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Abstract
Context
Cognitive decline is one of the most common non-motor symptoms of Parkinson’s
disease (PD), ranging from a mild cognitive impairment (MCI PD) to a more severe status of frank dementia (PDD). Given the high incidence and the severity
of symptoms, there is a strong need for robust strategies allowing an early identification of the onset of cognitive deficits in PD patients. The study of resting
state functional connectivity based on functional Magnetic Resonance Imaging
(fMRI) represents a promising strategy allowing a non-invasive analysis of the
functional alterations linked to the progression of the disease. On the other hand,
recent postmortem and longitudinal studies have suggested the role of β-amyloid
(Aβ) deposition, a pathological trait characteristic of Alzheimer’s disease, in the
progression to dementia in PD. The assessment of a relation between the amyloid
deposition and the functional connectivity alterations, as suggested by similar
findings reported for AD, could open new strategies for the delineation of reliable
biomarkers, combining information from amyloid PET imaging and resting state
fMRI.
Our study was conducted on a dataset coming from a simultaneous resting state
fMRI and [18F]Flutemetamol PET acquisition on a cohort of cognitively impaired
PD patients, classified, according to the pattern of amyloid deposition, in an Aβnegative and an Aβ-positive group.
We employed a graph theory based approach which allowed the description, through
simple and easily interpretable metrics, of the complex system of the cerebral
functional network and the identification of intergroup differences in functional
connectivity patterns.
Development of the preprocessing pipeline
The first part of the work consisted in the development of a preprocessing pipeline,
through ad hoc adjustments to the standard minimal preprocessing by Glasser et
al.[1]. Indeed, the high motion corrupting data, due to the pathologic condition
of the subjects, the high atrophy affecting the patients’ brain and the clinical
acquisition protocol made the analysis of data particularly challenging.
The principal issues regarded the identification of a robust method for the brain
extraction of the anatomical image, through the evaluation of different state-ofthe-art tools, and the choice of a proper anatomical atlas.
Functional connectivity analysis
The second part of the work consisted in the analysis of functional connectivities
among cerebral regions, identified through the Schaefer functional parcellation [2]
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of the cortical areas and the segmentation of the subcortical regions.
Since no agreement exists for the threshold to apply to the FC matrices in order
to delate spurious non-relevant connections, a multi-threshold analysis was performed to evaluate the effect of different sparsity thresholds on graph measures
of node centrality and network segregation.
The mean analysis of intergroup differences revealed that, beyond the cognitive
status of the subjects, abnormal amyloid deposition is associated with an overall
reorganization of the brain functional networks, both in terms of the distribution
of the hubs, highly interconnected nodes with a central role in the communication
within the network, and in terms of the module structure.
A subject-specific analysis of intergroup differences, revealed an overall tendency
to increase, despite non statistically significant after correction for multiple testing, for local clustering coeﬀicient and local eﬀiciency in Aβ-positive group, suggesting an increase of networks segregation.
Conclusion
The fine tuning of the preprocessing pipeline allowed good performances for the
segmentation and coregistration of the anatomical images, which guaranteed reliable estimates of the FC matrices. The multi-threshold analysis allowed to better
understand the effect of network density on the graph metrics and confirmed
the instability of the metrics across sparsity thresholds reported in the literature
[3, 4]. Finally, the application of a graph theory based approach to the study
of differences in resting state functional connectivity between the Aβ-negative
and Aβ-positive groups allowed a synthetic and clear description of the overall
alterations of brain connectivity, in terms of hubs distribution, module structure
and network segregation.
This topological reorganization is in line with the results reported for similar
studies in Alzheimer’s patients. The use of a graph theory based approach to the
study of functional connectivity in PD and the analysis of the relationship with
the amyloid deposition is to date still limited.
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Sommario
Contesto
Il declino cognitivo è uno dei sintomi non motori più comuni della malattia del
Parkinson (PD), e può andare da un stadio di lieve deterioramento cognitivo
(MCI PD) a uno stato più grave di demenza conclamata (PDD). Data l’elevata
incidenza e la gravità dei sintomi, vi è una forte necessità di strategie robuste
che consentano un’identificazione precoce dell’insorgere di deficit cognitivi nei
pazienti con PD. Lo studio della connettività funzionale (FC) in resting state
basata su dati di Risonanza Magnetica Funzionale (fMRI) rappresenta una strategia promettente che consente un’analisi non invasiva delle alterazioni funzionali
legate alla progressione della malattia. D’altra parte, recenti studi post-mortem
e longitudinali hanno suggerito il ruolo del deposito di β-amiloide (Aβ), un tratto
patologico caratteristico della malattia di Alzheimer, nella progressione verso la
demenza nel PD. La conferma di una relazione tra il deposito di amiloide e le
alterazioni di connettività funzionale, come suggerito da risultati simili riportati
per l’Alzheimer, potrebbe aprire nuove strategie per l’individuazione di biomarcatori aﬀidabili tramite acquisizioni PET e di risonanza magnetica in resting state.
Il nostro studio è stato condotto su un dataset proveniente da un’acquisizione
simultanea di fMRI a riposo e PET con tracciante [18F] Flutemetamolo, su una
coorte di pazienti con PD con deficit cognitivo, classificati, secondo il pattern di
deposito dell’amiloide, come soggetti Aβ-negativi o Aβ-positivi.
L’applicazione della teoria dei grafi allo studio della connettività funzionale ha permesso la descrizione attraverso metriche semplici e facilmente interpretabili del
complesso sistema delle reti funzionali cerebrali e l’individuazione di differenze
nelle network cerebrali nei due gruppi.
Sviluppo della pipeline di preprocessing
Una prima parte del lavoro è consistita nello sviluppo di una pipeline di preprocessing, attraverso modifiche ad hoc allo standard Minimal Preprocessing proposto da Glasser e colleghi[1]. L’alta componente di rumore sul dato, legata alla
condizione patologica dei soggetti, l’elevata atrofia del cervello dei pazienti e il
protocollo di acquisizione clinico hanno reso l’analisi dei dati particolarmente impegnativa. Le principali problematiche hanno riguardato l’individuazione di un
metodo robusto per il brain extraction dell’immagine anatomica, attraverso la
valutazione di diversi tool, e la scelta di un adeguato atlante anatomico.
Analisi di connettività funzionale
La seconda parte del lavoro è consistita nell’analisi delle connettività funzionali tra regioni cerebrali individuate tramite la parcellizzazione funzionale fornita
v

dall’atlante Schaefer [2] delle aree corticali e la segmentazione delle regioni sottocorticali. Poiché ad oggi non esiste in letteratura un consenso generale riguardo
la soglia da applicare alle matrici FC per eliminare connessioni spurie e non rilevanti, è stata eseguita un’analisi multi-soglia, al fine di valutare l’effetto della
diverse soglie di sparsità sulle misure di grafo.
L’analisi media delle differenze tra i due gruppi ha rivelato che, al di là dello stato
cognitivo dei soggetti, il deposito di amiloide è associato ad una riorganizzazione
complessiva delle reti funzionali cerebrali, sia in termini di distribuzione degli hub,
nodi altamente interconnessi con un ruolo centrale all’interno della rete, sia in termini di modularità. L’analisi soggetto-specifico delle differenze tra i due gruppi
ha inoltre rivelato un generale aumento, seppur non statisticamente significativo
dopo la correzione per test multipli, del clustering coeﬀicient e della local eﬀiciency nei soggetti Aβ-positivi, suggerendo un aumento della segregazione delle
network cerebrali.
Conclusioni
La messa a punto della pipeline di preprocessing ha consentito buone prestazioni
di segmentazione e coregistrazione delle immagini anatomiche, permettendo di
ottenere stime aﬀidabili delle matrici FC. L’analisi multi-soglia ha permesso di
comprendere meglio l’effetto della densità della rete sulle metriche di grafo e ha
confermato l’instabilità delle metriche calcolate con diverse soglie di sparsità riportata in letteratura [3, 4]. Infine, l’applicazione di un approccio basato sulla
teoria dei grafi allo studio delle differenze di connettività funzionale in resting
state tra i soggetti Aβ-negativi e Aβ-positivi ha permesso una descrizione sintetica e chiara delle alterazioni di connettività funzionale, in termini di distribuzione
degli hub, struttura modulare e segregazione delle network.
Tale riorganizzazione topologica è in linea con i risultati riportati per studi analoghi
sui malati di Alzheimer. L’utilizzo di un approccio basato sulla teoria dei grafi
allo studio di connettività funzionale nei pazienti PD e l’analisi della relazione
con il deposito di amiloide è ad oggi ancora limitato.
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1

Introduction
1.1

Parkinson’s disease and cognitive impairment

Parkinson’s disease (PD) is the second-most common neurodegenerative disorder, following Alzheimer’s disease, with an incidence of 2–3% in the population
over 65 years of age [5].
It is characterized by dopamine deficiency in the brain, caused by the dopaminergic cell death mainly affecting the substantia nigra and basal ganglia, and by
intracellular inclusions of α‑synuclein aggregates known as Lewy bodies [5, 6]
Clinical diagnosis of PD is based on the presence of specific motor symptoms
such as bradykinesia, resting tremor, rigidity, postural instability, asymmetric
manifestations, and good response to levodopa [7]. However, Parkinson’s disease
is characterized by a more complex clinical picture and most PD patients experience different non-motor symptoms in the course of the illness, such as cognitive
impairment, depression, apathy, and autonomic dysfunctions [6], with not negligible implications for patient quality of life and therapy costs.
One of the most common non-motor symptoms of PD is cognitive impairment,
ranging in severity from mild cognitive impairment (MCI) to frank dementia. The
MCI is defined as a cognitive decline that is abnormal for the patient’s age but in
which the normal daily functioning is still preserved and criteria for the diagnosis
of Parkinson’s disease dementia (PDD) are not fulfilled [8].
It is highly frequent in PD since the first stages of the disease, while the risk
to progress to a more severe status of frank dementia increases with the years
of illness, and this condition is often experienced as a later complication of the
pathology. However, parkinsonian patients with MCI show a higher risk of devel1

oping dementia than cognitively intact ones, suggesting that MCI in PD is not
a stable condition, but a transition state towards dementia [9, 10] and its early
detection could help the prediction of future cognitive aggravations.
The broad spectrum of symptoms and clinical manifestations of Parkinson’s
Disease reflect the heterogeneous nature of the underlying neuropathophysiology
[11]. Indeed, a recent post mortem study of pathologic protein deposits in demented patients demonstrated that only 38% of autopsied patients presented a
pure synucleinopathy, while the others showed both neocortical synucleinopathy
and βamyloid (Aβ) deposition, with, in most cases, minimal or no cortical tau
proteins deposition [12]. These results show peculiar aspects of the PDD pathogenesis, distinguishing it from the synucleinopathy of Parkinson’s disease and
β-amyloid and tau deposition of Alzheimer’s disease (AD).
More correspondence, instead, can be observed with the Dementia with Lewy
Bodies, characterized by cortical and subcortical α‑synuclein aggregates in Lewy
bodies and β-amyloid and tau deposition. The principal difference between the
two pathologic conditions is represented by the order of onset of motor and cognitive symptoms: dementia often precedes parkinsonism in DLB while in PDD the
cognitive impairment shows up after the onset of motor symptoms [13]. However,
considerable clinical overlap can be observed between the two conditions and despite differences at the early stages of the disease, PDD and DLB show similar
symptoms with the progression of the disease [6]. In this sense, DLB and PDD
could be considered as different clinical expressions of the same neurodegenerative
processes [14] and it is not rare that the two syndromes are studied together as a
single category.

1.2

Robust biomarkers for the diagnosis of dementia in PD

Cognitive impairment is a major non-motor feature of PD, characterized by
a wide range of cognitive deficits, including deficits in attention, executive and
visuospatial functions, but also memory loss and diﬀiculties in sentence processing [15], with not negligible impact on the patient’s quality of life and important
social and economic consequences.
Diagnosis of dementia has a prevalence of around 30% among PD patients, 4-6
times higher than in healthy individuals [16]. Moreover, longitudinal epidemiologic studies reported up to 83% of survived PD patients progressed to dementia
after 20 years [17].
Considering the high prevalence and the severity of symptoms, and the consequent
profound impact on the population life and health, there is a growing interest in
2

the research field in the identification of dementia biomarkers that can allow an
accurate diagnosis since the early stages of the pathology.
Indeed, early identification of the PD patients who are likely to progress to dementia could help to prevent further cognitive decline through the development
of more targeted treatments, with a clear advantage to start the therapy since
the earliest phases of the pathologic processes when it has more chances to have
eﬀicacy [7]. Finally, robust biomarkers could help to monitor disease progression
and patients’ responses to therapies and neurorehabilitation [18]
Today the diagnosis of PD-associated cognitive impairment principally bases
on clinical and cognitive assessments but the detection of the pathology onset
and the early signs of cognitive dysfunction is still challenging [8]. However, in
the last years, alternative strategies have been proposed in order to identify reliable disease biomarkers, coming from the analysis of cerebrospinal fluid (CSF)
proteins, electroencephalography but also structural and functional imaging [16].
Concerning CSF proteins, useful biomarkers have been identified through targeted analysis of candidate proteins known to be important to PD pathogenesis
and progression such as α-synuclein, β-amyloid, and tau [18]. They have in particular the big advantage to clarify the complex system of mechanisms involved
in disease pathogenesis and so to provide new targets for the therapy.
Other promising strategies consist in the use of neuroimaging techniques and,
among the others, Magnetic Resonance Imaging (MRI) has shown great potentialities for the diagnosis of PD cognitive impairments: structural MRI allows the
identification of PDD peculiar pattern of atrophy while functional MRI reveals
brain network changes associated with the cognitive dysfunction. In particular,
the big advantage of functional MRI is the possibility to detect, with a noninvasive technique, alterations of the normal functional connections prior to the
emergence of atrophy signs [10], at the early stages of the disease.
Finally, the application of PET imaging of β-amyloid depositions to the study
of Lewy Body Disorders has recently allowed a better understanding of the role
of the amyloid in the progression of cognitive impairment, offering new potential
strategies for the diagnosis and treatment of dementia [14, 19, 20, 21].

3

1.3

Resting-state functional connectivity alterations in cognitively impaired PD patients

1.3.1 Functional magnetic resonance imaging
Functional magnetic resonance images (fMRI) are acquired through blood-oxygenlevel-dependent (BOLD) imaging.
BOLD contrast imaging bases on the fact that, while oxygenated hemoglobin
is diamagnetic, deoxygenated one is highly paramagnetic and so the presence
of these magnetic molecules produces a difference in blood magnetic susceptibility, 20% higher in fully deoxygenated than in oxygenated blood. Ogawa et
al. [22], with their experiments on animals, demonstrated the possibility to use
paramagnetic deoxyhemoglobin as an endogenous contrast agent, through the accentuation of BOLD contrast in gradient-echo proton images at high magnetic
fields. Indeed, the presence of paramagnetic molecules in the blood produces a
difference in magnetic susceptibility between the blood vessel and the surrounding
tissue causing the presence of local gradients in the magnetic field; these field inhomogeneities promote the spin dephasing and the T2* relaxation time decreases.
T2*-weighted images acquired with a magnetic field B0 higher than 1.5T allows to obtain signals depending on deoxyhemoglobin levels and so on blood
oxygenation in the different cerebral regions. This suggests the use of BOLD
imaging to follow, in a non-invasive way, changes in the oxygen consumption and
supply, related to biological processes taking place in the cells. Indeed, when
neurons are involved in a function, the adenosine triphosphate (ATP) production
by mitochondria increases as a response to the cellular need for more energy to
perform their tasks. Consequently, blood flow increases in regions involved in the
processing, through vasodilation in capillaries and increase of the speed of blood
flow, in order to guarantee the necessary amount of glucose and oxygen for the
ATP synthesis. Since more oxygen is delivered than metabolized, this causes an
increase of oxygenated hemoglobin and a decrease in deoxygenated concentration,
both in the intra and extravascular spaces, which can be detected through BOLD
weighted imaging.

1.3.2 Resting state functional connectivity analysis
BOLD signal, following changes in blood oxygenation, represents an indirect measure of the neuronal activity, and fMRI studies have allowed in the last three
4

decades a deeper understanding of the brain function. fMRI was traditionally
used to study functional activities during the performance of a task or in response
to a stimulus: looking at the relative changes from baseline in the BOLD signal
it is possible to identify the areas of the brain that are activated and involved in
a specific task. [23]. However, cerebral activity represents an intrinsic feature of
the brain [24] and it is not necessarily linked to the execution of a specific task.
Functional MR images acquired in resting condition (rs-fMRI), in which the patient doesn’t perform any function but he just stays at rest, show the presence of
spontaneous low-frequency fluctuations in the BOLD signals [23]. The functional
significance of these fluctuations was first reported by Biswal et al in 1995 [25],
who found the presence of spatially coherent activity in the resting-state BOLD
signal of the left and right somatosensory cortex.
Functional connectivity (FC) analysis consists of the evaluation of the statistical dependency between BOLD signal fluctuations among spatially distributed
brain regions. High statistical dependency suggests coherent activation and so
a strong functional connection between the analyzed cerebral areas [26]. The
application of FC analysis to rs-fMRI data has provided insight into the intrinsic functional architecture of the brain [27][28], composed of highly specialized
and segregated brain areas, which result to be highly interconnected among each
other, thus guaranteeing an eﬀicient transfer of the information within the brain
[29]. In particular, the network segregation represents the tendency of the brain
to be organized into modules, clusters of densely interconnected regions collaborating on specialized processes, while the network integration is the ability to
rapidly combine specialized information from the different modules and refers to
the coordinated activation of distributed neuronal populations [30].
The analysis of the correlated and anti-correlated spontaneous activity between
the different cerebral regions allows the identification of intrinsic functional networks, characterized by relatively consistent time courses across its set of involved
regions, which distinguish it from the other networks [31]. In this sense, a great
contribution has come from the Human Connectome Project [32], whose aim was
the delineation of a detailed in vivo mapping of the physiological functional connectivity in the brain, from rsfMRI acquisition in a large cohort of healthy adults
The principal resting state intrinsic networks are the default mode network (DMN),
the dorsal and ventral attention network (DAN and VAN), the frontoparietal
network (FPN), the central–executive network (CEN), the sensorimotor network,
the salience network, the visual processing network and the auditory network
[33, 34, 7, 23]. Among these, the DMN is perhaps the most known and studied.
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First identified from PET data by Raichle et al. [35], and then by Greicius et
al. [36] by using fMRI, the DMN represents an introspective network, showing
high activity in rest condition, which strongly decreases during the performance
of specific cognitive tasks. This network results highly anticorrelated with the
DAN [37], which on the contrary results to be highly active during externally
directed cognitive tasks.
More in general two main opposing systems can be identified in the brain, a
“task-negative” system, including the DMN, which is involved in introspective
functions, and a “task-positive” one, including somatosensory, visual, or attention resting state networks, which are networks of interaction with the external
world.
However, resting-state fMRI represents a powerful technique not only for the
study of the physiological brain organization but also to investigate how this
functional architecture changes in pathologic conditions, such as in the case of
neurodegenerative disorders. In this regard, the big advantage of rs-fMRI is that
it does not ask the patient to perform any specific task and so it allows studies
on individuals unable to cooperate such as cognitively impaired patients [38, 39].
Several studies have been conducted on the alterations of functional brain networks associated with cognitive dysfunctions in PD patients. A typical hallmark
in PD patients is the reduced connectivity in the frontostriatal network 1.1a, particularly in the posterior putamen, [40, 41] and the functional decoupling between
the striatum and midbrain regions [42]. This connectivity reduction is accompanied by increased functional connectivity of cerebellum, inferior parietal lobule,
central in the control of movement, and visual areas with the sensorimotor cortex;
this hyperconnectivity is probably the result of brain compensatory mechanisms
and it reflects the patient’s need to rely more on sensory feedback and executive
cognitive control during motor performance [34].
However, besides the alterations associated with the typical motor symptoms,
there is a growing interest in the functional connectivity changes related to cognitive deficits, principally affecting the DMN and the FPN 1.1b.
What makes fMRI analysis particularly appealing is the possibility to identify
different patterns of functional connectivity alterations related to different stages
of cognitive decline, allowing in this way to find predictive elements of the progression to dementia in PD. One study by Gorges et al. [43] on a heterogeneous population composed of healthy individuals and cognitively unpaired or impaired PD
patients reveals significantly higher functional connectivity in the DMN, the frontoparietal control, the ventral attention, the motor, the basal ganglia-thalamic,
and the brainstem networks for the cognitively intact PD patients compared to
6

(a)

(b)

Figure 1.1: Functional networks alterations associated to motor and cognitive impairment in
Parkinson (figure from the review study by Filippi et al., 2019 [34]) disease

healthy subjects. This hyperconnectivity manifests as network expansion, rather
than stronger connections between core nodes, suggesting an attempt to recruit
additional resources as an initial response to the pathologic process. Similarly,
the study by Zhou-Wei Zhan et al.[33] reports for the MCI PD population an
increase in the functional connectivity of the posterior cingulate cortex (PCC),
one of the DMN core nodes, again suggesting a network expansion in response to
damage. This specific behavior at the early stages of the disease could represent
a predictive element of the progression of the pathology.
Indeed, an opposite trend was reported by Gorges et al.[43] for the impaired patients, which showed significantly decreased functional connectivity within the
default mode, the dorsal attention, and the motor networks. In line with these
findings, seed-based analyses by Baggio et al.[44] reported in PD MCI patients
reduced connectivity within the DMN and DAN and between DAN and FPN as
well as the loss of the typical anti-correlation between DAN and DMN.

1.3.3

Graph theory based analysis

Most of the studies on the alterations of resting state functional networks use a
seed-based approach, analyzing the correlation between a specific cerebral area
activity and a set of pre-defined regions in the brain [38]. This approach has
the advantage to allow a detailed detection of functional alterations affecting a
specific region of interest, but, focusing on a specific set of brain areas, it limits
findings to prior hypothesis and expectations on the results.
Therefore, considering the complex system of networks and interactions underlying the brain functional organization, there is a need for alternative approaches
that allow the study of the whole set of cerebral functional connections.
A recent approach bases on the application of graph theory principles to the
study of functional brain networks. It consists of modeling the complex system
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of functional connections in the whole brain through a graph, “the connectome”,
in which the nodes represent cerebral regions while the edges the functional connections between these areas. The connectome mapping requires the preliminary
identification of the set of nodes, through a parcellation of the brain’s grey matter.
A typical way to extract the cerebral regions is by the use of an anatomical atlas,
a reference template on which the different labels assigned to the various voxels
define the subdivision of the cerebral volume into regions. The edges between the
identified nodes are thus computed through the evaluation of statistic dependence
between the time series of each couple of regions [32].
Common measures of the statistical dependency among two temporal signals y1
and y2 are:
• the cross-correlation (Pearson coeﬀicient)
Cov(y1 , y2 )
R12 = √
V ar(y1 )V ar(y2 )
where Cov(y1 ,y2 ) is the covariance and Var(y1 ) and Var(y2 ) are the variances
of the two signals;
• the cross‐coherence
C12 =

|G(y1 , y2 )|
G(y1 )G(y2 )

where G(y1 ,y2 ) is the Cross-spectral density, and G(y1 ) and G(y2 ) the autospectral densities of the two signals;
• the Mutual information
M12 = H(y1 ) + H(y2 )H(y1 , y2 )
where H(y1 ,y2 ) is the joint entropy, and H(y1 ) and H(y2 ) the entropies.
In particular, Pearson’s coeﬀicient ranges between -1, pointing an anticorrelation
between the areas, and +1, which instead indicates a high correlation and synchronization; null coeﬀicients indicate the statistical independence between the
areas. The correlation estimates between each couple of regions are generally
represented through a matrix, the functional connectivity matrix which allows a
visual representation of the correlated and anticorrelated networks in the brain.
The principal power of graph-based analysis is the possibility to study the
overall connectivity pattern of the brain in a synthetic way, through the computation of simple and easily interpretable metrics describing the topology of the
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associated network. These measures allow the characterization of the network
properties of functional segregation and integration, as well as the identification
of the hubs, central nodes which results highly connected to the other nodes, with
a key role for the communication of spatially distant networks.
In the field of neurodegenerative disorders, the big power of the graph approach is
the possibility to investigate how this topology reorganizes in response to pathological processes. Parkinsonian patients show alterations of the network architecture since the early stage of the disease, principally interesting the disruption of
the sensorimotor and visual networks [45]. In particular, the application of the
graph method to the study of functional alterations in parkinsonian patients affected by cognitive deficits has revealed a whole-brain connectivity reorganization
associated with the cognitive decline.
The primary hallmark of this alteration is the reorganization of the hubs structure, with the loss of connectivity for nodes normally acting as hubs, so with a
central role in the information transfer, and an increase of importance for nodes,
mostly in prefrontal areas, showing low relevance for the network communication in healthy subjects[46, 47]. This topological reorganization is pointed out
by changes in local graph measures that quantify the centrality of the node in
the network, such as the degree or the betweenness centrality, and it suggests a
high vulnerability of hub regions to the neurodegenerative processes underlying
the cognitive decline in PD.
Moreover, findings by Baggio et al.[47] also revealed an increase both in global
ad local measures of network segregation and significant correlations between the
observed trend of these metrics and a worsening of cognitive performances. Similarly, Lin et al.[46] demonstrated higher values of local eﬀiciency in PD, indicating
more segregated functional connectivity patterns. These findings are the result of
an enhanced local interconnectedness, which probably represents a compensatory
mechanism against the long-range interlobular connectivity loss[46].
Graph based studies suggest profound alterations in the topology of the brain
functional network, strictly linked to the progression of the degenerative disorder
and to the cognitive decline, which could provide useful prognostic markers of
the disease. However, despite the promising results, to our knowledge, the application of graph theory to the study of PD associated cognitive decline is still
limited and leads to controversial findings.
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1.4

The role of β-amyloid burden on the cognitive decline in PD

The deposition of β-amyloid is generally associated with the development of
dementia in PD and DLB.
β-amyloid plaques are the principal hallmark characterizing the dementia of
Alzheimer’s disease. In the past, the assessment of amyloid burden was possible
only through post mortem analysis. Today, amyloid PET imaging, with the use
of radioligands specifically binding fibrillary amyloid, such as the [11C]Pittsburgh
compound B ([11C]PiB), represents a useful non-invasive technique allowing the
accurate quantification of the protein burden before patients’ death.
The principal problem related to the use of [11C]Pib is represented by its short
half-life, which makes its use suitable only in centers provided with the necessary facilities for the tracer production. For this reason, several PiB derivative 18F-labeled ligands have been developed such as the [18F]flutemetamol, the
[18F]florbetaben and the [18F]florbetapir. These tracers, approved by the European Medicines Agency (EMA) and by the Food and Drug Administration
(FDA), despite problems linked to the white matter uptake, are particularly advantageous because of their significantly longer half-lives and their commercial
availability [48, 14].
Among them, validation studies on the [18F]Flutemetamol have proved its high
sensitivity and specificity in the detection of the brain Aβ burden: similarly to
[11C]Pib, it binds to Aβ with high aﬀinity [49] and the tracer cortical uptake
results proportional to the fibrillary amyloid levels.
In particular, the Standardized Uptake Value ratio (SUVR), the tracer uptake in
the voxel normalized to the mean uptake in a reference region, is generally used
as a semi-quantitative measure of the amyloid load. It is formally defined as the
ratio between the integral of the tracer activity in the voxel and the integral of
the mean activity in the reference tissue, both computed over the same period
of time, in which the tracer dynamic results to be in steady state. In the case
of the [18F]Flutemetamol this period ranges between 90 and 110 minutes after
injection and the cerebellar grey matter or the pons, known to be relatively free
of Aβ deposition, are generally assumed as reference [50, 51], with diagnostic effectiveness resulting higher with the cerebellum as reference [52].
Since [11C]-PIB PET retention is largely attributable to the binding to the
Aβ plaques and not to the α-synuclein aggregates [53], PET imaging represents a
reliable tool to quantify β-amyloid levels in Lewy body diseases, allowing the evaluation of amyloid contribution to the onset of cognitive impairment in Parkinson’s
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disorders [20]. Indeed, beyond the presence of α-synuclein aggregates, abnormal
β-amyloid deposition, characteristic of Alzheimer’s disease, have been reported
in both PDD and DLB patients [21]. In particular, higher amyloid levels have
been reported for DLB, while the range of amyloid deposition in PD, PD MCI
and PDD is generally low and similar to that of healthy subjects. However, some
PDD patients show elevated cortical amyloid deposition reaching the AD range
[14]; moreover, longitudinal studies have demonstrated a faster progression to dementia for the patients affected by a higher amyloid burden, while no effect on
the motor symptoms are reported [19]. These results suggest a role of the Aβ deposition, despite milder than in DLB, to longitudinal cognitive decline. Similarly,
post-mortem studies have revealed the presence of amyloid plaques in the majority of PDD subjects, suggesting a role of βamyloid deposition in the development
and progression of dementia in PD [12].
However, despite the above-mentioned findings suggest that the interaction
between the two pathologic processes involving the α-synuclein aggregates and
Aβ plaques could contribute to the cognitive decline, the role of Aβ deposition is
still relatively unclear.

1.5

Aim of the study

The analysis of brain functional alterations based on resting state functional
magnetic resonance imaging allows a better understanding of the pathologic mechanisms underlying cognitive decline in Parkinsonian patients, and this could suggest new targets for the therapy and new ways to follow disease progression and
brain response to treatments.
In particular, graph theory based analysis of functional connectivity brain
pattern has demonstrated to be a useful and promising strategy. However, its
applications to the analysis of brain functional reorganization in response to neurodegenerative processes and cognitive decline in Parkinson’s disease are still limited. Among these, the study by Lin et al. [46] and by Baggio et al. [47] involved
a cohort of healthy subjects and no or mildly cognitive impaired PD patients, with
no demented patients included in the study. The inclusion of PD patients with
dementia would allow a comprehensive analysis of the wide spectrum of cognitive
impairment stages, allowing the identification of the networks that are more vulnerable to cognitive decline. These networks could represent useful markers of
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the progression of dementia.
Moreover, considering the findings suggesting the role of the amyloid deposition to the cognitive impairment in Lewy Body diseases, it would be interesting
to evaluate the relationship between the patterns of functional connectivity alterations and the Aβ burden.
Multimodal PET/MR studies in AD have revealed high overlaps between the amyloid deposition and the resting state core regions, such as the DMN [54], which
generally show reduced connectivity in AD, and significant correlations have been
found between the amyloid load and MR measures of structural and functional
connectivity [55]. Moreover, the combination of greater Aβ burden and lower
DMN functional connectivity at baseline have been demonstrated to contribute
to cortical thinning in the DMN [56].
The finding of a similar link in cognitive impaired PD patients could suggest the
use of combined information from amyloid PET imaging and resting state functional connectivity to find robust and reliable biomarkers for the early detection
of a cognitive decline in parkinsonian patients. Therefore, further understanding
of the relationship between amyloid burden, functional connectivity alterations
and cognitive state in PD is highly required.
In this sense, our study was conducted on a dataset coming from a simultaneous PET/MR acquisition on a cohort of 59 patients diagnosed with Parkinson
disease and cognitive impairment, ranging from mild impairment to frank dementia, or with Dementia with Lewis Bodies.
Despite differences in time for the onset of the motor and cognitive symptoms,
considering the huge overlap of the clinical manifestations and the underlying
neurodegenerative processes, the two subgroups were merged and analyzed as a
single pathological condition.
The simultaneous [18F]flutemetamol PET and resting state functional MRI scans
allowed the classification of the subjects into two groups according to the βamyloid burden and the study of brain functional connectivity.
The analysis of functional connectivity alterations, in particular, was conducted
using a graph theory based approach for the whole group, in order to investigate
functional alterations linked to the progression of cognitive impairment in PD,
and separately for the two subgroups, with the aim of identifying differences in
the functional patterns linked to the amyloid load.
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2

Materials and Methods
2.1

Dataset

The study was conducted on a population of 59 patients from the Parkinson
and Movement Disorders Unit, Istituto di Ricovero e Cura a Carattere Scientifico
(IRCCS) San Camillo Hospital, Venice, Italy.
The recruited cohort was composed of 40 men and 19 women, with age ranging
from 52 to 88 years and a mean age of 70 years.
Subjects were diagnosed with Parkinson’s disease (PD), with different degree of
cognitive decline, or with Dementia with Lewy bodies (DLB). Cognitive impairment was assessed through the Montreal Cognitive Assessment (MoCA) and the
Mini Mental State Examination (MMSE) tests.
The patients underwent a simultaneous PET/MRI acquisition on the Siemens
Biograph mMR, the hybrid PET/MRI scanner of the Nuclear Medicine Unit, Department of Medicine, of the University Hospital of Padova between July 2016
and August 2020.
The protocol for the experiments obtained the approval of the Hospital ethical
committee and all the subjects gave written informed consent to participate.
In order to fulfil the hospital organizational needs and to guarantee the patients’
comfort, with particular regard to their pathologic condition, a dual-time-window
acquisition protocol was employed. It consisted of two sessions of multimodal acquisition lasting for 20 minutes: the first acquisition started immediately before
tracer administration, while the second acquisition started 90 mins after the injection, when the tracer has already reached the steady state, with a 70 minutes
break between one session and the following during which the patients were free
to relax. We will refer to these sessions as “early phase” and “late phase” .
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The MR acquisition protocol included the following image sequencing:
concerning the early phase
• 3D T1 (T1w) Magnetization-Prepared Rapid Gradient-Echo (MPRAGE)
TR/TE 2400/ 3.2 ms, voxel dimension of 1x1x1mm3 , FOV 256 mm, 160
slices;
while for the late phase
• 3D T1 Magnetization-Prepared Rapid Gradient-Echo (MPRAGE)
for the first 14 subjects, TR/TE 2300/ 3 ms, voxel dimension of 1x1x1mm3 ,
FOV 256 mm, 160 slices;
for the other 45 subjects, TR/TE 2400/ 3.2 ms, voxel dimension of 1x1x1mm3 ,
FOV 256 mm, 160 slices;
• Resting state functional MRI (fMRI) simultaneous multi-slice (SMS) Echoplanar Imaging (EPI),
two-fold acceleration with GRAPPA , SMS (CMRR, R014) 2, TR/TE
1100/30 ms, FA 63, voxel dimension of 3x3x3mm3 , FOV 204 mm, 40 slices,
anterior-posterior (AP) phase encoding direction, 550 dynamic scans (10
min);
• two fMRI geometrically matched spin-echo (SE) EPI,
two-fold acceleration with GRAPPA, SMS 1, AP and posterior-anterior
(PA) phase encoding direction.
During the fMRI dynamic acquisition, a single band reference (SBRef) was acquired, in order to use it as template for the subsequent fMRI data analyses.
The protocol included also the acquisition in the early phase of a T2-weighted
anatomical image and two Diffusion Tensor Images which were not exploited for
this study.
The PET acquisition protocol consisted in a manual intravenous bolus injection of an average dose of 180 MBq (range 165–196 MBq) of [18F]Flutemetamol
tracer. In particular, the [18F]Flutemetamol dynamic in the late phase was used
for the voxel-wise estimation of the Standardized Uptake Value Ratio, which allowed a quantification of the amyloid load in the patients’ cerebral cortex.
According to the degree of alteration of the patterns of tracer uptake, which
reflect the amyloid deposition in the brain, the patients were classified by an
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expert nuclear physician as amyloid positive (Aβ-positive) or amyloid negative
(Aβ-negative). Subjects’ demographic informations are reported in Table 2.1 .
After a careful inspection of available data, 11 subjects were excluded from
the analysis because they could not be clearly labeled as PD or DLB, as well as
5 patients that were unable to complete the fMRI scan. Moreover, 14 subjects
were discarded because of excessive head movement impact degrading the quality
of the images.
Differences between the two groups in terms of age and sex were tested through
the non-parametric hypothesis test of Wilconxon Runk Sum, using the ranksum.m
Matlab function.
Table 2.1: Demographic Information

Group

Subjects

Aβ-Positive 22
Aβ-Negative 36

2.2

Gender

Mean Age [range]

15M , 7F
25M , 11F

70 [54-88] years
70 [52-80] years

Preprocessing of Magnetic Resonance Data

The MRI analysis was conducted with a region-based approach consisting of
the decomposition of the brain in predefined cerebral areas and the analysis of
correlations between the regions average BOLD signals.
The subdivision of the brain volume into regions of interest (ROIs) was performed according to the Schaefer atlas [2](Figure 2.1). The choice of a functional
rather than an anatomical segmentation was in line with the aim of the study,
consisting in the analysis of functional connectivity alterations. The different
versions of the Schaefer Atlas offer the possibility to decompose the brain cortex
into different numbers of regions: the parcellation into 200 cerebral areas was
used since this subdivision represented a good compromise between the necessity
to have suﬀicient functional detail and the opposite one to extract reliable time
series .
Since the Schafer does not provide a parcellation of the subcortical grey matter, we employed the FIRST segmentation [57] provided by the FMRIB Software
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Figure 2.1: Schaefer parcellation: figure shows the T1w image of the MNI 152 template in grey
scale and, overlapped, in colors, the Schaefer parcellation at 200 parcels(from left to rigth we can
see the axial, sagittal and coronal view)

Library (FSL, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/)[58]. This allowed the identification of 14 subcortical regions:
• left and right Thalamus
• left and right Caudate
• left and right Putamen
• left and right Pallidum
• left and right Hippocampus
• left and right Amygdala
• left and right Accumbens area
Cerebellar was not included in the analysis since the field of view (FOV) of the
acquired fMRI did not guarantee a brain full coverage in all patients.
The subcortical areas segmentation was applied to the subjects’ anatomical
T1 weighted images; similarly, it was necessary to coregister the Schaefer parcellation from the Montreal Neurological Institute (MNI) space, the brain template
in which it was defined, to the single subjects’ T1-weighted images.
At this regard, we decided to employ the early phase T1 image as anatomical
reference in which to define all the structural segmentations. This was not the
most obvious choice considering that the functional dynamics had been acquired
during the second session of scans. We have to take into account that the available
dataset was the result of a long-term data collection, lasting some years, during
which some adjustments had been made to the imaging sequences and, among
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them, to the late phase T1-weighted acquisition sequence. In particular, the T1weighted imaging sequence used for the late phase in the first years of acquisitions
was not set to fat saturation mode on, which was included only later. Fat saturation consists in the suppression of signals coming from the lipidic tissues. Lipid
protons and hydrogen protons from water, indeed, behave differently during an
MR imaging acquisition and fat suppression techniques are based on these differences: a small difference in resonance frequency, which allows frequency-selective
fat saturation, and the difference in T1 between adipose tissue and water that
can be used to suppress the fat signal with inversion-recovery techniques [59].
From Figure 2.2 it’s possible to observe how the meninges, membranes with a high
fat content that wrap the brain, are hyperintense in a fat-saturated T1-weighted
image, whereas they appear dark in the image acquired without the fat saturation. This aspect can potentially have a profound impact on the preprocessing of
the T1 image: brain extraction algorithms, in particular, generally show better
performances when applied to fat-saturated images, especially in the brain areas
where the meninges are in contact with the bone tissue and the algorithms fail
to distinguish them.
The early phase T1 imaging sequencing, on the contrary, was the same for the
whole group of subjects and included the fat saturation. Given the consistency of
the acquisition sequencing for the whole dataset and the potential higher quality
due to the fat saturation, the early T1 was therefore considered to be more robust
and so more suitable as reference anatomical space for the subsequent analysis.
The following spatial transformations were estimated:
• from the early T1-weighted image to the standard template brain, where
the Schaefer parcellation was defined;
• from the late T1-weighted image to the early T1-weighted image, moving
from a higher to a lower quality of the brain extracted images;
• from the functional images to the late T1-weighted image, moving from a
lower to a higher spatial resolution image.
The estimated spatial transformations were then applied in opposite direction in
order to register the structural info from the Atlas and the early T1 image to the
rs-fMRI space. A schematic representation of the coregistration transformations
is shown in Figure 2.3.
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(a) No fat saturation

(b) Fat saturation
Figure 2.2: Differences in the T1-weighted images related to the employment of the fat saturation tecnique: images have been acquired from two different representative subjects; the red circle
points the most evident differences releted to the imaging sequences

The procedure of image enhancement and coregistration was performed through
the use of an already built pipeline; the preprocessing, analogue to the one implemented by Glasser et al. [1], included all the fundamental steps for the elaboration
of the structural and functional MR images.
In particular, concerning the structural images preprocessing, we performed:
• the preprocessing of the early phase T1-weighted image
• the normalization of the early T1-weighted image
• the preprocessing of the late phase T1 weighted image
• the coregistration of the late phase T1 image to the early phase T1 image
While for the functional images we dealt with
• the preprocessing of the functional MR images
• the coregistration of the functional MR images to the late phase T1 image
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Figure 2.3: Coregistration steps: red arrows indicate the direction in which the spatial transformations were estimated; white arrows point the direction in which the coregistrations were applied.

• the application of all the estimated spatial transformations so that to coregistrate all the structural segmentations to the fMRI space.
The pipeline had already shown good performances in different clinical settings
for the preprocessing of simultaneous PET and MR data. However, in this case,
specific aspects of the available dataset opened several issues during data elaboration and this demanded some ad hoc adjustments.

2.2.1

Preprocessing and Coregistration of anatomical images

Early and late phase T1 weighted images preprocessing
The early T1-weighted image preprocessing was performed through the use of the
above-mentioned pipeline which included:
• The bias field correction of the image, using the N4 algorithm [60], as implemented in ANTs, in order to minimize the field inhomogeneity effects and
so to enhance the quality of the image; this was a necessary step in order
to guarantee good performances of the following tissue segmentation.
• The brain extraction, deleting from the image non-useful information related to non-brain tissues; this procedure was performed using the Advanced
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Normalization Tools (ANTs, http://stnava.github.io/ANTs/) algorithm[61],
an atlas-based method in which an expert-defined segmentation of an atlas
space is used as prior for the extraction of the brain from the target [62].
• The segmentation of the different tissues of the brain, using the Statistical
Parametric Mapping (SPM) software package
(https://www.fil.ion.ucl.ac.uk/spm/), and so the extraction of the grey matter (GM), white matter (WM) and cerebrospinal fluid (CSF) masks. In
particular, the SPM segmentation provides as output probability maps giving the probability for each voxel to belong to a certain tissue. With the
application of a reliability threshold, it is possible to obtain the masks related to the grey matter, white matter and cerebrospinal fluid. The use
of high thresholds guarantees the inclusion within the three masks of the
only voxels which are assigned with high reliability to that tissue so that to
avoid partial volume effects.
• The segmentation of the subcortical areas through the FIRST segmentation
tool provided by FSL.
Since ANT’s brain extraction algorithm gave suboptimal results for the majority
of subjects, we tried at first to use the Multi-Atlas Skull-Stripping (MASS) [62],
a new method for automatic brain extraction, which has shown to be a robust
and accurate brain extraction tool. It is based on a multi-atlas approach that
exploits a set of extracted brains, the atlases, registered to target images: voxels
are included in the brain mask if they result to belong to the masks of the majority of the atlases, according to a weighted voting strategy.
Unfortunately, MASS brain extraction didn’t guarantee accurate results for all
the subjects. The idea was therefore to exploit the SPM tissue segmentation results in order to obtain a refinement of the brain mask. In particular, a new mask
of the whole brain was built by merging the masks of the WM, CSF and GM tissues obtained from the SPM probability maps by setting the reliability threshold
respectively to 20%, 90% and 20%. Since the use of credibility thresholds causes
the presence of voxels assigned to no tissue within the mask, the imfill Matlab
function was applied in order to fill these holes; moreover, spatial smoothing was
performed with a Gaussian kernel with a full width at half maximum (FWHM)
of 1.5 mm of dimension so as to obtain more regular mask edges. This mask was
then intersected with the one obtained with MASS and this allowed to obtain
more robust and reliable masks of the brain.
The preprocessing pipeline was employed to perform the steps of the N4 bias
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field correction and the skull stripping on the late phase T1 weighted image, too.
However, as for the early anatomical image, the brain extraction performed with
the ANT’s algorithm gave suboptimal or unacceptable results: the same strategies developed for the early T1w were used in order to solve the skull stripping
errors.
Normalization of the early T1 weighted image
In order to register the functional Schaefer parcellation to the anatomical subjectspecific space, the structural preprocessing pipeline included also a normalization
step. The Montreal Neurological Institute (MNI) template was used as reference
and non-linearly registered to the patient’s early phase T1w using ANTs. In particular, the diffeomorphism was estimated on skull-stripped images.
However, by visual inspection of the registered images through the FSLeyes
viewer, we observed that the performances were poor for the most of subjects. The
MNI template, indeed, computed from a collection of images of healthy brains,
didn’t represent a proper reference since morphologically too different from the
subjects’ pathologic condition and it failed to fit the highly atrophied brains.
In this regard, we investigated the suitability of two disease-specific brain templates, one developed for Alzheimer’s disease (AD) and one for MCI patients,
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI, [63]), a longitudinal multi-center study focused on study and detection of this pathologic condition.
After a visual comparison of the results obtained with the two brain templates,
we decided to use the MCI specific ADNII reference.
Coregistration of the late phase T1-weigthed image to the early phase
T1-weigthed image
Once the brain extraction and image quality enhancement steps had been performed on both the T1 weighted images of each subject, we proceeded with the
coregistration of the two structural images using the ANTs.
Considering that the two T1w images had been acquired on the same patient,
with a negligible distance in time, we expected no changes in the brain shape;
therefore, the first idea was to use a rigid transformation. However, since the two
images had been acquired, for part of the subjects, with two different imaging sequencing, that potentially could have brought different distortions in the images,
an aﬀine transformation was also estimated.
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However, by visual inspection we revealed that, in both cases, results were suboptimal and highly sensitive to the goodness of the previously computed brain
mask. In order to improve the coregistration performances, we performed this
mapping using the ANTs’ AntsRegistrationSyN.sh script, which included three
steps of coregistration: a rigid transformation, an aﬀine transformation and a
non-linear Symmetric Normalization (SyN).

2.2.2 Preprocessing and Coregistration of Functional Images
The functional fMRI data underwent a state-of-the-art preprocessing, which included what follows:
• The first step consisted in the slice timing correction: since the acquisition
of each volume of the dynamic is performed slice by slice, adjacent parts of
the brain result to be acquired at different time points of the hemodynamic
response, according to the order in which slices are acquired; slice timing
discrepancies are corrected through temporal interpolation and in this way
volumes appear as they all were acquired at the same instant. Generally,
slice timing is considered non-mandatory if the TR is short (less than 2
seconds) but in our case, in which a simultaneous multi-slice acquisition
was performed, with two non-adjacent slices acquired at each time, this
step was particularly important considering the non sequential order of
acquisition.
• In order to minimize geometric distortions deriving from the acquisition, the
two spin echo images, acquired with reverse phase encoding directions, were
exploited to estimate the readout distortions introduced by the sequence
and to correct them on the functional images using the FSL’s TOPUP
algorithm [64].
• One of the most critical steps concerned head motion correction. MR imaging is highly sensitive to the patients’ head movement during the acquisition:
in the last decade, the severe impact that the movement component on the
fMRI data has on the functional connectivity analysis has been proven
[65]. Given the pathologic condition of the studied cohort, considering the
tremors and involuntary movements due to the Parkinson’s disease and the
impaired cognitive status of the majority of patients, which often made
them unable to cooperate, we expected a high motion component on the
data, even in a resting state acquisition.
Head motion correction consisted of a coregistration step in which the single
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volumes were realigned to the single band reference image, using an aﬀine
transformation, that in our case was estimated using ANTs.
• The subsequent step consisted of the registration of all the structural/functional
information, provided by the Schaefer parcellation, the FIRST segmentation of the subcortical regions and the SPM brain tissue segmentation, into
the rs-fMRI space. Firstly, the spatial transformation from the functional
images space to the late phase anatomical image was estimated, using the
SBRef as fixed image, as it had a better SNR with respect to the other functional volumes. Then, all the estimated transformations were combined in
order to overlay the information about the regions parcellation and the tissue segmentation to the fMRI space, using the ANT’s antsApplyTransforms
function. Given the specificity of these coregistration steps related to the
particular dataset and working strategy, we decided to implement them
outside of the pipeline, with an ad hoc script.
• The mean time courses from the WM and the CSF, which represent signals
of no interest, were regressed out from the motion-corrected images. The
6 rigid-body motion parameters, describing translations and rotations, and
their derivatives were also regressed out.
• The final step included in the pipeline consisted in the temporal filtering
of the voxels dynamics. A band-pass filter was employed, with high pass
cut off frequency of 1/128 Hz (0.008Hz) and low pass cut off at 0.2 Hz. For
the low pass filter we chose a more conservative threshold with respect to
the standard 0.08 or 0.1 Hz since recent literature has reported informative
BOLD signal fluctuations also in higher frequency band.

2.3
2.3.1

Functional Connectivity Analysis
High motion data censoring

As the preprocessing pipeline was not able to deal with highly motion corrupted
volumes which could potentially affect the FC estimates [65] it was necessary to
perform a data censoring, consisting in the identification and removal of high
motion volumes, before moving on to the functional connectivity analysis.
The Framewise Displacement (FD), computed from the realignment parameters
estimated in the motion correction step, was assumed as metric to quantify the
motion component corrupting each volume of the subject’s dynamic. The FD
was computed as in the study by Power et al. [65]. It allows the expression of
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instantaneous head motion as a scalar quantity: peaks in the FD indicates high
motion volumes and consequently unreliable data.
The censoring procedure consisted in the creation of a temporal mask where volumes with an FD exceeding a predetermined threshold were flagged [66]. The
mask was then enlarged in order to include also one previous and the two subsequent volumes [67]. Indeed, since head movements are not instantaneous, it is
reasonable to suppose that the antecedent and successive volumes are not suﬀiciently reliable too. Finally, the obtained temporal mask was applied in order to
remove these selected volumes from the time courses.
A critical point of this procedure was the choice of a threshold value for the
framewise displacement. The FD threshold suggested by Power and colleagues
was 0.2 mm [68]. However, it should be taken into account that our dataset was
necessarily highly corrupted by head movements, because of the Parkinsonian
syndrome and dementia affecting patients. Therefore, the use of a too restrictive
threshold, such as the one suggested by Power, was expected to discard the majority of volumes. Our aim was not to identify all motion-contaminated data but
to censor only the most critical volumes so that to improve the reliability of data
and the performances of the subsequent analyses.
In order to make a proper choice of the threshold value, we performed the data
censoring with FD thresholds of 0.3, 0.4, 0.5, 0.6 and 0.7 and we computed the
percentage of discarded volumes with respect to the total number of volumes.
The analysis of the different obtained results allowed the choice of the more
suitable threshold to use as a compromise between the necessity to discard the
movement component and the one to conserve a suﬀicient number of volumes.
The subjects’ dynamics ranged from 500 to 550 volumes, corresponding to around
10 minutes of acquisition. Considering the short dynamic duration and the wellknown dependence of the reliability of the functional connectivity analysis on
fMRI duration, subjects with more than 40% of discarded volumes had to be
excluded from the analysis.

2.3.2 Functional Connectivity Matrices Computation
Once the data censoring was performed, we finally were able to extract the timeactivity curves of the predefined cortical and subcortical regions.
In order to obtain a clean signal of the ROIs dynamics, the two masks defin24

ing the Schaefer and FSL FIRST parcellations were eroded through the exclusion
of voxels not belonging to the subject’s brain mask. Moreover, since the severe
atrophy observed in the majority of patients was expected to potentially bring
problems of partial volume effects, with the inclusion of WM and CSF voxels
within the parcels, we performed an intersection of the Schaefer Atlas with the
grey matter mask. At this point, the ROIs time-activity curve was computed as
the average of the BOLD signals of the voxels belonging to each region.
Considering that the union of two different volumetric parcellations of the brain
could potentially have resulted in not negligible differences in the ROIs dimensions, in terms of the number of voxels belonging to each region, we decided to
verify if the ROI’s dimension were or not comparable. We computed for each subject the dimensions of the single ROIs and we represented by means of a boxplot
the variability between the subjects for each ROI dimension.
The Functional Connectivity (FC) matrices were computed by evaluating the
statistical dependence between each couple of BOLD signals through Pearson’s
correlation coeﬀicient. The self correlations, which obviously resulted 1 but didn’t
bring any useful information, were set to zero and the correlation coeﬀicients were
z-transformed using the MATLAB function atanh.m, in order to make the matrices more suitable for the successive comparisons and analyses.
Moreover, the mean, the median, the standard deviation and the coeﬀicient of
variation of the matrices were computed. In addition, the group average FC matrix was computed for the Aβ-positive and Aβ- negative cohorts.

2.3.3

Graph Theory Based Analysis

Network Measures
The application of graph theory principle to the analysis of the brain functional
organization consists in the association of a graph to the functional connections
defined by the correlation matrix values. This approach allows the description of
the network properties and topology through different complex network measures.
We exploited the Brain Connectivity Toolbox (BCT, https://sites.google.com/site/bctnet/),
which provides a collection of Matlab functions to compute these metrics [69].
In particular, the following metrics were evaluated:
• Node Degree (K), the number of the links connected to that node, which
in practice is also equal to the number of neighbours of the node; it gives a
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measure of node importance within the network.
It is mathematically defined as

Ki =

n
∑

Bij

j=1

where n is matrix dimension and Bij is the element (i, j) of the binarized
matrix, which is 1 when link exists, 0 otherwise.
• Node Strength (S), the sum of the weights of links connected to that node;
similarly to the degree, it allows the quantification of node contribution to
the network communication.
Formally,
n
∑
Si =
Wij
j=1

where n is matrix dimension and Wij is the element (i, j) of the weighted
matrix, which gives the stregth of the link.
• Node Betweenness Centrality (BC), the fraction of all shortest paths in the
network that pass through a given node; it provides a measure of node importance in the control of information, acting as bridge between disparate
parts of the network. Fast algorithms for betweenness centrality computation have been provided by Brandes and Kintali [70, 71].
A mathematic definition of the metric is
∑
BCi =

h,j

ρhj (i)
ρjj

(n − 1)(n − 2)

where n is matrix dimension, �hj is the number of shortest paths between h
and j, and �hj (i) is the number of shortest paths between h and j that pass
through i.
• Node Clustering Coeﬀicient (CC), the fraction of triangles around that
node, equivalent to the fraction of the node’s neighbours that are also neighbours of each other.
It can be mathematically defined as
∑
j 2ti
CCi = ∑
j (Ki − 1)Ki
where n is matrix dimension, Ki is the node degree and ti is the number of
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triangles around the node
ti =

1∑
Bij Bih Bjh
2 h,j

• Node Local Eﬀiciency (LE) , the measure for that node of the average efficiency of information transfer within the local subgraph, composed of the
nodes directly connected to it; this measure reveals how effectively information is transferred among the first neighbours of that node when it is
removed from the network[72].
It is defined as the inverse of the shortest average path length of all node
neighbours among themselves. Formally,
∑
LEi =

h,j

Bij Bih (dhj (Ni ))−1
(Ki − 1)Ki

Network measures definitions and mathematical expressions have been derived
from Rubinov and Spoons [69].
The above-mentioned metrics are among the most common graph measures used
in brain network analysis. This selection of metrics provided a synthetic but
exhaustive description of the complex system of cerebral functional connections.
Indeed, from one side the degree and the strength provide a measure of global connectivity, measuring the node connection with the whole network; on the other
side, BC, CC and LE quantify the degree of node communication with its neighbours and so they provide a description of the local brain connectivity. Moreover,
the choice of those metrics allowed us to investigate different aspects of the network organization: the degree and the BC are the most common measures of the
centrality and importance of a node, while CC and LE allow the evaluation of
the level of network segregation.
In addition, a modularity analysis was performed in order to study in deep the
segregation properties of the network. More precisely, this analysis consisted in
the identification of modules, clearly delineated and non-overlapping groups of
densely interconnected nodes, in which the networks could be subdivided, with a
maximally possible number of within-group links and a minimally possible number of between-group links [69]. The quality of the partitions was quantified by
the modularity statistic, a scalar value between −1 and 1: positive and high values represents dense connections between the nodes within modules but sparse
connections between nodes in different modules. [73, 74, 75].
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This analysis was performed through the community louvain.m Matlab function
provided by the Brain Connectivity Toolbox, which implements the Louvain
method for the estimate of graph modularity and the clustering of brain network
nodes into functional modules [73].
Matrix Thresholding
A fundamental preliminary step, before moving on to metrics computation, was
the choice and application of a threshold to the connectivity matrices in order
to remove the spurious connections; edges which are described by low weights,
indeed, represent non-relevant connections which tend to obscure the topology
of strong and significant connections[69]. By matrices thresholding, we obtained
weighted undirected graphs from which to compute network measures.
We decided to adopt a sparsity threshold, where the sparsity or density of a network represents the fraction of preserved edges with respect to the total number
of possible edges. Differently from an absolute threshold, it allows obtaining networks with the same number of connections from matrices of the same dimension
[76, 77]. This represents a great advantage when comparing network topologies
considering the impact of graph characteristics, such as the number of graph
nodes and edges, on the network measures [78, 69].
The choice of a proper density threshold represented the most critical aspect
since, to date, no agreement exists among researchers to this regard, while high
instability has been observed for network measures across thresholds [3].
For this reason, we decided to investigate the trend of the results obtained with
different sparsity thresholds, ranging from 0.1 to 0.9, with step 0.1.
In particular, the five metrics were computed from the differently dense graphs
obtained with different thresholds from the single subjects’ matrices and from the
whole group mean matrix. The three higher and so more conservative thresholds
were discarded since they caused the inclusion of negative correlation strengths
within the graph network and so the impossibility to compute sensible BC and LE
measures. The results corresponding to the remaining density thresholds, instead,
were compared and analysed by visual inspection. This allowed the evaluation
of network density effect on graph topology analysis, in terms of the variability
among subjects and regions, and the choice of a proper sparsity in order to delate
the sporious connections withouth loosing useful information about the graph
topography.
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Metrics Computation
Matrix thresholding with sparsity threshold of 20% and network metrics computation was performed for both the single subject’s FC matrices and the group
average FC matrices of the Aβ-positive and Aβ-negative cohorts.
In particular:
• the degree, the strength, the betweenness centrality, the clustering coeﬀicient and the local eﬀiciency had already been computed from the single
subjects’ matrices;
• the nodal degree distribution was evaluated for the two mean matrices with
the aim of quantifying the contribution of each node to the graph communication and to individualize the areas of major importance for the two
classes.
• a modularity analysis was conducted for both the subjects’ matrices and the
two mean matrices: considering the probabilistic nature of the Louvain algorithm, 10000 realizations of graph modularity and modular structure were
computed for each matrix; the mean and mode values were then extracted
from each distribution of results.
2.3.4

Intergroup Differences Analysis

Possible statistically significant intergroup differences in terms of movement affecting data were tested. In this regard, the non-parametric rank sum test was
performed, comparing the distributions among the subjects belonging to each
group of the mean framewise displacement, computed as the average of the FD
values estimated from each scan. Similarly, we contrasted the group distributions of the number of volumes that were discarded during the data-censoring
phase. This was a necessary step in order to assess whether the movement corrupting data had to be taken into account as a possible confounding factor when
comparing functional network topologies and properties of the Aβ-positives and
Aβ-negatives groups.
With the purpose of individualizing possible intergroup changes in the brain
functional organization, we firstly compared network measures computed from
the mean matrices of each group; after that, we deepened the analysis through a
population study consisting of the description, by graph measures, of every single subject’s matrix and the intergroup comparison of metrics behaviors among
subjects.
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Mean Functional Connectivity Matrices Comparison
In order to investigate possible changes in the network topologies between the
two classes, we started with the identification of the nodes behaving as hubs in
the two mean connectomes. The hubs are defined as central nodes that show a
key role in the information transfer within the network. In order to evaluate the
importance of the single nodes, we used the previously computed node degree as
a measure of node centrality: indeed, nodes with high degree represent cerebral
areas functionally interacting with many other regions in the brain. [69].
As a preliminary step, we represented for each class the histogram of the distribution of degree values among brain nodes, so that to qualitatively analyze possible
between-group differences in terms of nodes centrality.
At this point, we moved on to the hubs identification. In particular, hubs were
defined as the 10% of nodes with the highest values of node degree. Therefore
we computed the 90° percentile of the metric distribution of each class and we
used it as threshold value in order to select only the regions with higher degree
measures. The degree values for the two sets of selected nodes, acting as hubs for
the two groups, were represented in the same stem plot and inter-group changes
and permanences were assessed by visual inspection. Finally, in order to facilitate
the interpretation of the obtained results, two brain masks were created, defining
the cerebral regions which had resulted to be hubs for each class; using the FSL
viewer, these two masks were overlapped to the brain template and this allowed
a 3D visualization of the results.
In order to study in deeper possible network topology reorganizations linked
to the subjects’ pathologic conditions, we tried to summarize and analyze the
results obtained from the modularity study performed on the two mean FC matrices, which consisted of the 10000 realizations of the modularity coeﬀicient and
of the clustering of the nodes into modules.
Concerning the clustering results, we computed the module to which each of the
nodes resulted to be most frequently assigned, as the mode of the distribution of
the obtained results. The nodes clustering into modules was then represented for
each group in matrix form with the values of the matrices indicating the label of
the module to which the respective node was assigned.
Concerning the modularity statistic, instead, the distributions of modularity realizations were represented through boxplots and compared between the two groups.
Moreover, the non-parametric hypothesis test of rank sum was performed in order
to quantitatively assess differences between the two distributions.
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Population Analysis
In order to take into account also the inter-subjects variability within each class,
we decided to extend the analysis of the network topological properties to the single subjects matrices too. This allowed a deeper investigation of the intergroup
differences.
First of all, we qualitatively assessed the presence of intergroup differences in
term of degree, strength, betweenness centrality, clustering coeﬀicient and local
eﬀiciency, through the comparison between the two groups of the boxplots showing, for each node, the metric distribution among subjects. Similarly, the median
values of these distributions were also compared.
A quantitative approach to the analysis, instead, consisted of the evaluation of
intergroup differences through the application of statistical tests. This approach
was employed for each of the 5 above-mentioned metrics. In particular, for each
node, the Wilcoxon rank sum test was applied in order to verify statistically significant differences between the distributions of the metric in the two classes of
subjects. The brain nodes for which the resulted pvalue was inferior to the significance threshold of 0.05 were selected as significantly different.
Since this step provided multiple hypothesis testing, in which the test was applied
once for each node, a correction procedure was employed in order to guarantee
a false discovery rate inferior to 0.05. The traditional FDR-based correction by
Benjamini and Hochberg was implemented [79].
Finally, the non-parametric rank sum test was used in order to compare the
distributions of modularity coeﬀicients between the two groups. Concerning the
nodes assignments to modules, instead, similarly to what was done in the case
of the median matrices, results were represented for each subject by means of
matrices showing for each node the module to which it resulted most frequently
assigned; these matrices were then analyzed by visual inspection.
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3

Results
3.1

Dataset

After the exclusion of 11 subjects not belonging to the PD or DLB clinical
category, as well as of 19 patients for reasons related to the fMRI dynamics, the
analyzed cohort was composed of 29 patients. Demographic characteristics and
clinical diagnosis for the two groups of the Aβ-negative and Aβ-positive subjects
are reported in Table 3.1.
No significant intergroup differences were found through the Rank Sum test in
terms of age and gender, with pvalues respectively of 0.6965 and 0.6761.
Table 3.1: Demographic and Clinical Information of the accepted subjects

Group

Subjects

Aβ-Positive 10
Aβ-Negative 19

3.2

Gender

Mean Age [range]

Pathology

6M,4F
13 M , 6 F

71 [56-79] years
71 [58-88] years

15 PD , 4 DLB
7 PD , 3 DLB

Preprocessing of Magnetic Resonance Data

In this section we will overview the principal results related to the preprocessing of the anatomical and functional images. Every single step was verified
through visual inspection of processed images using FSLeyes, the image viewer
provided by the FSL software. We will focus in particular on the results obtained
during the steps of brain extraction, normalization of the reference brain onto
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the anatomical images, and coregistration of the two T1-weighted images, with
the aim of evaluating the effects of the ad hoc adjustments that were made to
the standard pipeline to overcome the problems specifically related to the dataset.
Lastly, one example of the structural segmentations coregistered to the functional
images is reported, in order to show the final result of the coregistration procedure.

3.2.1 Preprocessing and Coregistration of anatomical images
Brain extraction of the anatomical images
The initial employment of the ANTs brain extraction algorithm gave suboptimal or even unacceptable results in a substantial number of subjects. Figure 3.1
shows three examples of brain extraction performed with the ANTs tool on the
early phase T1w images. In particular, Figure 3.1a shows an example of good
performance of the skull stripping tool, while in Figure 3.1b ad Figure 3.1c we
can observe two different cases in which the algorithm fails to correctly extract
the bran tissues from the anatomical images: in the first we can observe how big
portions of the brain are cut out of the mask while part of the skull is included; in
the second the principal problems are visible in the frontal area where the brain
mask includes big portions of no brain tissues such as bone structures and the eyes.
Some advantages were brought by the employment of the MASS algorithm. Figure 3.2, in particular, highlights the improvement obtained for the two previously
presented problematic cases: in the first example it’s possible to observe how the
errors encountered with ANTs are completely deleted exploiting the multi-atlas
approach; in the second one, the improvement is still evident but the problems
related to the delineation of the mask in the frontal area keep on to be present,
even if highly reduced.
Indeed, as in the case of ANTs, the MASS approach resulted to be suboptimal:
the algorithm was not able to guarantee good performances for all the subjects’
T1-weighted images and the brain extraction results presented not negligible errors for a substantial number of patients. Figure 3.3a represents an example of
failure in the extraction of the brain tissues: as in the previous cases, the major
problematics are related to the skull stripping in the frontal areas where the algorithm fails in delineating the border between the meninges and the bone tissues.
Figure 3.3b shows, instead, the result of the normalization of the atlas to the
anatomical image in which the brain is not properly extracted. We can notice
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how the errors in the mask delineation propagate to the subsequent phases of the
analysis: the reference brain has been deformed by the registration algorithm to
fit the subjects’ extracted brain and, in this way, it exceeds the brain boundaries
and overlays the other head tissues.
More accurate results were obtained by the employment of the newly developed
procedure for the skull stripping, consisting of the definition of a brain mask given
by the intersection of the MASS mask and a new one obtained by the merging
of the SPM brain tissues masks. An example of the three masks is illustrated in
Figure 3.4. How it’s possible to observe from Figure 3.3c, this procedure guarantees good performances for all the subjects, allowing a proper delineation of
the brain border even in the most problematic areas where the meninges and the
skull result in contact. Figure 3.3d shows how this improvement in the brain
mask definition results in better normalization performances.
An analog behavior of the three above-mentioned brain extraction procedures for
the skull stripping was observed working on the late phase T1-weighted images.

Normalization
The second major change made to the pipeline regarded the normalization step.
Figure 3.5b show an example of the MNI Atlas registration to the subject’s
anatomical image: by visual inspection, we observe that the atlas fails to fit
the subject’s brain which presents a high level of atrophy, clearly visible in Figure 3.5a, in particular in the anterior and posterior cortical areas of the axial
section.
In this sense, improved even if not perfect performances were obtained using
the two ADNI atlases: Figure 3.5c and Figure 3.5d show how these two atlases
better fits to the atrophied brain gyri of the anatomical image.
The two disease-related atlases showed similar performances when registered to
the subjects’ T1 images. However, the MCI template, since characterized by
milder atrophy with respect to the AD template, represented a good compromise
to guarantee good normalization performances for the whole group of subjects,
which shows a high heterogeneity of the level of atrophy.
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(a) Correct brain extraction

(b) Incorrect brain extraction

(c) Incorrect brain extraction

Figure 3.1: Brain extraction performed with ANTs: panel (a) shows an example of good performance of the algorithm while panel (b) and (c) are two different examples of incorrect brain
extraction where the principal errors are pointed by red arrows
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(a) Incorrect brain extraction with ANT

(b) Correct brain extraction with MASS

(c) Incorrect brain extraction with ANT

(d) Incorrect brain extraction with MASS
Figure 3.2: Improvement of the brain extraction using the MASS algorithm: panel (a) and (c)
represent the already shown examples of unsatisfactory performances obtained with ANTs; panel
(b) and (d) show respectively how these performances are improved exploiting the MASS algorithm; in particular in panel (d) the red circle points the still present brain extration errors
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(a) Incorrect brain extraction performed with MASS

(b) Incorrect registration of the ADNI atlas to the anatomical image

(c) Correct brain extraction performed exploiting the SPM segmentation

(d) Correct registration of the ADNI atlas to the anatomical image
Figure 3.3: Improvement of the brain extraction using the SPM tissues masks: red circles in
panel (a) and (b) indicate the errors resulting from the brain extraction performed with MASS
and the subsequent normalization; red arrows in panel (c) and (d) highlight how these problems
are solved exploiting the SPM segmentation
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(a) Brain mask derived from the MASS algorithm

(b) Brain mask derived from the SPM segmentation

(c) Brain mask computed as the intersection of the two previous masks

Figure 3.4: Brain mask refinement using the SPM segmentation
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(a) Brain Extraction

(b) Normalization of the MNI Atlas to the anatomical image

(c) Normalization of the ADNI MCI Atlas to the anatomical image

(d) Normalization of the ADNI AD Atlas to the anatomical image
Figure 3.5: Normalization results
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Coregistration of the anatomical images
Concerning the coregistration of the late phase T1 image to the early phase T1
image, the rigid transformation showed better performances with respect to the
aﬀine transformation. Indeed, in the second case, the coregistered images showed
in some of the subjects a dilation in the anterior-posterior direction and a relative
rotation with respect to the reference images.
However, in both cases, performances worsened when the transformation was estimated from anatomical preprocessed images in which the brain extraction was
suboptimal. Therefore, these approaches didn’t guarantee good coregistration for
the whole set of subjects. In this sense, a clear improvement was gained through
the inclusion of a non-linear spatial transformation: this approach finally allowed
obtaining optimal performances in the coregistration of the anatomical images.
As in the previous cases, coregistration errors were identified by a careful visual
inspection. However, no examples are reported in this section since the alignment
errors were minimal in the case of the registration of the two anatomical images.

3.2.2

Preprocessing and Coregistration of functional images

The preprocessing of the functional images brought fewer issues. Particular attention was paid to the check of the coregistration of the structural segmentations,
the subcortical and cortical areas parcellation and the SPM segmentation, to the
rsfMRI space. The obtained results were considered suﬀiciently accurate for the
analysis to be conducted.
Figure 3.6 show an example of coregistration of the structural information: we
can observe that the principal problems of the coregistration results are linked to
the atrophy of the cortical grey matter and the Schaefer parcels cover not purely
the grey matter of the cortex but also portions of other tissues.
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(a) Single band reference

(b) Schaefer parcellation of the cortical areas

(c) Subcortical areas segmentation

(d) Brain tissues segmentation: GM (green), WM (blue) and CSF (light blue) tissues
Figure 3.6: Coregistration of the structural segmentations onto the fMRI space
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3.3
3.3.1

Functional Connectivity Analysis
High motion data censoring

Before computing the functional connectivity matrices, the high motion data censoring was performed. The procedure was conducted on the 42 patients resulting
after the exclusion of the 11 subjects not belonging to the PD or DLB clinical
category and of 6 patients for which the fMRI was not available. Table 3.2 reports, for all the considered patients, the percentage of discarded volumes, with
respect to the total number of volumes in the dynamic, obtained with different
FD thresholds (0.3mm, 0.4mm, 0.5mm, 0.6mm, 0.7mm).
Table 3.3 reports, for the different FD thresholds, the number of subjects resulting to have more than the 40%, 50% and 60% of censored volumes. We can
observe that the use of a restrictive FD threshold causes the discard of a significantly high number of volumes in the majority of subjects. In order to do
a compromise between the necessity to exclude highly corrupted data and the
contrasting necessity to preserve the biggest number of volumes as possible, the
FD threshold was fixed to 0.5 mm.
Considering the limited temporal duration of the fMRI acquisition (10 min), subjects for which the percentage of discarded volumes was higher than 40% (4 min),
for which we would have obtained unreliable FC estimates, were excluded from
the analysis. Indeed, the typical modular structure of the FC matrices resulted
to be lost in the cases of FC analysis performed with fMRI signals shorter than
6 minutes.
From Figure 3.7a we can observe that in the z Fisher FC matrix computed from
an fMRI signal in which 90% of volumes are discarded it’s not possible to identify
any pattern of functional connections; an analog conformation, however, can be
observed even in the subjects for which the 50% of volumes are censored.
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(a) 90% of discarded volumes

(b) 50% of discarded volumes
Figure 3.7: Framewise displacement and zFisher transformed FC matrix for subject GE11 (panel
a), with 90% of discarded volumes, and subject GE18 (panel B) with 50% of discarded volumes
(the red line shows the FD threshold of 0.5 mm)
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3.3.2

Functional Connectivity Matrices

After the evaluation and comparison of the dimensions of the defined cortical and
subcortical regions, by visual inspection of the boxplots showed in Figure 3.8, the
right and left Acumbens areas were excluded from the analysis since their dimensions resulted to be minimal for all the subjects.
The mean and coeﬀicient of variation of the z-Fisher transformed FC matrices
are shown in Figure 3.9.
Figure 3.10 depicts the average matrices for the two groups of the Aβ-negative
and Aβ-positive patients. The results for the two matrices are shown with the
same color scale and in the same range. From visual inspection, we can qualitatively appreciate higher correlation values in the positive subjects’ matrix than
in the negative subjects’ matrix.

Figure 3.8: Regions dimension: boxplots showing the variability among subjects of the region
dimension computed as the number of voxels belonging to the parcels in patients’ naive space (red
cycles indicate the boxplots related to the left and rigth Acumbens areas)
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3.3.3 Multi-threshold analysis of the graph metrics
Figure 3.11 and Figure 3.12 show, for each of the measures of node centrality, such
as the degree, strength and betweenness centrality, and of network segregation,
such as the clustering coeﬀicient and local eﬀiciency, computed from the average
FC matrix, the values of the metric among the nodes for the different choices of
the sparsity threshold. We can observe the tendency of the degree, strength and
clustering coeﬀicient to increase with the increment of the network density, and an
opposite trend for the BC and LE, which instead tend to decrease with more conservative thresholds. We can also observe how the results obtained with threshold
0.1 diverges with respect to other results, while for the highest thresholds of 0.5
and 0.6 we can note a reduced variability of the metrics among the nodes. Finally,
it’s interesting to highlight that, beyond the choice of the sparsity threshold to
apply, some areas in the limbic and in the somatomotor A networks, as well as
some subcortical regions, show low values for the centrality measures, both in
the right and left hemisphere. On the contrary, some regions belonging to the
ventral attention networks and the Thalamus show high centrality in the network.
Figure 3.13, Figure 3.14, and Figure 3.15 report the boxplots showing the variability of the node metrics among the subjects. Results are illustrated as examples
for only three of the five metrics, the strength, the betweenness centrality and the
local eﬀiciency, and for only three thresholds, representing the lowest (0.1) and
the highest (0.6) investigated thresholds and the sparsity threshold of 0.2, which
was selected for the subsequent analyses of the intergroup differences. The results
for the three sparsity thresholds are shown in the same range for each metric in
order to highlight value differences. Similar to what was observed for the average
matrix, there is a tendency for the strength to increase and for the BC and LE
to decrease with higher and more conservative thresholds, as well as a loss of the
internode variability. The variability among the subjects increases in the case of
the strength with the threshold value, while it decreases in the case of BC and
LE. The standard deviation (std) of the distribution of the metric among subjects
and regions for each threshold is reported in the figures.
Finally, Figure 3.16, Figure 3.17 and Figure 3.18 compare for the different sparsity
thresholds the trend among the nodes of the measures computed on the average
matrix and the median of the metrics computed at the single subjects’ level. Even
in this case, results are illustrated only for the strength, BC and LE metrics and
for the thresholds of 10%, 20% and 60% of sparsity; moreover, results are shown
in the same range for the different thresholds in order to allow direct comparisons.
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The sum of the square differences (SSD) between the median and mean values
for each threshold are reported in the figures.
In the case of the node degree and strength, we can observe a high overlap between the two tracts, in particular for the lowest thresholds, while more relevant
differences between the mean and the population analyses can be detected for the
BC, CC and LE node values, with the deviation particularly accentuated for the
lowest thresholds.

3.3.4

Intergroup Differences Analysis

No statistically significant differences have been found between the Aβ-negative
and Aβ-positive groups in terms of the mean FD and the number of volumes,
with a Rank Sum pvalue of respectively 0.63 and 0.40. Therefore, no differences
in terms of movement corrupting the data were found between the two groups.
In this section we will overview the principal results of the qualitative and quantitative analysis of network topology differences between the two groups.
Mean FC Matrices Comparison
Hubs identification was performed on the basis of the node degree computed from
the mean matrices of the two groups. From this analysis we obtain 21 hubs, listed
in Table 3.4, together with the label indicating the module to which they belong.
10 of these nodes (48%) result to be hubs or both the groups while the remaining
ones are different for the two classes.
In particular, among the subcortical regions, the left and right thalamus resulted
to be hubs in both cases. Among the cortical regions, we observe the permanence
of hub nodes in the left and right salience ventral attention A (ParMed 1 and
FrMed 1), the left control network C (pCun 2), the left Default A (pCunPCC 2),
the right somatomotor B (S2 2) and the right Dorsal Attention B (PostC 3).
On the other hand we could observe the loss of centrality in some of the hub nodes
in the left and right somatomotor A, ventral attention B, default B networks, left
control A network and in the right default A, while some non central regions
acquired more importance, such as regions in the left dorsal attention network
and areas in the left and right ventral attention, somatomotor B and the right
control C.
A visual representation of the cerebral areas resulting to have a central role in
the graph communication for one or both the groups is illustrated in Figure 3.19.
The stem graph in Figure 3.20, instead, shows the degree measure for the hub
nodes in the two groups.
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Concerning the modularity analysis, the distributions of the 10000 realizations
of the probabilistic computation of the modularity index in the two groups are
compared in Figure 3.22. The modularity statistics result to be higher for the
Aβ-negative than for the Aβ-positive group, with mode values respectively of
0.4331 and 0.4157 and median values of 0.4331 and 0.4212.
The results of the node assignment to modules are illustrated through a matrix
representation for the two groups in Figure 3.21. Looking at the color legend we
can observe that the network results to be subdivided into a bigger number of
modules in the case of the positive group. It is necessary to take into account
that the module assignment was performed separately for the two connectivity
matrices; consequently, there is not direct correspondence between the module
labels in the two groups. However, for both matrices, the nodes are principally
assigned to 3 modules, with labels 1,2 and 3 for the negatives’ matrix and labels
1,4 and 5 for the positives’ matrix. Differences in the pattern of the modules can
be observed.

Population Analysis
Figure 3.23, Figure 3.24, Figure 3.25, Figure 3.26, Figure 3.27 show the results
for the five nodal metrics computed at subject level for the two groups of the
Aβ-negative and the Aβ-positive PD patients. In particular, in each figure, the
first two panels show, for the two groups, the boxplots of the distributions of the
node metric values among the subjects; the third panel compares the medians of
the metric distributions in the two groups.
From a qualitative analysis of the results, we can observe low values of node
centrality measures of degree, strength and betweenness centrality for the limbic
areas, for both the groups, which tend to further decrease for the Aβ-positive subjects. Concerning the segregation measures, we can observe an overall increase
of clustering coeﬀicient and local eﬀiciency, particularly evident from the offset
between the tho median curves (Figure 3.26c and Figure 3.27c), except for the
limbic areas which show lower values for the segregation metrics. In addition, an
increase of the intersubject variability can be observed for the limbic areas.
The pvalues resulting from the rank sum tests are shown in Figure 3.28 and
Figure 3.29: in particular, for each of the metrics, only the pvalues inferior to
0.05 are shown, indicating the regions for which the metric is statistically different between the two groups. Among them, after the correction for multiple
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testing with the FDR control, no region results to be significantly different in the
two groups, neither for the centrality nor for the segregation measures.
The quantitative analysis of intergroup differences revealed for the Aβ-positive
with respect to the Aβ-negative subjects:
• decreased degree, strength and BC in the left limbic A and decreased degree
and strength in the right limbic B;
• increased degree, strength, CC and LE in the left somatomotor B and increased strength and LE in the right somatomotorB;
• increased strength in the left somatomotor and increased CC and LE and
decreased BC in the right somatomotor A;
• increased strength, CC and LE and decreased BC in the left dorsal attention
A and increased BC in the right dorsal attention A;
• increased CC and decreased BC in the right dorsal attention B;
• increased degree and strength in the right ventral attention A;
• increased CC in the left and right ventral attention B and reduced BC in
the right ventral attention B;
• increased CC and LE in the right default B;
• increased CC in the left peripheral visual network.
Concerning the modularity analysis, the visual inspection of the matrices showing
the network subdivision in modules, computed for the single subjects, revealed a
high variability of the results among the subjects, for both the groups. In particular, some of the matrices show a well defined modular structure, as in the case
of the mean matrices, while in other matrices this structure can’t be recognized.
Figure 3.31 reports some examples for the two groups.
Finally, the distribution of the probabilistic results obtained for the modularity
statistic through the various iterations of the algorithm for the different subjects
in the two groups is represented in Figure 3.30. No substantial differences can be
observed between the two distributions from a qualitative analysis. The quantitative assessment of intergroup differences, performed through a non parametric
hypothesis test considering the non gussianity of the distribution, revealed a significant difference, with a pvalue=6.7243e-95. We have to consider a possible bias
in the result due to the high numerosity of the distribution.
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Table 3.2: Discarded volumes(%)
at different
FD thresholds
(Thr1=0.3mm,Thr2=0.4mm,
Thr3=0.5mm,
Thr4=0.6mm,Thr5=0.7mmm)
for each subject
ID
GE06
GE07
GE10
GE12
GE13
GE14
GE16
GE17
GE18
GE21
GE22
GE25
GE26
GE37
GE46
GE56
GE57
GE58
GE59
GE60
GE61
GE62
GE63
GE70
GE71
GE73
GE74
GE75
GE76
GE77
GE79
GE80
GE83
GE84
GE85
GE86
GE87
GE88
GE89
GE90
GE91
GE93

Thr1

Thr2

Thr3

Thr4

Thr5

7
1
15
39
73
18
47
54
91
11
31
26
23
100
72
17
100
22
90
35
93
41
1
8
74
80
69
7
97
98
4
80
48
69
88
99
56
4
100
35
81
87

3
0
1
9
51
6
39
29
73
2
8
11
9
98
64
6
99
10
70
17
80
20
0
2
10
61
39
5
90
94
1
35
24
41
71
93
16
2
95
16
46
63

2
0
0
3
28
3
33
16
52
1
3
5
3
91
58
2
97
7
40
11
68
11
0
0
2
45
22
3
70
85
0
12
17
28
56
87
4
1
83
8
26
48

1
0
0
1
18
2
29
9
40
0
1
1
1
74
51
1
91
6
27
8
57
9
0
0
0
36
8
2
58
80
0
8
9
19
41
77
1
0
67
5
18
37

1
0
0
1
13
2
22
7
21
0
0
1
0
53
44
0
80
5
19
6
49
2
0
0
0
32
3
2
48
71
0
4
5
13
26
72
1
0
51
2
12
27

Table 3.3: Number of subjects with
more then 40%,
50% and 60% of
discarded volumes
after high motion
data censoring with
different FD thresholds

50

FD threshold

40%

50%

60%

0.3mm
0.4mm
0.5mm
0.6mm
0.7mm

24
16
12
9
8

21
14
10
8
5

19
13
7
5
3

(a) Mean

(b) Coeﬀicient of variation
Figure 3.9: Mean and coeﬀicient of variation of the functional connectivity matrices
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(a) Aβ-negative

(b) Aβ-positive
Figure 3.10: Mean functional connectivity matrices for the two subgroups
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(a) Node degree

(b) Node strength

(c) Node betweenness centrality
Figure 3.11: Node centrality measures of the avarage FC matrix at the different thresholds
(metric values corrisponding to different thresholds are shown in different colours)
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(a) Node clustering coeﬀicient

(b) Node local eﬀiciency
Figure 3.12: Network segregation measures of the average FC matrix at the different thresholds
(metric values corresponding to different thresholds are shown in different colors)
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(a) Sparsity 0.1 (std= 11.7303)

(b) Sparsity 0.2 (std = 15.6693)

(c) Sparsity 0.6 (std = 20.4901)
Figure 3.13: Variability of the node strength values among subjects at different thresholds (the
standard deviation (std) of the distribution of the metric among subjects and regions is reported
for each threshold)
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(a) Sparsity 0.1 (std = 0.0098)

(b) Sparsity 0.2 (std = 0.0068)

(c) Sparsity 0.6 (std = 0.0098)
Figure 3.14: Variability of the node betweenness centrality values among subjects at different
thresholds (the standard deviation (std) of the distribution of the metric among subjects and
regions is reported for each threshold)
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(a) Sparsity 0.1 (std = 0.2059)

(b) Sparsity 0.2 (std = 0.1354)

(c) Sparsity 0.6 (std = 0.0922)
Figure 3.15: Variability of the node local eﬀiciency values among subjects at different thresholds
(the standard deviation (std) of the distribution of the metric among subjects and regions is
reported for each threshold)
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(a) Sparsity 0.1 (SSD=1387.9)

(b) Sparsity 0.2 (SSD=3111.2)

(c) Sparsity 0.6 (SSD=9104.6)
Figure 3.16: Mean vs median values of node strength at different sparsity thresholds: the
medians of the distributions of values among subjects are shown in orange while the values of the
metric computed from the avarage FC matrix are shown in blu (the sum of the square differences
(SSD) between the median and mean values are reported for each threshold)
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(a) Sparsity 0.1 (SSD=0.0145)

(b) Sparsity 0.2 (SSD=0.0093)

(c) Sparsity 0.6 (SSD=0.0047)
Figure 3.17: Mean vs median values of node betweenness centrality at different sparsity
thresholds: the medians of the distributions of values among subjects are shown in orange while
the values of the metric computed from the avarage FC matrix are shown in blu (the sum of the
square differences (SSD) between the median and mean values are reported for each threshold)
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(a) Sparsity 0.1 (SSD=2.7923)

(b) Sparsity 0.2 (SSD=1.9837)

(c) Sparsity 0.6 (SSD=0.2757)
Figure 3.18: Mean vs median values of node local eﬀiciency at different sparsity thresholds: the
medians of the distributions of values among subjects are shown in orange while the values of the
metric computed from the avarage FC matrix are shown in blu (the sum of the square differences
(SSD) between the median and mean values are reported for each threshold)
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Table 3.4: List of hub nodes with the respective module assignment (M) for the Aβ-negative
group and the Aβ-positive group; nodes resulting hubs in both groups are shown in bold
(a) Hubs for Aβ-negative group

(b) Hubs for Aβ-positive group

Node

M

Node

M

Left SomMotA 1
Left SalVentAttnA ParMed 1
Left SalVentAttnA FrMed 1
Left SalVentAttnB PFCl 1
Left ContA PFClv 1
Left ContC pCun 2
Left DefaultA pCunPCC 2
Left DefaultA pCunPCC 3
Rigth SomMotA 3
Rigth SomMotB S2 2
Rigth DorsAttnB PostC 3
Rigth SalVentAttnA FrMed 1
Rigth SalVentAttnA ParMed 2
Rigth SalVentAttnB PFCl 1
Rigth SalVentAttnB PFCmp 1
Rigth ContA PFCl 1
Rigth DefaultA IPL 1
Rigth DefaultB PFCv 1
Left Subcortical Thalamus
Left Subcortical Caudate
Right Subcortical Thalamus

2
2
2
3
3
1
3
3
2
2
1
2
2
2
3
2
3
2
2
3
2

Left SomMotB S2 1
Left SomMotB S2 3
Left DorsAttnB PostC 4
Left DorsAttnB FEF 1
Left SalVentAttnA Ins 1
Left SalVentAttnA ParMed 1
Left SalVentAttnA FrMed 1
Left ContC pCun 2
Left DefaultA pCunPCC 2
Rigth SomMotB S2 1
Rigth SomMotB S2 2
Rigth DorsAttnB PostC 3
Rigth SalVentAttnA ParOper 1
Rigth SalVentAttnA FrOper 1
Rigth SalVentAttnA FrMed 1
Rigth SalVentAttnA ParMed 2
Rigth ContA PFCl 2
Rigth ContC pCun 2
Rigth DefaultA PFCm 3
Left Subcortical Thalamus
Right Subcortical Thalamus

1
1
4
4
1
1
1
1
5
1
1
1
1
1
1
1
5
5
5
5
1

Figure 3.19: Visual representation of the cortical regions acting as hubs in the Aβ-negative group
(red), in the Aβ-positive group (blue) or in both groups (purple)
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Figure 3.20: Degree values for the nodes resulting hubs in the two groups: results are
represented in orange for the Aβ-negative group and in blue for the Aβ-positive group

(a) Aβ-negative group

(b) Aβ-positive group

Figure 3.21: Module assignments for the Aβ-negative and the Aβ-positive groups
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(a) Histograms

(b) Boxplots

(c) Violin plots
Figure 3.22: Variability of modularity realizations computed from the FC mean matrices of the
Aβ-negative and Aβ-positive groups
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(a) Node degree variability among Aβ-negative subjects

(b) Node degree variability among Aβ-positive subjects

(c) Median values of node degree for Aβ-negative and Aβ-positive subjects
Figure 3.23: Comparison of node degree values between Aβ-negative and Aβ-positive subjects
(the principal differences are highlighted by the red arrows)
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(a) Node strength variability among Aβ-negative subjects

(b) Node strength variability among Aβ-positive subjects

(c) Median values of node strength for Aβ-negative and Aβ-positive subjects
Figure 3.24: Comparison of node strength values between Aβ-negative and Aβ-positive subjects
(the principal differences are highlighted by the red arrows)
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(a) Node BC variability among Aβ-negative subjects

(b) Node BC variability among Aβ-positive subjects

(c) Median values of node BC for Aβ-negative and Aβ-positive subjects
Figure 3.25: Comparison of node BC values between Aβ-negative and Aβ-positive subjects (the
principal differences are highlighted by the red arrows)
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(a) Node CC variability among Aβ-negative subjects

(b) Node CC variability among Aβ-positive subjects

(c) Median values of node CC for Aβ-negative and Aβ-positive subjects
Figure 3.26: Comparison of node CC values between Aβ-negative and Aβ-positive subjects (the
principal differences are highlighted by the red arrows)

67

(a) Node LE variability among Aβ-negative subjects

(b) Node LE variability among Aβ-positive subjects

(c) Median values of node LE for Aβ-negative and Aβ-positive subjects
Figure 3.27: Comparison of node LE values between Aβ-negative and Aβ-positive subjects (the
principal differences are highlighted by the red arrows)
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(a) Node degree

(b) Node strength

(c) Node betweenness centrality
Figure 3.28: Node centrality measures resulting significantly different between the Aβ-negative
and the Aβ-positive subjects (pvalues<0.05)
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(a) Node clustering coeﬀicient

(b) Node local eﬀiciency
Figure 3.29: Node segregation measures resulting significantly different between the Aβ-negative
and the Aβ-positive subjects (pvalues<0.05)

Figure 3.30: Modularity statistic for the Aβ-negative and the Aβ-positive subjects
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(a) Aβ-negative subjects

(b) Aβ-positive subjects
Figure 3.31: Examples of module assignments for Aβ-negative and Aβ-positive subjects
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4

Discussion
4.1

Preprocessing of Magnetic Resonance Data

The preprocessing phase consisted of all the standard steps of segmentation
and coregistration of the structural and functional images. These tasks were performed through the employment of an already implemented preprocessing pipeline
which follows the Minimal Preprocessing by Glasser et al. [1], but some changes
were necessary in order to overcome the different problems which arose from the
actual application to a patients’ dataset.
Among these, some of the principal issues were related to the acquisition sequencing of the late phase T1 weighted image. This sequence was not consistent
for the whole dataset because of the change of the acquisition parameters during
the long period of data collection. In particular, the sequence adopted in the
first period of scans for the acquisition of the late T1 image was different from
the one used for the early phase anatomical image and it didn’t provide the fat
saturation: these aspects brought non-negligible problematics during the steps of
the skull stripping and coregistration of the anatomical images.
Other problems were due to the pathologic conditions of the subjects. A substantial number of patients showed a high level of atrophy and this caused problems principally during the coregistration of the volumetric parcellation to the
functional MR images. Moreover, the dataset was inevitably corrupted by high
movement due to the motor symptoms typical of Parkinson’s syndrome, like resting tremors and involuntary movements, but also to the cognitive deficits which
made the subjects often unable to cooperate.
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In this section we will discuss the results gained through ad hoc strategies and
adjustments of the standard pipeline.
4.1.1 Preprocessing and Coregistration of anatomical images
Brain extraction of the anatomical images
The extraction of non brain tissues, such as the skull, fat, muscle, scalp, neck and
eyeballs from the anatomical MR images of the head was one of the most critical
steps, due to the diﬀiculty to clearly identify the boundaries between brain and
non brain tissues, especially those between the grey matter and meninges. Preceding all the fundamental steps of automated image processing, the accuracy of
brain extraction has a profound impact on the quality of the subsequent elaborations. Therefore, it is fundamental to guarantee high precision in the delineation
of the brain mask.
The brain extraction algorithm provided by the Advanced Normalization Tool
consists of an atlas-based method in which an expert-defined segmentation performed on a reference space, the atlas, coregistered to the target image, is used
as a prior for extracting the brain from the target image. Most of the errors are
generally made in the attempt to register the labeled image to the target one
[80]. These problems are particularly evident in the case in which the prior given
by the atlas results too different from the image to process, like in the example
in Figure 3.1c in which the anatomical image shows an anomalous position and
inclination of the head, with an accentuated pitch rotation, but also a particular
shape of the head, with an anterior-posterior extension shorter than usual.
These aspects are particularly relevant since the registration is performed on almost raw images, in which only the field inhomogeneities correction has been
performed, where high inter-subject variability is introduced by the non brain
tissues of the head and the face.
As we can observe from Figure 3.2, the use of the MASS approach, exploiting
not a unique but a set of templates in which the brain mask is defined, brought
substantial improvements. Indeed, the multi-atlas method allows to better capture the population variability; moreover, when registered to the target image, the
atlases can correct errors among each other, thus providing increased accuracy
and robustness [62]. Finally, the use of a weighted voting strategy in which more
weight is assigned to the atlases which are more similar to the target guarantees
better performances.
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Despite the substantial advantages brought by the employment of this new approach, the analysis of the results showed that the brain extraction was not successfully performed for all the subjects. Indeed, the high atrophy and movementrelated artifacts made the delineation of the border between brain and non brain
tissues highly challenging. Figure 3.3a and 3.3b show how errors in the brain
extraction propagate to subsequent analysis steps, such as the registration to a
reference space. This example represents an extreme case of failure of the skull
stripping procedure but even milder errors can have a profound impact on the
subsequent preprocessing steps.
While the MASS method was not able to guarantee suﬀiciently accurate results,
we decided to exploit the SPM segmentation which resulted to be a more robust
strategy.
The above-mentioned problems were encountered for both the early phase and
the late phase T1 weighted images. Concerning the late phase anatomical images, the preprocessing resulted particularly problematic for the subjects who
had undergone the scans in the first period of the data collection since the image
acquisition had been performed without fat saturation. This aspect generally has
a big impact on the brain extraction performances: indeed, in the case in which
the brain extraction algorithm is not able to identify the grey matter pial surface
and the meninges are included in the brain mask, since the meninges are hyperintense and therefore similar in intensity to the bone tissues, the algorithm fails
to distinguish the two tissues and, as a consequence, the extracted mask results
to include big portions of non brain tissues.

Normalization
The MNI atlas is a brain template representative of a healthy and physiological morphology of the brain. Due to the atrophy affecting most of the patients
included in the present study, the MNI 152 Atlas resulted to be an unreliable
reference for the dataset. This can easily be deduced by looking at the shape of
the ventricles in Figure 3.5, which appears highly dilated. However, the principal
problematics are related to the cortical areas of the brain where we can observe
the shrinkage of the gyri and the widening of the sulci interposed between them,
resulting from the loss of portions of cerebral matter.
The MNI atlas was not able to fit the overall shrinkage of brain cortical tissue. In
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this sense, the MCI and AD disease-related atlases, from the ADNII project, represented a more proper alternative. Indeed, the highly atrophied brain morphology,
which characterizes Alzheimer’s syndrome, both in the cases of frank dementia
and mild cognitive impairment, is more similar to the anatomical conformations
observed in our dataset, composed of cognitively impaired PD or DLB patients.
The normalization results showed a high improvement and the atlas better fitted
the atrophied conformation of the cortical areas. The employment of the ADNII
Atlases didn’t allow a perfect match between the atlas and the patient’s T1 image,
especially in the cortical areas, where the brain gyri were not perfectly registered,
but results were suﬀiciently accurate for the aim of the work, considering the
voxel size of 3x3x3mm3 of the EPI images. In particular, the MCI atlas resulted
to be a proper compromise in order to guarantee a good normalization both in
the presence of mild and severe atrophy.
Considering the challenge to normalize a highly heterogeneous set of the early
phase anatomical images to a unique template and the impact of the brain extraction errors on the normalization step, there was the necessity for a compromise
in the evaluation of the registration performances. The results were suﬀiciently
accurate for the region-based functional connectivity analysis to be conducted.

Coregistration of the anatomical images
The results obtained through the rigid and the aﬀine spatial transformations
were highly dependent on the accuracy of the brain extraction, despite the aforementioned strategies had allowed minimizing the errors computed in the skull
stripping procedure. Coregistration errors, despite minimal if compared to the
misalignments observed for the normalization results, were unacceptable considering that the spatial transformation was computed between highly similar images
acquired on the same subject at a negligible distance in time.
These errors were particularly evident for the group of the first subjects, whose
anatomical images were acquired with different sequences in the two phases of the
acquisition, therefore introducing different types of deformations in the images.
The estimate of a diffeomorphism, and so of non-linear transformation, allowed
dealing successfully with the small local deformations [81] of the different imaging
sequencing.
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4.1.2

Preprocessing and Coregistration of functional images

The standard procedure allowed the correction of the readout distortions and of
the motion component on the data, as well as the regression of movement parameters and of the mean signals from the white matter and the CSF and finally
the temporal filtering of the dynamic data. The coregistration of the structural
segmentation, on the other hand, allowed both the segmentation of subcortical
areas and the identification of functional regions in the cortical areas, thanks to
the union of the two different parcellations.
The final results of the coregistration procedure were suﬀiciently accurate for
the region-level analysis to be conducted. However, because of the high atrophy
of the brain, the preprocessing procedure was not able to guarantee a perfect
overlap of the Schaefer’s parcels to the thinned cortical grey matter. As a consequence, the parcels resulted to include also non grey matter tissues. Moreover,
as we can observe from Figure 3.6a, signal dropout was particularly present in
the orbitofrontal areas, due to the air in the sinuses, which causes susceptibility
gradients in correspondence of the interfaces between air and tissues. The intersection of the registered Schaefer parcellation with the brain mask extracted from
the SBRef image allowed the exclusion of the regions which were more affected by
the signal dropout; the intersection with the grey matter mask, allowed avoiding
partial volume problems, still present despite the regression step.

4.2

Functional Connectivity Analysis

In this second section we will discuss all the principal results of the functional
connectivity analysis, concerning the high motion data censoring, the computation and thresholding of the FC matrices, and finally the analysis of intergroup
differences through network metrics.

4.2.1

High motion data censoring

Head motions, even minimal, cause the alteration of BOLD signals in the voxels
and the introduction of motion-related artifacts in the image. As a consequence,
the BOLD signal can not be considered a reliable measure of the activity in the
brain, since the signal intensity reflects also the undesired movements of the head
[66]. Studies by Power et al.[65] demonstrated that changes to the fMRI timecourses are still relevant even after the realignment of the volumes through spatial
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registration and the regression of the motion parameters: indeed, these two steps,
despite essential, are not able to completely correct the BOLD signal alterations.
These errors propagate to the subsequent connectivity analysis with spurious correlations which tend to obscure the effective patterns of functional connections.
The high motion data censoring, allowing the exclusion of the most contaminated data, has a strong impact in enhancing the quality of data [65]. In our
case, it represented a fundamental step considering the high motion component
corrupting the dataset. In particular, the choice of the FD threshold of 0.5 mm,
as suggested by this study by Power et al.[65], allowed us to discard only the most
critical volumes. Despite stringent thresholds have been suggested by Power and
colleagues in their recent studies[67, 82] on healthy cohorts, working with a patients’ dataset, with high motion component corrupting the data due to motor
symptoms of Parkinson’s disease, there is the necessity to be more tolerant in the
choice of the FD threshold.
This compromise allowed us to guarantee, in the majority of the subjects, a
number of dynamic samples which was suﬀicient to obtain reliable FC estimates.
Indeed, the study by Van Dijk et colleagues [83] on the effect of run length on functional connectivity studies has demonstrated that the correlation estimates are
stable in acquisitions lasting more than 5 minutes and that precision of estimates
increases with the duration. The visual inspection of FC matrices computed with
less than 50% of preserved volumes, as we can see in Figure 3.7, confirmed the unreliability of correlation strengths estimated from BOLD signals lasting less than
5 minutes. More recently, Birn et al. [84] have suggested a minimum of 13 min
of duration, which is not available in our case, to guarantee the reliability and
reproducibility of FC estimates; however, the majority of current resting state
functional connectivity studies are still based on 5–7 minutes of fMRI. Indeed,
longer dynamics are often not available, especially for datasets coming from the
clinical environment.

4.2.2 Functional Connectivity Matrices
The mean FC matrix (Figure 3.9) shows a well defined structure in which it is
possible to recognize commonly known functional connections. For example, the
functional blocks representing the connections of the visual areas within and between the left and right hemispheres show high correlation values; within the
visual modules, in particular, the sub-blocks corresponding to the central and
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peripheral visual networks show higher correlation values. Similarly, strong correlations can be detected within the sensorimotor, the dorsal attention and the
ventral attention network, but also within the DMN and the control network,
both in terms of intra and interhemispheric connections. The DMN and control
network, in particular, result highly interconnected while, as we could expect, the
areas belonging to the default mode network, which is known to be involved in
introspective functions, are anticorrelated with the sensorimotor and visual areas,
which indeed are networks involved in the interaction with the external world.
Finally, a high anticorrelation can be observed between the DMN and the DAN,
which indeed are known to be involved in opposite functions and generally show
anticorrelated activity in the brain [37].
This pattern of functional connectivity, and in particular the anticorrelation of
default and attention networks and the overall stronger intra-network connectivity with respect to inter-network connectivity, is in line with the structure of the
average FC matrix of healthy subjects (Figure 4.1) reported in the study by Kliemann and colleagues, who employed the Schafer parcellation of cortical areas into
400 functional parcels for the analysis of differences between intrinsic functional
networks in healthy controls and hemispherectomy subjects [85].
A high symmetry can also be observed in the structure of the functional blocks
between the left and right hemispheres even if higher correlation strengths are reported for the left hemisphere. That’s a reasonable result since intrinsic functional
networks are typically bilaterally distributed across the cerebral hemispheres
[86, 85].
The identification of sensible patterns in the functional connectivity matrices corroborates the reliability of our results.
Concerning the subcortical areas, it is interesting to observe how Thalamus, Caudate and Putamen result strongly interconnected, both within and between the
two hemispheres, while Pallidum, Hippocampus and Amygdala seem to be isolated from the other subcortical areas. Even in terms of the communication with
the cortical areas, stronger correlations are detected for the Thalamus, Caudate
and Putamen with respect to Pallidum, Hippocampus and Amygdala.
The right and left Acumbens areas were excluded from the connectivity analysis
in consideration of their highly reduced dimension, compared to the other regions,
which made the average signal not suﬀiciently robust and reliable; moreover, the
dimension resulted null in many of the subjects.
A well-delineated structure can be recognized even in the average matrices computed separately for the two groups (Figure 3.11). The positive group matrix,
79

in particular, shows higher integration of the visual, somatomotor and ventral
attention networks. These results were confirmed by the modularity analysis conducted on the two mean FC matrices: indeed, as we can observe from Figure
3.23, while the brain areas belonging to the visual, somatomotor and the dorsal
and ventral attention network result to be subdivided into two different modules
in the case of the Aβ-negative group, they result almost all clustered into the
same functional module for the Aβ-positive group, as a consequence of the higher
integration among these networks. Higher correlations are also reported for the
control and the default and between the two networks.
This increase in functional connectivity is not strange in the field of neurodegenerative disorders. Indeed, a hyperconnectivity of the salience and the default
mode network has been reported for Aβ-positive AD patients with low neocortical tau protein levels, while decreased connectivity was demonstrated in case of
high tau deposition, suggesting a hyperconnectivity phase preceding the disease
progression [87]. Similarly, the study by Gorges et al. [43] has reported higher
functional connectivity in the DMN, the frontoparietal control, the ventral attention and the motor networks preceding the cognitive decline in PD, suggesting a
compensatory response to damage. In this regard, a more detailed comparison
with these results is not possible, since in our case the PD patients’ classification
was not performed according to the level of the cognitive impairment but to the
Aβ-amyloid burden.
While the averaging of the functional connectivity matrices, enhancing the signal
to noise ratio, allowed the detection of the functional patterns, the well defined
structure was not so clear in all the single subjects’ FC matrices, which showed
a high variability; however, the visual network and default mode network were
recognizable in almost the whole group. This aspect is confirmed by the high
variability of the modularity estimates that we obtained for the single subjects,
ranging from a minimum of 0.2 to a maximum of 0.43.
The standard deviation matrix, ranging from 0.1 to 0.3, reflects the high variability among the subjects. A deeper inspection through the analysis of the coeﬀicient
of variation shows a lower variability for the functional blocks characterized by
strong correlations, including the visual, the dorsal attention and the default network, and this enforces the reliability of the above considerations (Figure 3.10).
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Figure 4.1: Intrinsic functional networks: first panel at bottom left (CNT) shows the average FC
matrix for a healthy cohort computed with a Schaefer parcellation of cortical areas

4.2.3

Multi-threshold analysis of the graph metrics

The choice of the threshold to apply to the functional connectivity matrices before computing the graph measures is generally a critical step.
The use of the sparsity threshold was particularly advantageous since it allowed
obtaining functional networks with the same density and so number of edges: this
is fundamental when there is the need to compare more than one connectome,
due to the dependency of the graph measures on the number of nodes and edges
in the network [78, 69, 4]. However, there is still no general agreement among
researchers on the value to adopt for the sparsity threshold: this choice should
be a proper compromise between the necessity to discard the non significant connections and the opposite one to preserve the useful information.
The instability of network measures across different density thresholds has been
demonstrated by Garrison and colleagues [3]. Our strategy was to perform a
multi-threshold study in order to evaluate the consistency of the results at the
different sparsity values and to identify a proper threshold to assume.
From the trends of the various node metrics computed from the mean FC matrix, after thresholding at different densities (Figure 3.11 and Figure3.12), we can
observe how the use of higher and more conservative thresholds strongly reduces
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the variability among the nodes. Indeed, the use of a higher threshold causes
the inclusion of lower correlations, which have a higher probability of being spurious, thus introducing a higher degree of randomness in the resulting network
which tends to obscure the effective topology of the network. On the other hand,
the trends obtained with the 10% density threshold appear highly different with
respect to the others and this is probably due to the loss of significant correlations.
From Figure 3.3, Figure 3.4 and Figure 3.5 it’s also possible to observe that
while the values and the intersubject variability of the metric increase with the
network density in the case of the strength, on the contrary they decrease for the
BC and LE. Indeed, the inclusion of the lower and non significant correlations
cause the loss of the small-world property of the network. BC and LE in particular result to be more affected by the noise on data which obscure the variability
of the network topology among the subjects.
For all the thresholds adopted, a wide difference was observed for the BC (Figure
3.7), CC and LE (Figure 3.8) between the nodal values of the metrics computed
from the average FC matrix and the median of the metrics describing the networks segregation of the single subjects’ connectomes. These results could be
expected since the analysis conducted on the mean FC matrix, despite robust,
thanks to the averaging of the subject’s correlation matrices, which allows enhancing the SNR of the signal, has the disadvantages to sacrifice subject-specific
variations. On the other hand, a high correspondence was observed for the degree
and strength (Figure 3.6). That was the reason why the analysis of the average
connectivity matrices was based only on the nodal degree metric, while for the
other metrics we performed a population study.
To date, the use of a subject specific approach to the study of fMRI is still under investigation, mainly because of the lack of appropriate analytical methods
to achieve adequate reliability at the single-subject level. However, there is a
growing interest in the research field in the development of new procedures which
could allow a robust identification of intrinsic connectivity networks [88, 89, 90].
The identification of resting state networks at the single subject level and the
analysis of their alterations in case of pathologic conditions could allow the identifications of subjects specific biomarkers for the diagnosis and monitoring of the
disease progression.
However, the density threshold of 20% was believed to be the most proper for the
analyses to be conducted. This choice was in line with the range of proportional
thresholds, from 5 to 40%, suggested by Fornito and colleagues [76] who suggested that lower thresholds would bring excessive network fragmentation, while
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at higher density networks would tend toward randomness.
4.2.4

Intergroup Differences Analysis

Since the absence of significant differences between the two groups in terms of
movement corrupting data was quantitatively assessed through hypothesis tests,
no regressors had to be included in the subsequent intergroup analysis. In the following, we will discuss the major results of the mean and the population analysis
of the intergroup differences in the graph metrics. These results suggest an overall
functional reorganization of the brain network in response to neurodegenerative
processes, both in terms of the segregation of the functional networks and of the
distribution of the core nodes which guarantee the integration of the different
networks. These findings are in line with similar studies conducted on PD or AD
patients [91, 92, 43, 47, 46].

Mean FC Matrices Comparison
The identification of the hub nodes revealed a profound reorganization of the
brain functional structure, with only 48% of the selected nodes being hubs in
both groups. No relevant changes were detected in the subcortical areas, among
which the left and right thalamus resulted to be hubs. Concerning the cortical
areas instead, some regions belonging to the somatomotor, the ventral attention
and the dorsal attention networks experienced a loss or an increase of their centrality within the network.
These regions, therefore, showed high vulnerability to the neurodegenerative processes that cause the deposition of β-amyloid plaques.
Studies of the hubs structure in AD showed a high β-amyloid deposition in cortical
nodes selected as hubs [91], corroborating the hypothesis that the hubs could be
primarily involved in pathological processes underlying AD. Indeed, these nodes
result to be strongly affected by the disease and experience a loss of centrality
within the network [92].
Given the proven relationship between the amyloid burden and the progression
to cognitive impairment in PD patients [19], our findings are in line with the
reorganization of the hubs structure reported by Baggio et al. [47] in the study
of cognitively impaired PD patients.
Similarly, both studies reported changes in the modularity statistic, and so a different tendency of the network to be decomposed into modules. However, while
Baggio et al. reported an increment of modularity for the MCI PD patients (0.4)
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with respect to non MCI PD ( 0.35 ), in our case we could observe a statistically
significant reduction of the modularity of the graph, going from a median value
of 0.4331 in the Aβ-negative to 0.4212 in the Aβ-positive group. We have to take
into account that while Baggio et al. employed an anatomical parcellation of
the brain, we decided to subdivide the brain into functional parcels; as suggested
by Rubinov and Spoon, networks constructed using distinct parcellation schemes
may significantly differ in their properties and cannot, in general, be quantitatively compared. That’s probably the reason for the numeric difference existing
between the modularity estimates. Moreover, while in the study by Baggio the
PD patients were classified according to the cognitive status, so following the patients’ rating in clinical cognitive tests, and included only unimpaired or mildly
impaired PD patients, in our case the group division was performed according to
the amyloid deposition and the studied cohort covered a much wider spectrum of
the cognitive decline, with the inclusion of demented patients. Therefore, there is
not a direct correspondence of the two populations which were compared in the
two studies and this could justify the opposite trends which were reported for the
modularity coeﬀicient.
Graph theory based studies of functional connectivity alterations in AD reported
a reduction in modularity with an increase of the Clinical Dementia Rating (CDR)
[92].
A topological reorganization can be revealed from the community structure matrices too. Indeed, despite the nodes result being principally assigned to 3 modules
in both groups, changes in the module patterns can be easily observed. In particular, a high correspondence can be observed between module 3 of Aβ-negative
and module 5 of the Aβ-positive, which include the nodes of the ventral attentive
B, the control and the default networks but also some of the subcortical areas;
on the other hand, while in the negative group we can identify one module composed by the visual, the somatomotor A and the dorsal attention networks and
one including the somatomotor B and the ventral attention A, in the positive
group these nodes, except for few areas of the somatomotor A and of the dorsal
attention B, result to be all assigned to a unique module.

Population Analysis
The population analysis of the intergroup differences allowed us to investigate in
deeper the topological changes linked to the amyloid burden.
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The use of a population approach was particularly necessary in the case of the
CC and LE metrics, given the high discordance between the network measures
obtained from the average matrices and the median of the subject’s results, as we
discussed in the section related to the multi-threshold study. The quantitative
analyses of intergroup differences showed an overall increase of the two segregation measures for the Aβ-positive subjects.
This is in line with findings by Baggio and colleagues [47] and by Lin and colleagues [46] which revealed an increase both in global ad local measures of network
segregation. In both cases, a more detailed comparison is not possible, given the
difference in the volumetric parcellations which were adopted for the region based
connectivity analysis. On the contrary, graph applications to the study of the
neurodegenerative disorders in Alzheimer demonstrated the loss of small-world
properties, characterized by a significantly lower clustering coeﬀicient, indicative
of disrupted local connectivity [93, 92].
Another interesting result was the increase of degree and strength for nodes belonging to the somatomotor B and the right ventral attention A and the reduced
BC in the right somatomotor A and the right ventral attention B. These findings
are in line with the analysis of hub nodes performed on the average matrices and
suggest the key role of the nodes belonging to the somatomotor B and the ventral
attention A networks. Finally, it is interesting to notice the simultaneous loss of
centrality in the left dorsal attention A and increased importance for the right
dorsal attention respectively detected by decreased and increased betweenness
centrality.
Attention networks are highly studied in the literature on neurodegenerative disorders. Concerning PD, the DAN and VAN alterations have been associated with
cognitive decline. Among the others, Gorges et al. Gorges and colleagues [43]
reported significantly higher functional connectivity in the ventral attention for
cognitively intact PD patients while decreased functional connectivity within the
dorsal attention network in cognitively impaired PDs.
The population analysis revealed an alteration of the topology of the brain functional networks, despite these differences resulted to be no statistically significant
after correction for multiple testing, possibly because of the high heterogeneity
in the network. We have to take into account that the single-subject approach
to the study of functional connectivity, despite particularly appealing, given the
possibility to account for the subject-specific variation, is to date still challenging
and under-investigated.
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Conclusion
Parkinson’s syndrome is characterized by a complex clinical picture, with the concomitance of motor [7] and non-motor symptoms [6]. Among these, the progression to a status of cognitive impairment has a profound impact on the patient’s
quality of life. Considering the high incidence [16, 17] and the severity of the
symptoms [15], there is an urgency to identify robust strategies allowing early
identification of the onset of cognitive impairment.
In this regard, the resting state fMRI analysis of the brain functional connectivity has demonstrated good potentialities for the study of functional alterations
associated with the motor and non-motor symptoms in PD [40, 41, 42, 43, 33, 44].
More recently, the employment of [11C]Pittsburgh compound B PET imaging
on parkinsonian patients has allowed the assessment of abnormal β-amyloid burdens [14] and longitudinal studies have suggested its role in promoting cognitive
decline [19]. These findings show the potentiality of a diagnostic strategy integrating both functional MR and PET imaging techniques for the simultaneous
detection of functional connectivity and β-amyloid deposition.
The aim of our study was the investigation of possible differences in the wholebrain functional connectivity between Parkinson’s disease patients classified, according to the pattern of the amyloid deposition, as Aβ-negative or Aβ-positive,
in order to get a better understanding of the relationship between functional connettivity alterations and the deposition of β-amyloid.
We employed a graph theory based approach, which allowed the description,
through simple and easily interpretable metrics, of the complex system of the
cerebral functional networks and the evaluation of the topological reorganization
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linked to the amyloid deposition in presence of α-synuclein pathology, which is
the principal principal hallmark of PD.
To our knowledge, the applications of the graph theory to the analysis of functional connectivity alteration in cognitively unpaired PD patients are still limited
[47, 46], despite the big advantages offered by this approach. Similarly, to date,
possible relationships between functional connectivity alterations and the amyloid patterns are under-investigated, while similar studies have shown interesting
results for the AD clinical category [54, 55, 56].
As we could expect, the analysis of the available dataset brought some relevant
issues, especially during the preliminary phase of data processing. Consequently,
a substantial part of the work consisted in the elaboration of ad hoc adjustments
to a state-of-the-art preprocessing pipeline [1] in order to enhance the quality of
the images and perform the necessary steps of image segmentation and coregistration. The principal problems we had to face were linked, on one side, to the high
motion component corrupting the data, as we could expect considering the motor
and cognitive symptoms; on the other side, some problems were related to the
clinical acquisition protocol. However, the use of alternative ad hoc strategies for
the steps of brain extraction, normalization and coregistration guaranteed good
quality for the final preprocessed images.
The fine tuning of the preprocessing pipeline allowed obtaining reliable estimates
of the FC matrices and the mean FC matrices for both the whole cohort and the
two groups of subjects showed well known functional patterns, in line with recent
literature [85].
Since no agreement exists for the threshold to apply to the FC matrices in order to delate spurious non-relevant connections, a multi-threshold analysis was
performed to evaluated the effect of different sparsity on graph measures of node
centrality and network segregation. This study confirmed the instability of network measured across density thresholds suggested by Glasser et al.[1]
The mean analysis of topological differences in the functional networks between
the Aβ-negative and the Aβ-positive group revealed that, beyond the cognitive
status of the subjects, abnormal amyloid deposition is associated with an overall
reorganization of the brain functional networks, both in terms of the hubs structure, which resulted to be highly vulnerable to the neurodegenerative processes,
and in terms of the module structure. In addition, despite not statistically significant after correction for multiple comparisons, results from the single-subject
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analysis showed a trend to increase for the clustering coeﬀicient and local eﬀiciency in Aβ-positive group, suggesting an increase of networks segregation.
Given the proven relationship between the amyloid burden and the progression
to cognitive impairment in PD patients [19], these findings are in line with the
literature on cognitive impairment in PD, which has reported increased network
segregation and altered distribution of the hub nodes within the network for mild
cognitive impaired PD patients [46, 47]. Similarly, graph theory application to
the study of functional alterations in AD demonstrated the high vulnerability of
the hub nodes, which result strongly affected by amyloid deposition [92, 91].
Despite the highly interesting findings, we are aware that the study suffers from
some limitations.
The first limit is represented by the relatively low number of subjects involved
in the analysis, even if well representative of both the classes of subjects, being
composed of 19 negative and 10 positive subjects.
Moreover, the dataset was highly heterogeneous in terms of the pathologic conditions of the patients, diagnosed with PD or DLB and with cognitive impairment
ranging from mild cognitive impairment to frank dementia. This aspect made the
comparison with the research literature particularly challenging and could limit
the extension to other datasets.
A deeper investigation of the relationship between the amyloid burden and the
functional connectivity networks should be performed through the comparison of
the pattern of the protein deposition in the brain and the pattern of functional
alterations. Multimodal PET/MR studies in AD have revealed high overlaps between the amyloid deposition and the resting state core regions, such as the DMN
[54, 55], which generally show reduced connectivity in AD, and significant correlations have been found between the amyloid load and MR measures of structural
and functional connectivity.
Moreover, further studies should include clinical information on the stage of the
cognitive decline of the patients in order to investigate possible correlations between the cognitive deficits, the functional alterations, and the proteinopathies
underlying the pathology.
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