), oscillating at the specific Larmor frequency for
hydrogen nuclei, is emitted by the RF coils. This second magnetic field (B1), oriented
perpendicular to the main magnetic field (BO0), rotates the magnetization towards the xy-
plane. This creates a transverse magnetization (Mxy) at an angle of 90°, achieved using

the relationship
0=yBlt
EQUATION 4: angle of rotation of nuclear magnetization

where y(gamma) is the gyromagnetic ratio, B1 is the amplitude of the RF field, and t(tau)
is the duration of the RF pulse.

In this step the phenomenon of resonance occurs. It is a radio frequency (RF) pulse which
has the same frequency of the Larmor frequency, that when applied, leads to the
absorption of energy by protons. This energy excites them to a higher energy level. As
soon as the radio frequency transmission coming from the RF coils is interrupted, proton
nuclei tend to realign themselves along the direction of the main static magnetic field B0,
releasing the energy previously acquired in the form of radio frequency that is captured
from the receiving coil. In particular, after B1 switch off, two different processes begin:
1) protons start to give energy back to the environment, to the lattice, and this interaction

is called spin-lattice; 2) the single spin interacts with all the other spin that are surrounding

13



it, and this is the spin-spin mechanism. The tendency of the transversal magnetization
with respect to BO (Mxy) to realign with the static magnetic field depends on how quickly
protons give energy to the system. The phenomenon that occurs is called the "relaxation
process". The relaxation process take place according to three physical principles, which

are T1, T2 and T2*. All of them are "times" characteristic of different biological tissue:

-T1: is the longitudinal relaxation time also called "spin-lattice", and is the time necessary

for 66.6% of the longitudinal magnetization to be recovered;

Exponential growth curve
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Fig.4 MRI relaxation curve ( T1)

-T2: is the transversal or “spin-spin” relaxation time, which describes the loss of phase

coherence over time, as a single spin has the ability to interact and exchange energy with

the surrounding ones, generating a phase loss
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Fig.5 MRI relaxation curve ( T2)

-T2*: is the process caused by the presence of local inhomogeneities in the permanent

magnetic field BO. These inhomogeneities generate small local variations of the Larmor
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frequency, leading to a consequent faster decay of T2 and therefore increasing the

dephasing between the spins.

In order to transform this signal, called Free Induction Decay, which falls in the time
domain, into a signal based on the frequency domain, a mathematical algorithm called
2D Fourier Transform (2D-FT) is used. In the "standard" condition described above,
however, it would not be possible to determine the source of the signal and the spatial
organization of the spins. In fact, taking as an example two protons both immersed in the
static magnetic field BO and characterized by the same Larmor frequency, the sinusoidal
signal coming from these protons will be the same, and applying the 2D F-T only one
peak will be obtained. In order to be able to carry out a spatial localization of the spins,
the application of magnetic linear gradients, along the three directions (X,y,z), is
necessary. The strength of these magnetic fields added to the one of the static magnetic
field B0, change the precession frequency (the Larmor frequency, equation 5) of the spins
based on their position in space. Thus, these variations allow localization of signals

coming from specific regions of the body.
w =Y (Bo+AB)
EQUATION 5: Larmor frequency to obtain spatial recognition

To obtain different contrasts of the image and infer more detailed information, different
sequences can be used. A sequence is defined as a succession of radio frequency pulses,
and turning B1 on and off several times with different modalities it is possible to obtain
different sequences. A sequence is defined by two times, the echo time (TE) and the
repetition time (TR). TR is the time between two pulses at the same frequency, while TE
defines the time between the first radio frequency pulse and signal acquisition. Therefore

with appropriate variations of the TR and TE parameters it is possible to obtain:

-T1 weighted images (T1W): obtained with short TR and short TE. This type of images
provide the best contrast between different tissues, and liquids appear hypointense, while
white matter and fat hyperintense. A very brief TR is insufficient for a complete recovery
of longitudinal magnetization, whereas an extended TR enables full recovery of
longitudinal magnetization, producing uniform outcomes. In contrast, the TE usually

remains relatively short to reduce the T2 contrast.
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-T2 weighted images (T2W): obtained with long TR and long TE. In this type of images
liquids appear hyperintense, whereas fat and white matter appear hypointense (Nagesh et

al., 2021)

-Proton density images (PDW): obtained with long TR and short TE. In this case the

image is based on the density of the protons in each voxel.

Fig.6 three different magnetic resonance imaging (MRI) sequences

1.2.2 DIFFUSION WEIGHTED MRI AND TRACTOGRAPHY

Diffusion weighted MRI, or DWI is a technique that, starting from the principles of MRI,
allows the creation of images based on the diffusion of water molecules in biological
tissues. Within the brain, the various microstructures, which act as "barriers", can
influence diffusion, making this tool a valuable tool not only for the creation of images,

but also for the diagnosis of multiple pathological conditions.

Starting from the definition of diffusion, this refers to the movement of molecules from a
region at high concentration to a region with lower concentration. This phenomenon can
be isotropic or anisotropic. In the first case, the movement of molecules is the same in all
the directions of space, meaning that the molecules are free to move with the same
probability in all directions and highlighting the lack of barriers. In isotropic diffusion the
propagation of molecules takes the shape of a sphere and is described by Einstein's

equation:

rm.s.d =\/ﬁ = V6Dt

EQUATION 6: Einstein equation
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where the r.m.s.d. increases with observation time and depends on the diffusion
coefficient D. In anisotropic diffusion, due to the presence of barriers or restrictions, the
diffusion of molecules is limited in certain directions. In this case Einstein's equation is

no longer valid, and by changing the observation time, the D value can change.

DWI needs a particular MRI sequence called spin-echo, which is modified by adding
diffusion gradients, generating a sequence called "gradient-echo spin-echo (SE-EPI)",
where EPI stands for Echo Planar Imaging. The spin-echo sequence consists in the
emission of a first radio frequency pulse at 90 degrees respect to the z axis, followed by
a second radio pulse at 180 degrees to refocus the spins and generate an echo of the signal.
During signal acquisition, if the molecules diffuse the signal will be lower, otherwise,
with low diffusion, a higher signal will be recorded. Diffusion gradients can be tuned
using the b-value, also called b-factor. This value is a fundamental parameter in the
creation of diffusion-weighted images, as it quantifies the sensitivity of the MRI sequence
to the diffusion of molecules in biological tissues. The b-factor determines the duration,
intensity, and direction of the diffusion gradients. To acquire DWI images, an image with
b-factor=0 must be acquired, not diffusion weighted and considered as reference,
followed by diffusion gradients which show how molecules move in specific directions.
Fig... shows with b-value =0 acquisition (first image on the left) and three diffusion-
weighted images acquired in three different directions. In these images the red region
always shows the same intensity , and this means that it its an isotropic zone, while in the
regions highlighted by the yellow circle the intensity varies, highlighting anisotropic

diffusion.

Fig.7 four magnetic resonance images, the first on the left used as reference with B=0),

the other three diffusion-weighted along the x,y,z axes
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To study the anisotropic diffusion of brain regions in a more sophisticated way, diffusion
tensor imaging (DTI) can be used. This technique allows defining a single tensor for each
voxel of the image. The tensor is determined by a symmetric matrix that requires at least
6 non-co linear directions (Martinez-Heras et al., 2021).

Dix ny Dy,

D =|Dyx Dy, Dy,

Dy Dzy D,
Fig.8 Diffusion tensor

If the voxel is isotropic, the tensor takes a spherical shape because the direction of
diffusion is the same in all directions. If in the voxel the diffusion process is anisotropic,
then the tensor will present an ellipsoid shape. The determination of the shape of the
tensor (spherical or ellipsoid) is calculated through diagonalization, which allows us to
obtain three eigenvalues and three eigenvectors. The three eigenvectors (A1,2,3) represent
the main direction of diffusion, while the three eigenvalues (g1,2,3) describe the

magnitude of diffusion along these directions.

Fig.9 representation of an ellipsoid-shaped tensor

Starting from the diffusion tensor, it is then possible to calculate several quantitative
maps, which allow the study of microstructures and can help in the diagnosis of many
brain pathologies. These maps are: mean diffusivity (MD), axial diffusivity (AD), radial
diffusivity (RD) and fractional anisotropy (FA). The latter is a quantitative map with
values between 0 and 1. Closer the values are to 1, more a region is characterized by
anisotropy and depicted with greater intensity in the image (Alexander et al., 2007). In
addition, RGB coloring can be added to obtain additional information on the direction of

the tracts.
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Color map

Fig. 10 fractional anisotropy maps and fractional anisotropy maps with GBR staining

Finally, data from DTI can be exploited to reconstruct more detailed images of the brain
through tractography, a technique designed to map bundles of axonal fibers. Different
approaches can be employed to extract information from tractography, such as
deterministic and probabilistic methods. In the deterministic approach, a seed voxel is
selected, and neighboring voxels are connected by following the principal diffusion
direction defined by the DTI-derived ellipsoid. However, this method has limitations,
particularly in its inability to accurately distinguish crossing or kissing fibers, which are
common in the human brain. To address this issue, the probabilistic method was
developed, which calculates the probability of possible diffusion directions within each
voxel. While this model improves upon the deterministic approach, it still does not fully
resolve the challenges posed by crossing and kissing fibers. More advanced techniques,
such as HARDI (High Angular Resolution Diffusion Imaging), have demonstrated
superior results in handling these complexities. Additionally, anatomically constrained
tractography, which integrates structural information to guide fiber reconstruction,
enhances both precision and reliability by aligning the results more closely with the

brain's actual anatomy (Henderson et al., 2020).
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1.2.3 RESTING STATE fMRI AND RESTING STATE NETWORKS

The images acquired with the previously mentioned techniques, allow to visualize the
anatomical structures of the body in detail. However, in order to be informed about brain
activity, other approaches have been developed, along with the most important is

functional magnetic resonance imaging (fMRI).

This technique allows, in a non-invasive way, to quantify and map brain dynamics, based
on the BOLD signal ( Blood Oxygen Level-Dependent signal). BOLD represents the
changes in oxygenation in the blood that occur as a result of neuronal activity, reflecting
which brain areas are most active during specific tasks or mental states (Kim, 2018).
Indeed, neuronal activation determines an increase in metabolism, with consequent
increment of blood flow towards the activated region that leads to changes in the levels
of deoxyhemoglobin which are exploited by fMRI technique to obtain the signal. To
better understand the signal acquisition process, it is necessary to consider the magnetic
properties of hemoglobin. In fact, hemoglobin can present two forms, deoxyhemoglobin
( dHb) and oxyhemoglobin (oHb), based on the state of bond with oxygen. This difference
reflects hemoglobin behavior when placed in a magnetic field: oHb is diamagnetic and
when immersed in an external magnetic field, it does not interact by altering its
homogeneity leading to a prolongation of the T2* signal, which is the parameter that
influences the BOLD effect. This means that during neuronal activation, a greater influx
of oxygen (therefore oHb) leads to a lower spin dephasing and higher signal (brighter in
the images). Vice versa, the dHb is paramagnetic, so induces local changes in the external
magnetic field and increases the dephasing of spins. Hence, if a tissue is poor in oxygen
(therefore rich in dHb), the T2* will be shorter and the signal obtained will be lower

(darker in the images).

Functional Magnetic Resonance Imaging can be exploited to acquire functional brain data
derived from different mental states, and in this context two approaches have been
developed: resting-state fMRI (rsfMRI) and task-related fMRI. With the first it is possible
to identify the functional networks of the brain, measured while the subject is at rest,
correlating distinct regions of the brain based on BOLD. In fact, if distinct areas of the
brain show overlapped BOLD signals, they probably belong from the same network,

being temporally related. Instead, task-related fMRI measures brain activity while the

20



subject performs a specific task, such as motor task, language, memory, vision, attention
and sensory. Functional networks are not active only during task conditions, but exhibit
spontaneous coactivation of their constituent areas even in the absence of a specific task.
The intrinsic reason behind this functional organization is to prepare the brain to respond
swiftly when a relevant stimulus comes into play. The seven most important functional
networks are: the visual network, the somatomotor network, the limbic network, the
frontoparietal network, the attention networks (ventral and dorsal), and the default mode

network. In details:

-visual network: it is fundamentally involved in the processing of visual stimuli and is
localized in the parietal cortex, therefore including the primary visual cortex and

accessory visual areas:

-somatomotor network: it includes various brain regions, such as the primary motor
cortex (located in the precentral gyrus), the primary somatosensory cortex (in the
postcentral gyrus), and the supplementary motor areas. This organization reflects its main
roles, which include the planning and execution of voluntary movements, but also the

processing of external physical stimuli;

-limbic network: is a very important network, formed by connections between various
subcortical regions, such as amygdala, hippocampus, involved in the control and
generation of higher cognitive functions such as memory, emotions, reward, mood, and

self-awareness;

-frontoparietal network: the FPN contributes to executive functional, problem solving,

working memory and decision making in goal-directed tasks;

-attention networks: the attention network, composed of the dorsal and ventral pathways,
regulates voluntary attention control, is involved in focusing on specific tasks, as well as
in regulating salient stimuli ( unexpected stimuli that can capture attention). The dorsal
network is primarily involved in maintaining attention on concrete goals through the
activation of both brain hemispheres, while the ventral network, mainly located in the
right hemisphere, is activated to orient toward salient stimuli, so detecting significant

events that may interrupt the flow of the ongoing task;
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-default mode network: is a complex system of brain regions that become active primarily
during rest or in the absence of specific tasks. This resting-state network includes several
areas such as the medial prefrontal cortex, posterior cingulate cortex, precuneus, and
medial temporal regions, including the hippocampus, which work together to support
cognitive processes like self-reflection, the retrieval of episodic memories, and the ability
to imagine future scenarios. The DMN tends to deactivate when an individual is engaged
in tasks that demand active processing of external stimuli, while its dysregulation has

been linked to various pathological conditions, such as Alzheimer disease.

7-Network Parcellation (N=1000)

Fig.11 The resting-state networks are depicted based on the parcellation of the human
cerebral and cerebellar cortex by Buckner and Yeo (Yeo et al., 2011). Seven primary
functional networks are identified, with each color indicating brain regions that are part

of the same network.
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1.3 ELECTROENCEPHALOGRAM

The electroencephalogram (EEG) is a non-invasive technique used to record the electrical
brain activity. The electrical signal detected by EEG originates from the ionic currents
across the dendritic membranes of pyramidal cells located in the cortical cortex. These
pyramidal neurons are organized in parallel "palisades", which are perpendicular to the
cortical surface. Their dendrites extend into the cortex's more superficial layers, where
excitatory and inhibitory inputs are anatomically distinct. Indeed excitatory inputs occur
mostly at the dendrites' distal ends, whereas inhibitory inputs occur closer to the cell body.
This separation enables the development of an electrical dipole. The signals detected by
EEG come from excitatory postsynaptic potentials (EPSPs) and inhibitory postsynaptic
potentials (IPSPs) generated in the dendrites of pyramidal neurons. When an excitatory
postsynaptic potential (EPSP) depolarizes the dendritic membrane, sodium ions enter
inside the cell. This generates a negative extracellular charge near the synapse, known as
the active sink, whereas compensatory return currents generate a positive extracellular
charge further down the dendritic membrane, establishing the passive source. Inhibitory
postsynaptic potentials (IPSPs) cause the opposite effect: the entry of chloride ions (CI")
causes local positivity at the synapse (active source), and negative charge at the passive
sink due to compensatory currents. These changes in extracellular charge result in a
dipolar distribution along the dendritic membrane, with current flowing from source to

sink (Beniczky and Schomer, 2020).

L2

Fig. 12 Overview of EEG signal generation at the neuronal level
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In contrast, action potentials (AP) contribute little to EEG signals due to their
characteristics. They are short events that last only 1-2 milliseconds and occur at random
and uncoordinated intervals across neurons. Unlike postsynaptic potentials, which
involve enormous populations of neurons functioning in unison, APs are limited to a
small number of neurons and produce discrete electrical fields that are difficult to detect
on the scalp. EEG systems designed to record lower frequency ranges (1-100 Hz) also
filter out their high-frequency components (>500 Hz). As a result, the tiny, random, and
anatomically confined activity of APs is obscured by the coordinated larger-scale activity
of postsynaptic potentials, making their impact on EEG signals irrelevant (Beniczky and

Schomer, 2020).

When neurons in the brain become active, they generate electrical currents as ion channels
open, allowing ions to flow across the cell membrane. This ion movement creates a
dipole, where one part of the neuron becomes positively charged and another part
becomes negatively charged. When large groups of neurons, particularly pyramidal cells,
synchronize their activity, they collectively generate a dipole. The collective activity of
millions of neurons creates an electric field that propagates through the surrounding brain
tissue. As this field spreads, it influences adjacent structures, including the extracellular
fluid and cell membranes, and eventually reaches the scalp surface. Since the brain
consists of tissues with varying conductive properties, the signal's propagation is not
uniform and is influenced by the differing characteristics of both the brain and
surrounding tissues. The electric field generated by brain activity causes variations in the
electrical potential energy of electrical charges on the scalp surface. This creates an
electrical potential difference between the point beneath the recording electrode and a
reference point. Electrodes measure this electrical potential difference over time,
capturing the synchronized activity of large populations of neurons acting as dipoles.
EEG does not measure the activity of individual neurons or localized events. To detect
EEG patterns, such as alpha waves, approximately 10 cm? of the cortex must be

synchronized simultaneously.

When an electrode detects a potential difference, typically in the microvolt range, the
signal needs to be amplified before it can be processed and analyzed. The amplified signal
is next subjected to spectral analysis, frequently using the Fourier Transform, which

transfers the signal from the time domain to the frequency domain. This method
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disassembles the signal into distinct frequency components, allowing the detection of
particular frequency bands. Each of these bands is associated with specific types of
neurological activity. The main brain rhythms or bands, such as delta, theta, alpha, beta,
and gamma, are associated with different states of concentration, sleep, cognitive

functions (Feyissa and Tatum, 2019):

-Delta waves: are typically observed during non-REM sleep, with frequencies between
0.5 and 4 Hz and an average voltage of 150 uV. These waves are absent during normal
wakefulness in adults but are common in infants. They can also be seen during general

anesthesia and in various neurological conditions;

-Theta waves: these waves are classified into slow theta (4-6 Hz) and fast theta (6-7.5
Hz), with a typical voltage of 75 microvolts. Theta activity is normally present during the

early stages of sleep onset;

-Alpha waves: the alpha rhythm (8-13Hz) with an average amplitude of 30 microvolts is
typically recorded in a waking individual with closed eyes, they are absent during sleep,
except during REM sleep and are predominantly found between the occipital and parietal
brain regions. When the subject opens their eyes, the alpha rhythm fades and is replaced
by beta activity.

-Beta waves: with frequencies ranging from 12 to 30 Hz, are typical of states of intense
mental concentration and cognitive activity. These waves are primarily detected in the
frontal regions of the brain and are associated with periods of high attention and focus.
They are recorded with open eyes and reflect a desynchronization of neuronal activity.

The average amplitude of beta waves typically is 19 microvolts;

-Gamma waves: gamma waves, which usually range from 30 to 100 Hz, are the brain's
fastest waves and are predominantly detected in the frontal and parietal areas. These
waves are linked to advanced cognitive processes like memory, reasoning, problem

solving and handling intricate tasks.
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Fig.13 EEG waves

EEG electrodes are commonly made of conductive materials like gold or silver, and they
are designed to provide stable and long-lasting contact with the skin. They are firmly
attached to the scalp to avoid signal loss. These electrodes are non-polarizable, meaning
they have minimal resistance, which helps prevent interference with the electrical signals
being measured. The number of electrodes used depends on the desired spatial resolution,
ranging from 16 to 256 channels (Tivadar and Murray, 2019). To ensure consistency
across different measurements, a standardized electrode placement system called the
"International 10-20 System" is used. According to this system, the electrodes are
positioned on the scalp such that the distances between them are based on a percentage
(10% or 20%) of the length of idealized lines connecting four predefined anatomical
reference points on the skull, with a central intersection point known as the "vertex."
These reference points include the nasion and inion along the sagittal plane, and the left

and right auricular points along the transverse plane (Feyissa and Tatum, 2019).
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1.4 THE VIRTUAL BRAIN

The brain's complex activity can be examined and described from multiple perspectives,
spanning different scales: microscale, mesoscale, and macroscale. When developing a
model to study brain functionality, it is crucial to first identify the relevant scale of
interest. The microscale focuses on cellular-level processes, such as the functioning of
individual neurons or microcircuits, while the macroscale examines larger brain
structures and the interactions between different regions. Determining the appropriate
scale of analysis is a fundamental step before constructing any model to study brain

dynamics.

To integrate information from these different scales, two main approaches can be adopted:
experimental and mathematical. However, the experimental approach alone faces
intrinsic limitations, particularly in its inability to bridge the gap between scales and
evaluate how specific circuits contribute to macroscopic brain dynamics. To address this
challenge, an intermediate mesoscopic scale has been exploited. This mesoscopic scale
provides a description at the level of cortical columns, nuclei, and populations of neurons,
encompassing up to several hundred/thousand neurons, effectively linking cellular-level

processes to large-scale brain dynamics (Ritter et al., 2013).

With this objective in mind, researchers have explored ways to integrate data from
multiple imaging modalities and bridge the gap between different scales of analysis. As
a result, numerous computational models have been developed. Among them, The Virtual
Brain (TVB) has emerged as a powerful tool for simulating large-scale brain dynamics
based on individual anatomical and functional data. Considered as a top-down approach,
TVB is a neuroinformatic platform capable of integrating macroscopic information, such
as biologically realistic large-scale couplings derived from DTI-based tractography, with
mesoscopic models. Various mesoscopic models have been developed, based on mean-
field or neural mass approaches, but this project has been focused on the Wong-Wang

model (Sanz Leon et al., 2013).

TVB can be reconstructed in a subject-specific way, starting from data coming from
clinics (e.g., DWI, fMRI) and providing a set of information on brain function previously
not available non-invasively. TVB workflow begins with the acquisition of magnetic

resonance imaging (MRI) data, including structural images (T1-weighted) for brain
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anatomy, diffusion-weighted imaging (DWI) for tractography, and resting-state
functional MRI (rs-fMRI) for functional connectivity (particularly useful for the
optimization step). Following this, images undergo preprocessing. A parcellation atlas is
applied to segment the brain into distinct regions, which will serve as nodes for the
connectivity reconstruction. Then tractography is used to build the structural connectivity
matrix, which reveals how and which brain areas (the nodes) are interconnected. The
structural connectivity matrix is then used as a parameter in the equations of the Wong-
Wang model, where each node is represented as a local network consisting of two
populations of neurons, one excitatory and one inhibitory, connected through GABAergic
and Glutamatergic activity. The Wong-Wang model thus describes the dynamics of each
brain area as a balance between excitatory and inhibitory neurons, integrating this

dynamic with structural connectivity data.
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EQUATION?: set of nonlinear stochastic differential equations of Wong Wang model
(Deco et al., 2014).

In the equation 7, i refers to the node under examination, while I (E, I) represent the total
input currents for the excitatory (E) and inhibitory (I) populations, respectively. r (E, I)
indicates the firing rate, while s (E, I) represents the synaptic gating. The parameters G,
Ji, Jnmda, and w+ represent the global coupling, the local feedback inhibitory coupling,

the excitatory synaptic coupling, and self-excitation, respectively.
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The output of the Wong-Wang model, particularly sE, is used as input for the Balloon-
Windkessel vascular model (Lu et al., 2018). This mathematical model describes the
hemodynamic response of the brain following neuronal activity and is used to simulate
how neuronal activity translates into a BOLD signal. The model operates in two phases:
initially, the neuronal input triggers a vascular response, which then generates a BOLD
signal. From the simulated BOLD signal, two functional connectivity matrices are
derived, one static and one dynamic, which will be compared to the static and dynamic
empirical functional matrices obtained from rs-fMRI measurements. This step is crucial
for optimizing the parameters of the Wong-Wang equation to maximize the comparison
result. The optimization procedure leads to a set of subject-specific optimal parameters,
enabling the description of the individual E/I balance profile and supporting the final step
of the TVB workflow, which involves running a final simulation of brain dynamics with
the optimal parameters. In the optimization process, the cost function is defined, which is
an equation that includes the Pearson Correlation Coefficient (PCC) and the Kolmogorov-
Smirnov distance (DKS). In particular, a higher PCC value indicates a better correlation
between the static functional connectivity and the simulated one, while lower DKS values
suggest that the difference between the empirical dynamic functional connectivity and
the simulated one will be smaller. Together, these two values define the cost function,

described by equation 8.
Cost=( 1-PCC) + Ks
EQUATION 8: Cost function

The Virtual Brain (TVB) model is proving to be a crucial tool for non-invasively
exploring brain dynamics and the excitatory/inhibitory (E/I) balance, offering new
opportunities in both healthy and pathological contexts. Although initially focused on
cortical areas, the recent inclusion of cerebellar regions has significantly enhanced the
model's capabilities, allowing for a better understanding of the interaction between the
cortex and cerebellum, which is fundamental for cognitive processes and
neurodegenerative diseases. With the evolution of technology, TVB has the potential to
become a ground truth in personalized medicine, improving the diagnosis and treatment
of neurological disorders, and paving the way for new therapeutic strategies and insights

into the brain's pathological mechanisms.
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Fig.14 : typical workflow of TVB: tractography, creation of structural connectivity
matrix, TVB simulation , comparison between simF'C and simFCD with expF'C and
expFCD to optimize TVB paramiters
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2. AIM

MCI is a highly heterogeneous condition, and the lack of insight into individual-specific
microscopic changes hinders the development of effective personalized therapies. Thus,
this study aims to characterize brain rhythms in individuals with Mild Cognitive
Impairment (MCI) using both peak amplitude, a commonly used clinical parameter, and
AUC (Area Under the Curve), a less conventional but potentially informative metric.
Conducting the whole analysis at brain regions level instead of considering EEG
electrodes will increase electrophysiological data spatial resolution, making possible to
group brain regions into functional networks consequently exploring brain networks
thythms. First a comparison will be made between the AUC and peak amplitude
parameters to determine the extent of overlap in the information they provide about MCI

characterization.

Then, the sensitivity of these parameters to biomarkers positivity in MCI will be
evaluated, to better understand the impact of AP burden on brain rhythms. Further, TVB
will be reconstructed for each subject, extracting for each functional brain network
personalized information about excitatory/inhibitory (E/I) balance. TVB analysis has
previously been applied to neurodegenerative conditions, demonstrating its ability to
assess E/I balance disruptions in pathological states. This study will investigate the
relationship between metabolic information derived from The Virtual Brain (TVB) and
brain rhythms, to get a deeper understanding on the correlates between neurotransmitter
concentration and oscillatory activity in the brain . Finally, the relationship between
neuropsychological assessments of the verbal episodic memory and the AUC, peak
amplitude, and TVB-derived parameters will be explored, to determine whether EEG
metrics, TVB-derived features, or their combination can best explain neuropsychological

performance.

Overall, this study will assess the potential of brain rhythms and digital twins to capture
both biomarkers positivity and memory performance in MCI, enabling us to gain a deeper
understanding of patients brain networks dynamics. The longitudinal assessment of these
subjects in future studies will reveal the role of these dynamics in cognitive impairment
progression, providing new biomarkers for predicting dementia worsening and opening

new perspectives in personalized treatments.
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3. MATERIALS AND METHODS

3.1 PATIENTS

This study involved thirty MCI patients (17 females, aged 73+5y), who were recruited at
the IRCCS Mondino Foundation in accordance with the Declaration of Helsinki. All
subjects provided written informed consent for the study, which received approval from
the ethic committee of the IRCCS Mondino Foundation. The assessment of AD
hallmarks, in particular amyloid B (AP) and t proteins, contribute to a differential
diagnosis of MCI in two categories: MCI due to AD (eighteen subjects positive to AP and
1, MCI+) and MCI non AD (twelve subjects negative to AP and 1, MCI-). The exclusion
criteria were diagnosis of any neurological or psychiatric condition and secondary causes

of cognitive decline such as, metabolic, iatrogenic, toxic, and endocrine.

3.1.1 NEUROPHYCOLOGICAL ASSESSMENT

The I-UDSNB (Italian Uniform Data Set Neuropsychological Battery), a battery of
neuropsychological tests with a high intrinsic ability to diagnose MCI and Alzheimer's,
was administered to all the patients under investigation. The administration of the I-
UDSNB takes around 45 minutes and is facilitated by a newly developed tablet-based
application that assists the experimenter in both test administration and scoring (Conca et
al., 2022). The battery included multiple tests, but following the main objective of this
study to explore memory performance, we focus our attention on metrics related to verbal
episodic memory. Verbal episodic memory was assessed through Craft Story (both
immediate and recall) and the Five Words Test (both immediate and delayed). Raw scores
were corrected for the effect of age, education, and sex according to the reference norms

for the Italian population.

32



3.2 ACQUISITIONS

3.2.1 MRI ACQUISITIONS

The MRI scans were carried out with a 3T Siemens Skyra scanner and a 32-channel head
coil. The protocol was standardized within the RIN network, and included anatomical
acquisitions, DWI and rs-fMRI (Nigri et al., 2022). The anatomical reference was acquire
with a whole brain high-resolution 3D sagittal T1-weighted (3DT1) scan (TR/TE =
2300/2.96 ms, TI=900 ms, flip angle = 9°, in-plane resolution = 1 x 1 mm, slice thickness
= 1 mm). For DWI data, a 2-shell standard single-shot echo-planar imaging sequence
(EPI) was conducted with a voxel size of 2.5 x 2.5 x 2.5 mm?, TR/TE values of 8400/93
ms, two shells containing 30 isotropically distributed diffusion-weighted directions with
diffusion weightings of 1,000 and 2,000 s/mm?, and seven nondiffusion weighted b = 0
s/mm? images (b0 images) evenly distributed among the diffusion-weighted images. For
distortion correction, three nondiffusion weighted images were also obtained using a
reversed phase-encoding acquisition. The rs-fMRI data were acquired using a GE-EPI

sequence (voxel size = 3 ~ 3 ° 3 mm? TR/TE = 2400/30 ms, 200 volumes).

3.2.2 HD-EEG ACQUISITIONS

The “Movement Analysis Research Unit” of the IRCCS Fondazione Mondino performed
the HD-EEG recordings. HD-EEG data were collected using the Geodesic EEG System
(GES) 200 device, which includes a pre-wired headset with 128 HydroCel Geodesic
Sensor NetTM (GSN) type electrodes (Figure 15), in accordance with the international
10-20 acquisition system. Thanks to the use of the cap it is possible to correctly place 128
electrodes, maintaining a distance between them of approximately 20-25 mm. Resistance
of electrodes were kept below 10 kQ using a potassium chloride solution (RPE-ACSISO
5).
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d)

Fig.15 : HYDROCEL GSN A) electrodes, B) strap for ear electrodes, C) strap for facial

electrodes, D) chin strap, E) wire cable, F) connector

The cap was positioned such that Cz electrode is sited halfway between nasion and inion
and left and right ear lobes. HD-EEG signals were recorded for 20 minutes in resting-
state mode, asking the patient to remain relaxed with their eyes closed. Signals acquired
through the GSN cap are sent to a Net Amps 400 C-AMP-ASY-2000-128 differential
amplifier via a specific connector. This amplifier operates with an input voltage of 100-
240 V and a frequency of 50-60 Hz and allows for monopolar referential acquisition of
the 128 electrodes by calculating the potential differences between pairs of electrodes (the

recording electrode and the common reference electrode).

The HD-EEG signals are obtained using a band-pass filter of 0.1-100 Hz and a sampling
frequency of 1,024 Hz. The data are then transferred to the real-time data acquisition
system via a FireWire cable (connecting the amplifier to the computer) to enable their

visualization and recording through the Net Station Acquisition software.
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3.3 PREPROCESSING

3.3.1 PREPROCESSING AND TRACTOGRAPHY OF DIFFUSION

The pre-processing of diffusion-weighted images involved several important steps to
improve data quality and minimize distortions. Initially, noise arising from variations in
tissue magnetic susceptibility was eliminated, as well as artifacts resulting from subject

motion and distortions due to eddy currents and the "ringing Gibbs" effect.

Eddy currents are due to quick variations in magnetic fields (Andersson and Sotiropoulos,
2016), while the ringing Gibbs effect is the result of k-space truncation during MRI
acquisition. These spurious oscillations near tissue edges need to be corrected in order to
recover missing data (Kellner et al., 2016). The EDDY tool (FMRIB software, FSL) was
used to correct for these distortions related to eddy currents and subject movement, and
then a binary brain mask was created from the mean of images with b-value = 0 using the
brain extraction tool (Smith et al., 2006). Images were realigned to the mean b0 image.
Afterward, MRtrix3 (Patenaude et al., 2011) software was used for 3DT1 segmentation,
differentiating between white matter, cortical gray matter, subcortical gray matter, and
cerebrospinal fluid. Then, anatomically constrained tractography (Smith et al., 2012)
traced the routes of 30 million nerve fibers in the brain and estimated their distribution
and orientation. The constrained spherical deconvolution method was used for mapping
neural fiber connections, enabling the modeling of water diffusion across various
gradients and tissue types. A more detailed reconstruction of brain connections was then
obtained using the probabilistic streamline tractography approach. Lastly, to guarantee
precise analysis, spurious cerebrocerebellar tracts were corrected removing ipsilateral
connections from whole-brain tractograms. This refinement improved data quality and

precision for subsequent analyses.
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3.3.2 PREPROCESSING OF FMRI DATA

A custom script was developed in Matlab2019b (The MathWorks) integrating SPM12,
FSL, and MRtrix3 to preprocess fMRI data. Images were denoised using the Marchenko-
Pasteur Principal Component Analysis (MP-PCA). This algorithm reduced the thermal
noise increasing BOLD contrast, without the need of anatomic information coming from
tissues segmentation (Ades-Aron et al., 2021). MP-PCA offers a deterministic separation
of noise-only principal components based on random matrix theory to prevent situations
where the measurement count exceeds the data's information content with the consequent
inclusion of false negative or positive signals. Once the denoising process was completed,
slice-timing correction was applied, images were realigned to the mean functional
volume, and coregistered to 3D T1-weighted volume. Non-neuronal BOLD fluctuations
from measurable noise sources like scanner drift and head motion were reduced using
nuisance regression (Hallquist et al., 2013). The regression was conducted through a
polynomial detrend that included 24 motion parameters regression and the extraction of
signals not related to CSF (Friston et al., 1996). A subject-specific CSF mask was derived
from the 3DT1 segmentation and eroded using a 99% probability threshold to carry out
the nuisance regression. The mask restricts the regions associated with the ALVIN
(Automatic Lateral Ventricle delineation) atlas of the ventricles, thereby excluding
signals from adjacent GM voxels that are not relevant (Kempton et al., 2011). Nuisance
regressors were detected within the CSF mask, and the correction was carried out using
a component-based noise correction (compCor) approach (Behzadi et al., 2007). A
temporal band pass filtering at 0.008-0.009 Hz was applied to complete the

preprocessing.

3.3.3 HD-EEG PREPROCESSING

Preprocessing has been applied to the acquired data to enhance the quality of HD-EEG
signals and identify and remove artifacts without altering the underlying signal. With an
initial downsampling step, signals are resampled at 250 Hz and then filtered within the
frequency band from 0.5 to 45 Hz to eliminate unwanted frequency components. HD-
EEG traces acquired from the 128 channels are then manually cleaned using the Matlab

toolbox called EEGLAB. It is considered essential that the operator checks visually, given
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the extreme diversity of the signals and the presence of numerous artifacts caused by the
movement of the subject or the electrodes. If artifacts excessively compromise the signal
trace, the channel is eliminated and the signal is replaced by interpolating adjacent
electrodes. Following visual inspection, a principal component analysis (PCA) with 64
components is performed to reconstruct the typical components of the acquired signals.
The components associated with heartbeat and eye movements are then removed after
PCA, and the topography and Power Spectral Density (PSD) are reconstructed ( figure
16 and 17) from the 128 electrodes.

Fig.17 : Power spectral density (PSD) generated after HD-EEG pre-processing
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3.4 SOURCE ESTIMATION AND PSD ANALYSIS

To perform the co-registration of HD-EEG and MRI data, the length of the HD-EEG
signal must be reduced to 8 minutes, matching the duration of the rs-fMRI acquisition.
To determine the origin of HD-EEG signals in different brain regions, a co-registration
was performed between the post-preprocessed HD-EEG signals and anatomical MRI
images. This co-registration was carried out using the Brainstorm (Tadel et al., 2011)
software. Initially, the anatomical image was segmented using Freesurfer. Then, a model
of the subject's head was reconstructed using the boundary element method (BEM) called
within the Brainstorm toolbox for computing the lead field matrix. The cortex mesh for
this computation is imported from the subject's folder created by Freesurfer and down-
sampled to a total size of 15,000 vertices. The other three layers of the BEM (scalp, outer

skull and inner skull) were computed using 1922 vertices each and a thickness of 4 mm.

After that, the noise covariance matrix was derived from the recorded HD-EEG signal
before source estimation. The LORETA (Low Resolution Electromagnetic Tomography)
algorithm was employed to estimate the signal sources and address the inverse problem.
The detected sources (i.e., the vertices of the cortical mesh) were arranged according to
the brain regions specified by the parcellation atlas used for reconstructing structural
connectivity matrices, which combines the AAL and SUIT atlases. This method made it

possible to extract the signal for each atlas region.

Following a MATLAB code, starting from the source activity of 124 regions, the region-
specific time series of the six main resting-state networks (DMN, LN, AN, FPN, VN, and
SMN) were extracted. Power spectrum density (PSD) was computed with the Fourier
transform using the Welch method to reduce the PSD variance on each brain region.
Sampling frequency was set to 250 Hz and PSD was normalized with respect to the
maximum value. Then peak amplitude (PA) and Area Under the Curve (AUC) were

computed for each frequency band.
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3.5 STRUCTURAL AND FUNCTIONAL CONNECTIVITY

In the case of MCI patients, structural and functional connectivity were reconstructed by
integrating an individual parcellation atlas with whole-brain tractography for structural
connectivity and resting-state fMRI (rs-fMRI) for functional connectivity. A personalized
grey matter parcellation was created, treating each brain region as a node. This included
93 cerebral labels from the Automated Anatomical Labeling (AAL) template and 31
cerebellar labels from the Spatially Unbiased Atlas of the Cerebellum and Brainstem
(SUIT) (Diedrichsen et al., 2009). The application of the parcellation atlas to whole-brain
tractography produced two types of matrices: a distance matrix containing the lengths of
tracts between each pair of nodes, and a weight matrix in which connection strength is

represented by the normalized number of streamlines.

The time course of the BOLD signal was extracted from rs-fMRI data. Based on the co-
registration between the anatomical atlas and functional ones, Buckner and Yeo atlases,
six functional networks were selected (Fig. 18). For each network, a specific subset of
nodes and their functional connections were extracted from the whole-brain SC and FC

matrices to generate network-specific matrices.
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DEFAULT MODE (DMN) FRONTOPARIETAL (FPN) LIMBIC (LM}

Fig. 18: six rs-functional network extracted for the analysis

Static and dynamic experimental FC (expFC and expFCD) were reconstructed from
experimental data for every network to capture respectively the synchronous fluctuation

of rs-BOLD signals and their spatiotemporal dynamics.

The Pearson Correlation Coefficient (PCC) of the time-course between each pair of nodes
was used to compute expFC. After a Fisher's z transformation, the resulting matrix was
thresholded at 0.0126. The expFCD was obtained through two sequential processes: first,
a FC was calculated using a sliding window of 40 seconds with incremental shifts of 1TR
(Battaglia et al., 2020); second, FCD was estimated as a time-versus-time matrix that
included the correlation between the FC at various time points and the time-evolving

dynamics.
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3.6 BRAIN DYNAMICS SIMULATION WITH TVB

The Wong-Wang model, implemented as Python code, was selected to simulate brain
dynamics. This dynamic mean field model simulates neuronal activity in each brain
region as a network of interconnected excitatory and inhibitory neurons via NMDA and
GABA synapses, offering a representation of the E/I balance. All parameters were
configured as in Deco et al. 2014 (Table 1), with the exception of those adjusted during
model optimization: G, Ji, INMDA, w+.

PARAMETERS VALUE DESCRIPTION
-1
ag, bg, dg, T, W 310nC’ . 125Hz, 0.16 s, Excitatory gating variables
E: DEs Ue, Te, WWE 100 ms, 1 g g 1
615nC™", 177 Hz, 0.087 s o . .
a, b, d, 1, W : : : Inhibitory gating variables
e e e 10 ms, 0.7 fory g g
Y 0.641/1000 Kinetic parameter
a 0.01 nA MNoise amplitude
lo 0.382 nA Qverall eff_ectwe external
input
c. Obtained from diffusion Structural connectivity (SC)
' tractography matrix
G Obtained from parameters Global coupling scaling
optimization factor
J Obtained from parameters Feedback inhibitory synaptic
! optimization coupling
Obtained from parameters , . )
J
MMDA optimization Excitatory synaptic coupling
Obtained from parameters .
W L Local excitatory recurrence
optimization

Table 1: Wong-Wang model parameters for TVB

These four parameters are iteratively combined and used to reconstruct the resting-state
BOLD fMRI time courses using the Balloon-Windkessel hemodynamic model. The
output of this model is a simulation lasting approximately 8 minutes, which is used to
reconstruct sSimFC and simFCD. Then, to gain personalized information about E/I
balance, simFC and simFCD are compared to expFC and expFCD. Regarding static FC,
Wong-Wang parameters were optimized until the PCC values between the experimental
and simulated FC data reached their maximum. In contrast, for the FCD data, the
Kolmogorov-Smirnov distance (DKS) was computed. Lower DKS values indicated that
simulated and experimental FCDs were similar to each other. Consequently the optimal

simulation is the one leading to the highest PCC between expFC and simFC and the
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lowest DKS between expFCD and simFCD. Thus, an overall cost function was

determined as follows:
(1-PCC) + Dks

and lower cost function values reflect the best model fit of both static and dynamic FC

data.

3.7 STATISTICAL ANALYSIS

Statistical tests were performed using version 21 of SPSS software. First, the values of
thythm parameters (AUC and PA) of each band were quantified for each region as the
average AUC and peak amplitude across subjects and tested for normality (Shapiro—
Wilk). To analyze differences between frequency bands within each network, a repeated-
measures GLM was applied. Differences in frequency bands across networks were
assessed using a univariate GLM, followed by a bias-corrected accelerated bootstrap (Pek

et al., 2018) to account for non-Gaussian data distribution.

Subject-specific rhythms within each network were quantified as the average AUC and
peak amplitude across regions and tested for normality (Shapiro-Wilk). For MCI+ and

MCI- comparison non-parametric Mann-Whitney tests were used.

Network specific correlations between brain rhythms and TVB parameters were assessed
using linear regression. Finally, a backward regression was performed to explore the
relationship between the neuropsychological assessment (NPS) of verbal episodic

memory cognitive domain in five combinations:
i: AUC with NPS

ii: PA with NPS

iii: TVB with NPS

iiii: AUC+TVB with NPS
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4. RESULTS

4.1 FREQUENCY BANDS EXPLORATION

A region-specific and network specific frequency bands exploration was carried out

through PSD analysis, from which two parameters were extracted: AUC and PA.

4.1.1 AREA UNDER THE CURVE

Figure 19 shows the region-specific AUC distribution of frequency bands across multiple
functional networks.
M

DMN LN

F==0
FPN
F[—=—o
VN SMN

F [ F :>j o]

43



Mean AUC

Fig.19: barplots show region specific AUC bands in each brain network, expressed in
percentages %. All the regions are arranged in order from the frontal area (F) to the
occipital area (O). The rectangle groups the cortical regions. The bands are color-coded
as follows: blue (delta), yellow (theta), orange (alpha), green (beta), and light blue
(gamma). The network under consideration are: Default Mode Network (DMN), Limbic
Network (LN), Attentive Network (AN),; Fronto Parietal Network (FPN); Visual Network
(VN) and Somato-motor Network (SMN).

As it can be seen, the delta band is predominant compared to the other frequency bands
in all the regions considered. A progressive reduction in delta band power is observed in
the cerebellar regions, suggesting lower low-frequency activity in these areas.
Additionally, an increase in alpha band power can be observed in the occipital regions.
The gamma band consistently exhibits the lowest power, regardless of the region or the

network examined.

Figure 20 shows the AUC contribution of frequency bands within each functional

network.
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Fig. 20: barplots show AUC bands contribution within each network. The bands are
color-coded as follows: blue (delta), yellow (theta), orange (alpha), green (beta), and
light blue (gamma). On x axis networks are represented, on y axis Mean AUC is reported.

The networks under consideration are: Default Mode Network (DMN),; Limbic Network
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Mean AUC

(LN), Attentive Network (AN),; Fronto Parietal Network (FPN); Visual Network (VN) and
Somato-motor Network (SMN). Asterisks show significant differences (p<0.05) between
bands. On the left all bands are represented, on the right delta bands are removed to

focus on all the other bands.

As can be seen, on the left, the delta band power is predominant within each network,
followed by the alpha band, which represents the second most prominent contribution,
except for the frontoparietal network. The gamma band, on the other hand, is the least
represented compared to the others. On the right, the delta band has been removed to

make the contribution of the other bands more evident.

Figure 21 shows the AUC contribution of frequency bands across different functional
networks.
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Fig. 21: barplots show AUC bands contribution between different networks. On x axis
bands are represented, on y axis Mean AUC is plotted. The networks under consideration
are: Default Mode Network (DMN),; Limbic Network (LN); Attentive Network (AN);
Fronto Parietal Network (FPN); Visual Network (VN) and Somato-motor Network
(SMN). The networks are color-coded as follows: very light blue (DMN), light blue (LN),
Tiffany (AN), green (FPN), light blue (VN) and electric blue (SMN). Asterisks show
networks with significant differences (p<0.05) compared to the others. On the left all

bands are represented, on the right delta band is removed.
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As can be seen on the right, the LN exhibits a higher AUC in the delta band compared to
the others. The FPN, on the other hand, shows the lowest theta, alpha, and beta band
power compared to the other networks. Finally, the VN has the lowest delta band, while
its alpha band tends to be higher than in the other networks. On the right, the delta band

has been removed to make the contribution of the other bands more evident.

4.1.2 PEAKS AMPLITUDE

Figure 22 shows the region-specific PA distribution of frequency bands across multiple

functional networks.
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Mean PA

Fig.22: barplots show region specific PA bands in each brain network, expressed in
percentages %. All the regions are organized in order from the frontal area (F) to the
occipital area (O). The rectangle groups the cortical regions. The bands are color-coded
as follows: blue (delta), yellow (theta), orange (alpha), green (beta), and light blue
(gamma). The networks under consideration are: Default Mode Network (DMN); Limbic
Network (LN), Attentive Network (AN),; Fronto Parietal Network (FPN); Visual Network
(VN) and Somato-motor Network (SMN).

As it can be seen, the delta band is predominant compared to the other frequency bands
in all the regions considered. However, a progressive reduction in delta band power is
observed in the cerebellar regions, suggesting lower low-frequency activity in these areas.
Additionally, an increase in alpha band power is noted in the occipital regions. Finally,

the gamma band power contribution is practically negligible.

Figure 23 shows the PA contribution of frequency bands within each functional network
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Fig. 23: barplots show PA bands contribution within each network. The bands are color-
coded as follows: blue (delta), yellow (theta), orange (alpha), green (beta), and light blue
(gamma). On x axis networks are represented, on y axis Mean AUC is reported. The

networks under consideration are: Default Mode Network (DMN), Limbic Network (LN);
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Mean PA

Attentive Network (AN); Fronto Parietal Network (FPN), Visual Network (VN) and
Somato-motor Network (SMN). Asterisks show significant differences (p<0.05) between

bands. On the left all bands are represented, on the right delta bands are removed.

As can be seen on the left, the peak amplitude (PA) of the delta band is predominant
within each network, followed by the theta and alpha bands, which exhibit similar but
lower PA values (except for VN which shows higher PA alpha compared to theta). The
beta and gamma bands, on the other hand, show the lowest PA values. This trend is
consistent across all networks. On the right, the delta band has been removed to make the

contribution of the other bands more evident.

Figure 24 shows the PA contribution of frequency bands between different functional
networks.
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Fig. 24: barplots show PA bands contribution between different networks. On x axis
bands are represented, on y axis Mean AUC is plotted. The networks under consideration
are: Default Mode Network (DMN),; Limbic Network (LN); Attentive Network (AN);
Fronto Parietal Network (FPN); Visual Network (VN) and Somato-motor Network
(SMN). The networks are color-coded as follows: very light blue (DMN), light blue (LN),
Tiffany (AN), green (FPN), light blue (VN) and electric blue (SMN). Asterisks show
networks presenting significant differences (p<0.05) compared to the others. On the left

all bands are represented, on the right delta bands are removed.
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Mean alpha AUC

As can be seen, networks do not show differences in PA in delta and gamma bands.
However, the FPN exhibits lower PA values for the theta, alpha, and beta bands compared
to the other networks, while the VN tends to have a higher PA in the alpha band. On the
right, the delta band has been removed to make the contribution of the other bands more

evident.

4.2 EEG PARAMETERS AND BIOMARKERS POSITIVITY IN
MCI

Figure 25 shows the mean alpha band AUC (left panel) and alpha band PA (right panel)

across different brain networks for MCI+ and MCI- groups.
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Fig. 25: The left bar plot shows the differences in mean alpha AUC between MCI+ and
MCI- in different networks. The X-axis represents the networks, while the Y-axis displays
the mean alpha AUC values. MCI- individuals are represented in light green, whereas
MCI+ individuals are shown in dark green. Asterisks indicate significant differences (p
< 0.05) in alpha AUC between MCI+ and MCI-. The right bar plot illustrates the
differences in mean alpha PA between MCI+ and MCI- in the same networks. Patients
present the same color code. Asterisks indicate significant differences (p < 0.05) in alpha

PA between MCI+ and MCI-.
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As can be seen, the mean alpha AUC and PA values are significantly lower in MCI+
individuals compared to MCI- individuals across all networks. This difference is

particularly pronounced in the visual network (VN).

4.3 EEG AND VIRTUAL BRAIN CORRELATIONS

A regression analysis was performed between the network-specific AUC and PA values

of each frequency band and the four network-specific optimal TVB parameters (G, Ji,
JNMDA, and w+).

4.3.1 AUC AND TVB CORRELATIONS

Figure 26 shows only significant correlations found between network-specific AUC

values and TVB parameters.
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Fig. 26: scatter plots display only the significant regressions between EEG parameters (
AUC) and TVB model parameters in specific brain networks. MCI- individuals are in
light green, while MCI+ individuals are in dark green. The left panel represents the
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alpha,

correlation between alpha AUC in the Default Mode Network (DMN) and J NMDA of
the DMN, with J NMDA on the X-axis and alpha AUC values on the Y-axis. The right
panel shows the correlation between gamma AUC in the somato-motor Network (SMN)
and Ji of the SMN, where Ji is plotted on the X-axis and gamma AUC values on the Y-

axis.

As it can be seen, in both DMN and SMN the regression line shows a positive trend,
suggesting that ] NMDA and alpha AUC in DMN and Ji and gamma AUC in SMN
increase together. In DMN, J NMDA explains 16% of alpha AUC variance (R? = 0.16).
In SMN, Ji explains 15% of the variance in gamma AUC (R? = 0.15).

4.3.2 PA AND TVB CORRELATIONS

Figure 27 shows the significant regressions between network-specific PA values and

TVB parameters.
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Fig. 27: scatter plots display only the significant regressions between EEG parameters
(PA) and TVB model parameters in specific brain networks. MCI- are in light green,
while MCI+ are in dark green. The DMN panel represents the correlation between alpha
PA in the Default Mode Network (DMN) and J NMDA derived parameter of DMN, with
J NMDA on the X-axis and alpha AUC values on the Y-axis. The FPN panel shows the
correlation between beta PA in the Somatomotor Network (SMN) and w+ derived
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parameter of SMN, where w+ is plotted on the X-axis and beta PA values on the Y-axis.
Finally, the SMN panel represents the correlation between gamma PA in the somato-
motor network (SMN) and Ji derived parameter of SMN, with Ji on the X-axis and gamma
PA on the Y-axis.

As it can be seen, in DMN, FPN and SMN the regression line shows a positive trend,
suggesting that ] NMDA and alpha PS in DMN, w+ and beta PA in FPN and Ji and
gamma PA in SMN increase together. In DMN, J] NMDA explains 20% of alpha PA
variance (R? = 0.20). In FPN, w+ explains 14% of the variance in beta PA (R>=0.14). In
SMN, Ji explains 17% of the variance in gamma PA (R?=0.17).

4.4 THE RELATIONSHIP WITH VERBAL EPISODIC MEMORY

A regression analysis was performed between the network-specific AUC, PA, TVB,
AUC+TVB and PA+TVB with neuropsychological assessment (NPS) raw scores.

4.4.1 SINGLE PARAMETERS

Figure 28 shows the percentage of verbal episodic memory variance significantly

explained by network specific AUC, PA or TVB bands values.
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Fig. 28: The bar plot shows the percentage of NPS variance significantly explained by
AUC, PA, or TVB values in different networks. The X-axis represents the networks and I-
UDSNRB subtests, while the Y-axis shows the percentage of variance (quantified as R°)
explained by AUC, PA, and TVB. The three variables are color-coded as follows: AUC
in dark blue, PA in light blue, and TVB in bright green.
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As it can be seen, AUC, PA, and TVB values contribute to explain patients scores in
different cognitive test. Overall, TVB parameters exhibit a consistently high explanatory
percentage across multiple tests and contribute to explain patients performance in the craft
recall tests, where EEG parameters do not correlate with NPS. While AUC and PA
sometimes account for the same tests, in other cases, their explanatory power is distinct.
Specifically, AUC appears to be a significant predictor for Five Worlds immediate cued
recall and Five words delayed total recall, where PA is not. Vice versa PA appears to be

a significant predictor for total free recall, where AUC is not.

4.4.2 COMBINED PARAMETERS

Figure 29 shows the percentage of verbal episodic memory variance significantly
explained in regression by AUC, PA, and TVB parameters not only alone but also

combined (AUC+TVB and PA+TVB).
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Fig. 29: The bar plot shows the percentage of NPS variance significantly explained by
different predictors combinations. The top panel shows the regression with AUC, TVB,
and AUC+TVB, while the bottom panel presents the regression with PA, TVB, and
PA+TVB. The X-axis represents networks and different I-UDSNB subtests, while the Y-

axis indicates the percentage of NPS variance (quantified as R’) explained by these
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predictors. The five variables are color-coded as follows: AUC in dark blue, TVB in

bright green and AUC+TVB in pink on top panel; PA in light blue, TVB in bright green
and PA+TVB in cerulean.

As seen in both panels, the combination of AUC and PA with TVB significantly increases
the explained variance of various tests. Interestingly, combined parameters explained
patients’ performance not only in the tests that were already explained by AUC, TVB or

PA alone, enhancing their ability of capturing MCI neuropsychological variance. .
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S DISCUSSION

5.1 BRAIN NETWORK RHYTHMS

The region-specific analysis of Power Spectral Density (PSD) highlighted a substantial
difference between the two extracted parameters, AUC and PA, in relation to higher-
frequency bands (beta and gamma). In resting state, as expected, brain activity power is
primarily concentrated in low-frequency bands (delta, theta, and alpha), while higher-
frequency bands exhibit very low PA values, sometimes close to zero. This occurs
because, in a resting condition, there is no strong synchronization of neuronal activity in
the beta and gamma bands, which are instead more involved in active cognitive processes
(Babiloni et al., 2021). However, AUC is still able to capture the presence of activity in
high-frequency bands. This is because, unlike PA, which quantifies only the peak power
within a band, AUC measures the total power distributed across the entire frequency
range. In the beta and gamma bands, even in the absence of distinct peaks, power can be
spread over a wide range of frequencies, albeit at very low levels. This explains why AUC
is more informative in characterizing the spatial distribution of high-frequency bands
compared to PA, which tends to underestimate the presence of activity in these bands
under resting conditions. Both AUC and PA confirm that occipital regions tend to exhibit
higher alpha power, in line with the typical EEG topography. This finding, emerging from
the region-specific analysis, aligns with the literature, which shows that alpha rhythm is
dominant in posterior regions during resting state, reflecting the oscillatory activity of
neuronal networks involved in visual and attentional processes (Mari-Acevedo et al.,

2019).

The network-specific analysis of AUC and PA parameters confirms that the delta band is
predominant across all networks, consistent with the fact that subjects are in a resting
state, a condition in which low-frequency activity tends to dominate. However, the two
parameters reveal differences in the other frequency bands. AUC indicates that, after
delta, the alpha band is the most represented, with a particularly evident peak in the VN,
in line with the literature. This is followed by theta and beta, while gamma consistently

appears as the least represented band across all networks. PA, on the other hand, shows a
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different distribution: after delta, the alpha and theta bands exhibit similar and
significantly higher values compared to the others, whereas beta and gamma tend to be
equivalent, representing the bands with the lowest PA values. These differences suggest
that AUC is more sensitive in capturing the hierarchy of frequency bands within different
networks, while PA may flatten some variations, particularly in the higher frequency
ranges. One significant exception is the FPN, which exhibits a more balanced spectral
distribution across different frequency bands. In contrast to other networks, where alpha
is distinctly dominant after delta, FPN shows that alpha, theta, and beta have comparable
AUC values. This might be associated with FPN function in managing higher-order
cognitive processes and dynamically integrating information from various brain areas,
even during resting state (Marek and Dosenbach, 2018). Therefore, it could have a more
distributed oscillatory activity instead of showing a clear dominance of some bands as

happens in non-cognitive networks (e.g. VN for alpha).

From the analysis of AUC and PA across different networks, a general increase in the
delta band emerges in the LN, which shows higher AUC values compared to the other
networks. This supports AUC sensitivity in detecting differences between networks,
especially in the case of slow oscillations. The increase in delta wave power has been
already observed in MCI patients, which present a reduction in fast oscillations even
during wakefulness (Babiloni et al., 2006). This result has been associated to cholinergic
degeneration, particularly at the level of the basal nucleus of Meynert, which impairs
cholinergic modulation of the cortex (Babiloni et al., 2006). Under physiological
conditions, this modulation favors fast oscillations (beta/gamma) at the expense of slow
oscillations (delta). However, in MCI the degeneration of the cholinergic system disrupts
this balance, especially in the limbic regions, supporting the validity of our findings.
Regarding theta, alpha, and beta bands, significant differences are observed only in the
FPN, which shows lower AUC and PA values compared to the other networks. This could
be in line with the more distributed oscillatory activity in the FPN even at rest, without a
marked predominance of specific frequency bands. However, the fact that these bands are
lower for both AUC and PA does not allow us to determine whether this is a physiological
or pathological phenomenon, due to the absence of a control group. Finally, the gamma

band does not show significant differences between networks and is the least represented,
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a finding consistent with the resting state condition in which the analysis has been

conducted.

5.2 BRAIN RHYTHMS CAPTURE BIOMARKERS POSITIVITY

Our results show that both AUC and PA of the alpha band significantly distinguish MCI-
from MCI+ across all functional networks analyzed. This suggests that f-amyloid (Ap)
burden, a well-established biomarker of AD, could be a key factor contributing to the
reduction of alpha activity across all functional networks, potentially representing an
underlying mechanism of progressive cognitive decline. Positivity to AD biomarkers
complicates the picture of MCI condition. Indeed, although these biomarkers are already
used in clinics to monitor neurodegeneration, their predictive power for dementia
progression in single subjects is poor and under debated. Alpha power reduction has been
observed in AD (Lejko et al., n.d.), supporting its sensitivity to cognitive impairment.
Thus, a longitudinal assessment of our cohort will be performed, to investigate if this
reduced alpha power can be considered as an hallmark of biomarkers positivity and be a

predictor for cognitive decline.

5.3 BRAIN RHYTHMS AND EXCITATORY AND INHIBITORY
BALANCE

Regarding the correlations between TVB and EEG derived parameters, positive
correlations were found. In particular, using a linear regression analysis, alpha AUC and
PA of the DMN were found to be correlated with the ] NMDA parameter derived from
TVB. Particularly, ] NMDA explains 16% of alpha AUC variance and 20% of alpha PA
variance. Therefore, we can infer that when the overall ] NMDA parameter increases,
this determines an increase in the power of the alpha wave. It is important to point out
that this is the first time that this type of relationship has been investigated through virtual
brain models, and the association between neurotransmitters (i.e., glutamate and GABA)
and brain oscillatory activity (i.e., brain rhythms) is not easy to be assessed non-invasively

in the human brain. According to the state of the art, the administration of ketamine can
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decrease baseline power in the alpha band (Salvador et al., 2022). Considering that
ketamine is a non-competitive NMDA antagonist, this result supports the correlation

observed between alpha band and virtual brain derived ] NMDA value.

Moreover, for both AUC and PA gamma values in SMN, a correlation with Ji has been
found. Specifically, Ji explains 15% of the variance in gamma AUC and 17% of the
variance in gamma PA, suggesting a positive trend linking the increase in Ji with the
increase in gamma. These findings are in agreement with literature which hypothesized
that motor cortex GABA levels would correlate positively with motor cortex gamma
frequency (Gaetz et al., 2011). Finally, our results suggest that w+ is positively correlated
with the PA of beta waves in the FPN, explaining 14% of its variance. However,
interpreting this association in the context of the literature is highly complex, as w+ is a

parameter of local recurrent excitation, which can be rarely measured in the human brain.

Whether all these correlations can be due to neurotransmitter concentrations underpinning
brain rhythms in a physiological or pathological way cannot be assessed in this study, due
to the absence of healthy controls. However, the relationship observed between TVB
derived parameters and oscillatory activity in MCI brain is interesting, pointing out the

utility of digital twins to explore non-invasively what was difficult to study before.

5.4 BRAIN RHYTHMS AND DIGITAL TWINS CAPTURE MEMORY
PERFORMANCE

AUC, PA and TVB network-specific parameters, either individually or in combination,
demonstrated their ability to capture verbal episodic memory I-UDS performance of MCI
patients. In neuropsychological assessments the administration of multiple tests targeting
verbal episodic memory is due to the high patient’s heterogeneity and the different
sensitivity that these tests can present in predicting MCI conversion to AD (Conca et al.,
2022). These tests differ for the material used and the conditions, and in the case of this
thesis all the tests were performed immediately or in a delayed condition and in presence
or absence of cuing. In general, AUC and PA, although intrinsically correlated, do not
always explain the same memory performance. Specifically, both explain the Five Words

Immediate Free Recall, but individually, AUC explains Total Free Recall, while PA
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explains Five Words Delayed Total Recall, which is a specific subtest capable of
distinguishing MCI from HC (Conca et al., 2022), as well as Five Words Immediate Cued
Recall. TVB, when considered individually, explains a higher percentage of subtest-
derived data variance and accounts for additional tests, such as Craft Immediate
Paraphrase and Craft Recall Paraphrase, the latter also being sensitive for distinguishing
between MCI and HC (Conca et al., 2022), as well as Craft Recall Verbatim. In addition,
it explains Five Words Immediate Cued Recall, which was already explained by the PA
parameter. The ability of EEG and TVB to explain MCI performance in all these
neuropsychological conditions highlight the capacity of this multiparametric
characterization to capture patient profiling and the memory impairment, supporting the

clinical validity.

TVB and EEG parameters combined, achieved significantly higher performance,
explaining over 50% of memory domain in MCI patients. Interestingly, combined
parameters explained patients’ performance not only in the tests that were already
explained by AUC, PA or TVB alone but also in the Five Words Delayed Free Recall.
These findings suggest that the combined use of these parameters provide a much more

sensitive measure for capturing memory performance in MCI condition.
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6 CONCLUSION

Our region and network-specific frequency band exploration reveals new insights into
brain rhythmic activity in MCI condition. Our study not only enhances the spatial
resolution of EEG analysis at single-region level but also highlights differences between
AUC and PA, intrinsically correlated parameters able to describe frequency power, in the
description of brain rhythms. Through brain network rhythm analysis, we were able to be
sensitive to biomarkers positivity in MCI, enhancing the sensitivity of alpha bands to AP
burden in the pathological population. Taking advantage of digital twins reconstruction
of MCI patients, it has been possible to explore non invasively the correlation between
neurotransmitters and oscillatory activity, supporting the role of glutamate and GABA in
modulating brain rhythms. Finally, both EEG and digital twins derived parameters
demonstrated their ability to capture memory performance, opening new perspectives for

monitoring cognitive impairment progression.

In conclusion, EEG and TVB enabled us to gain a deeper understanding of patients’ brain
network dynamics, capturing multifaceted aspects of brain function. The longitudinal
assessment of these subjects in future studies will reveal the role of these dynamics in
cognitive worsening, providing new biomarkers for predicting dementia conversion and

opening new perspectives in personalized treatments.
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